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Abstract

Digital media creators, including video editors, live streamers, and game developers, rely on di-
verse creativity tools such as game engines, video editing software, and live streaming platforms
to produce their work. These ecosystems are powerful, however they often impose constraints
on their users, leading to rigid interfaces that fail to adapt to how creators want to work. Exist-
ing tools can limit a creator’s ability to realize ambitious ideas, offer inadequate mechanisms
for communication between creators and their audiences, and provide interfaces that do not
align with how creators naturally express their preferences. The first half of this thesis explores
these misalignments through the development of data-driven tools, resulting in three systems
that expand the design possibilities in mobile augmented reality, create novel mechanisms for
streamer–audience engagement on live streaming platforms, and support video creators in ex-
pressing musical preferences through a vibe-based creative assistant. Taken together, my work
on these projects revealed that the content creation process produces a wealth of valuable data,
yet this data is often leveraged ad hoc to power isolated features, as opposed to being treated as
a foundational resource for designing creator-aligned systems.

Building upon this realization, I argue that the future of creativity tools relies on the deliberate
use of creative activity traces as a primary design material. I define creative activity traces as
the process-related data generated as creators work, which accumulates into an evolving record
of the decisions, explorations, and refinements that unfold over time. This includes things such
as preferred color palettes , abandoned sketches, or successive prototype iterations. These traces
are often multi-modal, distributed across tools, and deeply personalized. To understand how the
HCI community currently works with traces, I conducted a systematic review of 133 creativity
tools and developed a preliminary design framework for trace awareness. This review revealed
that modern creativity tools either treat activity traces as atemporal raw material, or utilize them
only as needed as input to a specific feature, thereby limiting both the temporal scope and design
opportunities possible with traces. Capturing traces, in other words, does not automatically
mean a system makes use of them as traces, since a creator’s process becomes visible as data
accumulates. Rather than using traces as isolated inputs or for post-hoc analysis, my thesis calls
for traces to be treated as a design material that systems are built around. This approach in
turn leads to adaptive systems that stay aligned with how creators work and how their processes
unfold.

The final phase of this research builds upon my theory of creative activity traces and trace-
aware tools through the study of video content creators’ practices for creating, maintaining, and
evolving a recognizable brand across video projects. Through a trace mapping study with seven
video creators, I cataloged the trace data their practice accumulates over time, the behaviors
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associated with their accumulated traces across projects, and the frictions they face as a result of
their cross-project practices. Working with traces as a design material showed that trace data is
not uniform, but comes in differing grains that afford and resist different kinds of treatment. As
trace data accumulates across projects, it also forms a texture: a whole with a shape of its own,
whose individual pieces can be difficult to disentangle.

This thesis contributes to HCI and creativity tool research by framing creative practice as an
inherently data-rich process that requires more intentional engagement from the HCI research
community. I formalize the definitions of creative activity traces and trace-aware tools, and I
offer a design framework for trace awareness. I show what it means to treat traces as a critical
building block for designing creativity tools rather than as a byproduct of creative work. Taken
together, these contributions set forth a trace-aware agenda for the next generation of creativity
tools, one that keeps creators and their evolving practices in view as digital creative production
grows more automated and uncertain.
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Chapter 1
Introduction

Digital media production has become a defining force in the creative media landscape [80]. From
video creators with millions of followers on YouTube [223], to live streamers who showcase their
gameplay on Twitch [100], and to game designers developing collaborative play experiences on
mobile [312], creators across domains now use digital tools to produce increasingly sophisti-
cated and high-fidelity work [138]. These advances have expanded what is possible creatively,
but they have also introduced new demands; creators must now navigate complex workflows,
integrate multiple tools and platforms, and balance creative decision-making with technical and
performative labor.

Despite the apparent differences between the above creative domains, creators share several
key characteristics. First, their work is inherently time-based and multimodal [126]. Unlike static
media such as photography or illustration, videos, games, and live streams unfold over time and
rely on sequencing, pacing, and audiovisual composition to convey a creator’s intent and engage
audiences.

Second, digital creators must also develop expertise across multiple areas of production and
tool use. A streamer, for instance, might simultaneously play a game, perform for their audience,
monitor real-time analytics, and troubleshoot broadcasting software such as OBS [195]. Video
creators juggle writing, filming, editing, music and sound design [166], while game developers
balance programming, level design, and narrative development using tools like Unreal Engine,
Blender, and Adobe Illustrator [159]. The need to master and integrate creative and technical
skills, often with little formal training, compounds the challenges of digital media production,
making it an intensely demanding, albeit rewarding, form of work.

Third, these digital creators work within audience-driven ecosystems that foster strong paraso-
cial relationships [129]. These relationships can be deeply rewarding, helping creators feel con-
nected to their audiences and providing a sense of purpose in their work [190]. However, audi-
ence feedback, engagement metrics, and community expectations often influence creative deci-
sions along with the creators’ own creative or technical considerations [32]. In these ecosystems,
creators act not only as artists or performers but also as public figures, community managers, and
brand representatives. Their creative decisions are thus shaped not only by self-expression but
also by audience expectations and social feedback.

Taken together, such challenges reveal an enduring gap in HCI and creativity research: how
can we design better tools that meet the realities of modern digital creative work? While the
social and professional pressures of digital creation are well documented, many of the difficul-
ties creators face stem directly from the tools themselves [176, 194]. For instance, technical
constraints, such as limited computational capacity, can restrict a creator’s ability to realize am-
bitious ideas or experiment with novel designs. Furthermore, despite the importance of audience
engagement, many tools provide inadequate mechanisms for facilitating meaningful interaction
between creators and their audiences. Finally, interfaces often fail to reflect how creators natu-
rally express their preferences, forcing them to adapt their workflows in undesirable ways. Prior
research on creativity tools has emphasized the need for systems that align with creators’ pro-
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cesses and values rather than imposing rigid or uniform workflows [176, 194]. Yet many tools
still fall short of this goal, offering limited responsiveness to the evolving, collaborative, and
iterative nature of creative practice. If we want to support creators more effectively, we need
to design tools that reflect how creative work actually unfolds, allowing creators to focus on
executing their vision, engaging their audiences, and expressing themselves on their own terms.

Building on these concerns, I have explored the above challenges through the design and
study of computational systems in three creative domains: mobile augmented reality, live stream-
ing, and video content creation. V-Light, a mobile augmented reality architecture, addressed the
technical constraints of mobile augmented reality game development by leveraging edge com-
puting to support more computationally demanding gameplay experiences. Through this work,
I demonstrated how offloading computation to the edge can enable designers to pursue more
ambitious ideas, expanding the creative possibilities available on mobile platforms. MARS, a
metadata-augmented real-time streaming system, explored how tools might better support live
stream audience engagement. By rendering streamer gameplay data in real time on a per-
viewer basis, MARS personalized the viewing experience and enabled new forms of sensemak-
ing, accessibility, and audience interaction. This design helped alleviate some of the audience-
management burden from streamers while also providing new mechanisms for engagement. In
a follow-up study, I used MARS as co-design material with moderators, game developers, and
streamers to develop a design framework for data-driven game streaming, highlighting the dis-
tinct roles different stakeholders play in shaping and responding to live stream data. VibeClip,
a creative assistant for video content creators, focused on the expressive alignment between cre-
ators and their tools. It supported creators in generating emotionally aligned music for their
videos, revealing that many struggled to describe desired music using traditional search inter-
faces. The design of VibeClip showed how generative tools can leverage video data to adapt to
how creators naturally articulate their preferences.

Across these projects, one insight became increasingly clear, that is that the content creation
process itself produces a wealth of valuable data.

1.1 Creative Activity Traces and Trace-Aware Tools
Creative production is an iterative process: creators develop their work over time [117, 267],
grow their skills through the act of making [224], and rely on tools and workflows that suit their
needs as they produce work for their audiences [194, 216]. Along the way, they produce inter-
mediate outputs such as reference materials, annotations, partial artifacts, and iteration histories
alongside the final products shown to the world [42, 123, 249, 259]. A video creator may record
multiple takes before settling on the one that makes the final cut [179]; a game developer may
produce dozens of prototypes, sprite sheets, and visual assets while refining a single level [159];
a streamer may experiment with different modes of audience engagement before settling into a
performative persona. Although these intermediate outputs manifest differently across domains,
they capture the creator’s evolving decisions, provide a temporal record of how work develops,
and support key aspects of creative practice such as reflection, backtracking, reuse, and adapta-
tion across projects [267].

I refer to this material as creative activity traces (or simply traces), which I define as the
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process-related data generated as creators work, forming an evolving record of the decisions, ex-
plorations, and refinements that unfold over time. My use of this construct is deliberately broad,
encompassing data that ranges from low-level interaction logs (e.g. a streamer’s gameplay meta-
data, edits to a script draft) to higher-level intermediate materials (e.g. sketches, drafts, prototype
iterations). This breadth allows me to explore an emerging space without first having to settle
what does or does not count as a trace, and to bring together concepts that have historically been
studied separately under different names (e.g. design histories, data provenance, linkography
[117]) and within different research traditions (e.g. design research, creativity psychology, and
software engineering).

Because digital creativity tools are software, they are capable of capturing parts of this record
as a creator works, which makes traces a useful lens for comparing what different tools attend
to, ignore, or make visible about creative practice. Recent work in HCI has begun examining
how traces can be interpreted, which techniques best make sense of them, and how trace analysis
might evaluate creativity tools or inform broader theories of the creative process [163]. This
dissertation contributes to that conversation by focusing on how traces are operationalized within
creativity tools, specifically which traces a system captures, how it represents them, and how it
uses them to drive its features.

Capturing traces does not mean a system makes use of them as traces. Many creativity tools
hold substantial process data yet respond only to the current state of the work, treating each
action in isolation from what came before. A creator’s process, however, is rarely legible in any
single state. The directions they abandoned, the choices they keep returning to, and the ways
their work has shifted only become visible as data accumulates over time. I refer to systems that
engage with this accumulation as trace-aware. A trace-aware system treats creator data not as
isolated inputs to individual features, but as activity unfolding over time. It may draw on that
history to help creators look back on how their work developed, surface past material for them to
reuse, remix, and reorganize [267], or shape what comes next, such as suggestions aligned with
a creator’s style and intent.

To illustrate the difference, consider a video creator preparing the next upload in an ongoing
series. Over dozens of videos, she has settled on a title style, a hand-drawn intro, and a set of
transitions that her audience has come to associate with her channel. In her current editor, each
new project begins empty. She reconstructs her brand by opening an older project and copying
elements across, or by searching through a folder of assets she has saved over the years, and
when she remembers a title treatment from a few videos ago that she never thought to save, she
digs back through old projects to find it. The editor holds a detailed record of every project she
has made, but it treats each one in isolation, and the work of carrying her brand from one video
to the next falls entirely on her.

Now consider an editor that treats her projects as a continuing body of work. When she begins
a new video, it surfaces the stylistic elements she has actually reused across recent projects,
including a title style she has copied into her last several videos but never deliberately saved, and
asks whether she wants to keep it on hand. As her channel grows, it can reflect back how her
use of these elements has shifted over time, making visible a drift in her work that she might
otherwise only sense in retrospect. It does not decide for her what her brand should be, and the
parts of her practice she considers most her own, such as her intro, remain hers to author. Both
editors have access to the same projects and the same data. The difference lies in how they read
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it: the first treats each project as a separate snapshot, while the second follows creator data as it
accumulates over time.

1.2 Thesis Overview
This dissertation follows a single question across three phases of work: how can we design cre-
ativity tools that align with the reality of creative work? The first phase approaches this question
through system building. Across three system-building projects and one co-design project in
mobile augmented reality, live streaming, and video content creation, I surface the underutilized
role of process-related creator data in tool design. Although these systems were not built under
an activity traces definition or a trace-aware framework, they reveal recurring themes about how
creator data can be used to meet creator needs, and they motivate the rest of this work. The sec-
ond phase formalizes creative activity traces and trace-aware tools and examines how the field
currently uses them, and the third explores what it means to deliberately engage with traces as a
design material within a specific creative practice.

This thesis is organized into eight subsequent chapters. Chapter 2 begins with an overview of
related work in creativity tools, creative process, and activity traces in HCI. Chapter 3 presents V-
Light, a mobile augmented reality architecture that leverages edge computing to offload compute-
intensive tasks from mobile devices. This system was designed to help game designers prototype
synchronous, co-located multiplayer AR experiences that would otherwise be infeasible due to
platform limitations. While the project does not directly implement trace-aware design, it il-
lustrates how manipulating device limitations can shape and expand the expressive possibilities
available to creators. By addressing platform-level constraints in this way, V-Light supports cre-
ators in realizing technically ambitious ideas, which motivates my work towards building tools
that respond to creators’ goals via robust data pipelines.

Chapter 4 describes MARS (Metadata-Augmented Real-Time Streaming), a system I de-
veloped that enables novel viewing experiences by utilizing streamer gameplay data in real-
time. MARS enables features like sensemaking overlays, asymmetric gameplay, and personal-
ized viewer interfaces. In shifting some of the labor of audience engagement from streamers
to data-powered overlays, MARS highlights the value of leveraging real-time creator data to
support creators with their audience management needs, and suggests novel creator–audience
dynamics. While not explicitly framed as trace-aware, MARS provides an early example of a
system that draws from creator-side data in real time to enable richer, adaptive experiences for
live streaming stakeholders, and lays the groundwork for broader considerations of creator data
in tool design.

Chapter 5 builds on MARS through a follow-up co-design study with stakeholders across the
live streaming ecosystem, including streamers, game developers, researchers, and moderators.
Although MARS was originally built to explore novel methods for viewer engagement, the sys-
tem revealed broader implications for how creator-generated data can shape a multi-stakeholder,
data-driven ecosystem. Using MARS as a design probe, this study uncovered stakeholder needs,
frictions around data ownership and control, and differing expectations around how features
should be implemented. The resulting framework for data-driven game streaming maps out how
creator data circulates across an ecosystem and reveals key tensions that arise when data be-
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comes central to tool design. This chapter demonstrates the value of intentional engagement
with creator data and the role that this data plays in a live ecosystem.

Chapter 6 introduces VibeClip, a creative assistant that I created to help video creators gen-
erate background music that is aligned with the emotional tone of their videos. This project
began with a formative study in which creators described difficulties articulating their musi-
cal goals using formal descriptors like genre or instrumentation, which are commonly used by
stock music platforms. The study revealed that non-musically trained content creators gravitate
towards subjective and emotion-based descriptors, or “vibes,” when describing their desired mu-
sic. VibeClip was designed to support this expressive mode of communication through editable,
vibe-based recommendations. In surfacing video data as a trace-like input into the generation
process, the system demonstrates how generative tools can better align with creator intent and
personalized working styles. My work on VibeClip was, along with MARS, the main inspiration
for pursuing activity traces, as the use of creator-generated data proved to be an excellent method
for aligning with creative intent.

Chapter 7 describes the theoretical bedrock of this thesis. Here, I conducted a systematic
literature review of 133 creativity tool research papers in HCI to investigate how creative activity
traces are currently being used to power system features. The findings were formalized into the
Living Framework for Trace Awareness, which characterizes both the trace data systems capture
and how systems engage with that data over time.

Finally, building upon my work in Chapter 7, Chapter 8 outlines my investigation into the
longitudinal practices of video content creators as it relates to cultivating their personal brand.
Through a trace mapping study with seven video creators, I cataloged the trace data their practice
accumulates across projects and derived a trace lifecycle model that follows brand markers from
their origin inside a single project to the long-term scope at which they accumulate into a creator’s
identity. I then used a material-driven prototyping method known as inspirational bits to work
traces directly as a design material [277], putting the design-material stance into practice and
surfacing how different kinds of trace data behave.

Together, these chapters show my trajectory from identifying creator pain points, to surfacing
the underutilized value of process-related data, to establishing a theory and language around
creative activity traces and trace-aware system design. By treating activity traces as central to
tool design, this dissertation contributes a research agenda toward building expressive creative
systems that intentionally leverage the rich potential of creative activity traces.
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Chapter 2
Background

This chapter draws together several strands of HCI and creativity research that jointly ground the
argument that creativity tools must engage with the creative process via the data they capture.
I begin with describing the current landscape of creativity tools and Creativity Support Tools,
and how their designs both enable and constrain creative practice. I then turn to research on
the creative process and intermediate outputs, which establishes that the materials a creator pro-
duces while working are meaningful in their own right and can accumulate into longer creative
histories. Finally, I synthesize HCI work that engages, directly or indirectly, with activity traces,
showing how process data has thus far been conceptualized and where its treatment falls short.
These three strands build on one another, moving from the tools creators work within, to the
process those tools mediate, to the traces that process leaves behind.

2.1 Creativity Tools

Creativity support has been called one of the ”Grand Challenges” of HCI research [266]. For
much of the field’s history, Creativity Support Tools (CSTs) have been framed as empowering
technologies which enable users to be ”more creative” [104, 105]. Shneiderman’s seminal work
positioned CSTs as systems that provide ”low thresholds, high ceilings, and wide walls,” which
can support creative tasks such as search, collaboration, and iteration [255, 256]. However, Hsieh
et. al argue that creativity systems encompass much more than just CSTs. They appear under
a wide range of names and epistemic framings, including human–AI co-creative systems and
domain-specific tools such as those for video content creation or game design [141] . The goal of
such systems is to leverage computing to advance processes that result in creative outputs, rather
than to support processes internal to the creator [141, 255]. For this reason, I use the broader
term creativity tools, rather than creativity support tools, to capture this diverse body of systems
contributions. The term also broadens the range of domains in view, encompassing not only
systems built expressly to support creativity but the game engines, streaming software, and other
general-purpose tools that creators appropriate to do their work.

A growing body of work shows that creativity tools are not simply neutral enablers of expres-
sion, but deeply entangled with the processes they are meant to support [267]. For example, CSTs
impose a normative ground on creators, structuring how they think, act, and express themselves
[176]. Mahler extends this critique to creativity tools more generally by calling for artist-driven
tools that meet practitioners ”in their world” rather than forcing mismatched workflows [194].
Critically, Mahler does not argue that tools should have no point of view on the creative process,
even if such a thing were possible. Instead, the tools’ implied point of view should align with
practitioner knowledge, craft skills, and desired workflows. Surfacing these implicit assumptions
can then help creators select tools that fit both their needs and their practices, rather than strug-
gling with a tool whose point of view does not align with their own. Moreover, because tools are
so entangled with process, they are also a productive site for intervention, and addressing these

6



critiques in future tools is a direct way to affect how the process unfolds.
The work of Li et al. and Mahler et al. are a direct call for the kind of research this thesis un-

dertakes. Collectively, these studies point to a growing recognition that understanding creativity
tools requires attending to how they intervene in and structure the creative process, not only to
the artifacts they produce

The emergence and integration of generative AI amplifies this concern. Pang et al. note the
”LLM-ification” of HCI, signaling the field’s pivot toward AI-enabled systems that can ingest
large volumes of creator data [218]. Recent studies of these tools reveal strong process-level
effects, including the homogenization of creative outputs and influence of AI generated content
on future content authorship [19, 241]. As these recent breakthroughs in AI have made it possible
to act upon larger volumes and new forms of creator data [218, 220], they illustrate the urgency
for a thorough examination of how creative processes are being surfaced, ignored, or overwritten,
as well as for ways to reflect this knowledge back to creators.

Taken together, prior work reveals a landscape in which creativity tools exert significant
influence on creative process, yet do not adequately reflect or adapt to creators’ processes or
points of view. This gap motivates the rest of this chapter. If creativity tools shape the creative
process and can negatively constrain it, then a natural question is what the process itself produces
and how tools might attend to it.

2.2 Process and Intermediate Outputs
Creativity research has long emphasized that creative work is not defined solely by its outcomes,
but by the processes through which those outcomes emerge [124]. Classic models, such as
Rhodes’s 4P framework of creativity (people, process, product, and press) situate creative pro-
duction as an interaction among individuals, their environments, and the evolving work they
produce [235]. Plucker et al. describe creativity as “the interaction among aptitude, process, and
environment by which an individual or group produces a perceptible product that is both novel
and useful as defined within a social context” [224], whether or not the product is within a field
culturally understood as creative. While these models include factors external to the individual,
such as their environment, traditional creativity research has tended to conceptualize this pro-
cess in primarily psychological terms, focusing on internal mechanisms rather than the concrete
materials and representations creators produce as they work [103].

Critically, creative processes unfold over time, and externalizations accumulate into creative
trajectories that extend beyond single projects [125, 211]. In writing, drafts and annotations map
the path from early ideas to finished pieces. In video production, footage, rough cuts, and audio
fragments are recombined or reused across projects. This temporal accumulation of materials
supports reflection, backtracking, reinterpretation, and reuse, which are core activities in creative
practice [267]. Provenance research both inside and out of HCI argues that the history of how
something was assembled is essential for interpretation, accountability, and understanding [24,
26]. Creative work exhibits these same properties: intermediate materials form a temporal record
of “where the creator has been,” enabling them to situate current decisions within an ongoing
trajectory that does not map cleanly to individual creative products.

In other words, the iterative process of creative practice produces a wide range of externalized
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material. Seen from the perspective of creative products, it can seem ephemeral, and may not be
used or even relevant in the final product. However, from the perspective of creative practice, this
externalized material is highly functional. Regardless of whether it becomes part of a product,
externalized material enables processes of reflection, reuse, adaptation, and meaning-making,
both within individual projects and as part of the creator’s longer-term development.

Creativity tools mediate how creators externalize ideas, organize materials, and navigate cre-
ative trajectories [105]. This means digital tools are not only capable of capturing these external-
izations, they routinely generate and store vast amounts of process-relevant data through histo-
ries, snapshots, metadata, and user-created materials [259]. In principle, this positions creativity
tools to support creators by making these temporal records available for reflection, adaptation, or
guidance. Yet despite this potential, relatively little is known about how contemporary creativity
tools capture, represent, or operationalize the rich intermediary materials of creative practice.
The work surveyed in this section makes clear that intermediate outputs are relevant to creative
process and accumulate into meaningful creative histories. I take up the question of how tools
capture, represent, and operationalize them through creative activity traces, the process-related
data that accumulates as creators work (Section 1.1), asking how that data is made visible to, and
acted on by, systems, users, or both.

2.3 Activity Traces in HCI
Process-related data has long appeared in creativity research, but rarely under a consistent name
or lens. One prominent tradition that has looked at process-related data is Goldschmidt’s Linkog-
raphy [117], an analytical tool to visualize relations among design moves to study convergence,
divergence, or fixation [114, 117, 136, 158, 169]. Linkography relies on researchers to manually
annotate design protocols to create linkographs, but recent work has sought to computation-
ally create linkographs via Fuzzy Linkography [259]. Workflow graphs similarly encode action
sequences and snapshots to compare strategies across designers [48, 169]. Collectively, this
work shows that creator process data can be studied, but it has largely been treated as a post-
hoc analytic artifact rather than as part of system behavior. Prompt-based generative AI studies
similarly highlight temporal trace use, capturing users’ iterative journeys through evolving text
prompts[83, 193, 259].

Process data can also be surfaced within the features of creativity tools. For example, creative
version control systems use traces as a form of material interaction for branching, diffing, and
recombining, shaping collaboration and exploration [229, 267]. Additionally, mixed-initiative
tools have appropriated traces for adaptive guidance, whether through predicting next steps in the
interaction, gauging creative momentum, or deciding when and how to intervene [40, 77, 162].
Other systems use traces to generate suggestions by comparing a user’s current state to prior
work [51] , or to profile co-creative interactions [78]. Still others employ long-horizon traces
to personalize system output, clustering style trajectories [15], profiling information-seeking be-
haviors [322], reifying past conversations with chatbots as manipulable objects [327], or learning
creator preferences from user-created content [178].

Outside of creativity tools, research on the temporality of personal data echoes similar dy-
namics. Elsden et al.’s work on the Quantified Past shows how people engage in “rhetorical
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data-work” to reinterpret their personal histories [90], while Gulotta et al.’s Curatorial Agents
demonstrate how systems can reframe and surface temporal records in meaningful ways [125].
Speed and Oberlander introduce the ablative framework, which distinguishes designing from,
with, and by data [263]. They argue that data is not a static entity, and as it becomes more
“performative,” its role shifts from a static resource that informs design to a live condition that
co-structures interaction and can even automate aspects of system behavior [263]. Similarly,
Odom et al leveraged temporal data in the form of music listening histories in the design of OLO
Radio, advocating for the use of metadata as a design material [211]. Although these works do
not focus on creativity tools and creator process data, they reinforce my view of treating process
data as a rich temporal resource that can be leveraged as a design material, which motivates me
to understand how process data can participate in, and sometimes drive, system behavior rather
than serving only as a record of past use.

Looking across these scattered landscapes of trace usage highlights a gap. System design-
ers and researchers in many subfields already appropriate process data, yet there has been no
systematic effort to examine how such data is mobilized within creativity tools as part of their
design. Most prior work either isolates traces within a single analytic tradition (e.g., linkogra-
phy), uses them opportunistically for a specific feature (e.g., suggestions, personalization), or
studies the temporal features of data independently of creative practice (e.g. Gulotta et al’s Cu-
ratorial Agents). What is missing is a broader view of how traces circulate across creativity
systems and what roles they play in shaping tool-mediated creative practice.

This gap persists even as interest in creative activity traces has grown quickly in the HCI
research community. A recent CHI workshop on making sense of creative activity traces, which
I helped organize, gathered researchers across visual art, writing, programming, music, and video
creation to consolidate what had been a scattered set of approaches [163]. Current conversations
around traces are concerned with how traces can be interpreted, which techniques best make
sense of them, and how trace analysis might evaluate creativity tools or inform broader theories
of the creative process. This thesis contributes to that conversation from a specific angle: I treat
traces less as a form of post-hoc analysis for understanding creative behavior, and more as a
resource that systems must be built around. Deliberately building tools around traces, so that
they become trace-aware, is what remains comparatively underexplored.

In this dissertation, I leverage the term creative activity traces from Smith et al. [259], who
used it to describe post-hoc analyses of interaction logs in systems such as Fuzzy Linkography.
My use of the term differs in two important ways. First, I generalize beyond interaction logs to
encompass the full range of process-related data generated as creators work, which accumulates
into an evolving record over time (Section 1.1). Second, I focus on how traces are leveraged
within tools to drive features and shape interaction, rather than how they are used externally for
evaluation or visualization. Throughout the dissertation, I use the terms creative activity traces,
activity traces, or simply traces interchangeably. The systematic review in Chapter 7 develops
this orientation into a framework, surfacing how existing systems already embed process data
into their behavior and establishing the foundation for treating traces as a design material.
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2.4 Positioning this thesis
Across the projects in this thesis, I situate myself within creativity tools research and the prob-
lems creators face in their work. The systems in the first half of this thesis draw on that research,
and were each designed to solve a problem particular to its domain. The data-driven solutions I
built across mobile augmented reality, live streaming, and video content creation each taught me
the value of the process data captured within these platforms, and reframed my understanding
of how systems should treat accumulated material in the creative process. In looking across my
work, this common thread became central to how I see the future of creativity tools research.
Drawing on the bodies of work above, I argue that process data, in the form of creative activity
traces, must be woven into how the creativity tools community approaches system design and
development.

The chapters below chart the path I took to that argument. Chapters 3–6 present the data-
driven systems where the value of process data first surfaced. I then synthesize and build on the
disparate strands of HCI research on process, intermediate outputs, and activity traces, formal-
izing creative activity traces and trace-aware tools in Chapter 7 and exploring traces as a design
material in Chapter 8.
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Part I

Data-Driven Creativity Tools
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Chapter 3
V-Light: Removing Computational Constraints to

Support Creative Vision

This chapter introduces V-Light, a mobile AR architecture that leverages edge computing to
enable technically ambitious, synchronous co-located multiplayer experiences on mobile de-
vices. By developing an infrastructure which changes how data is processed and stored, V-Light
demonstrates how infrastructural interventions can expand creative possibilities for game design-
ers. Although V-Light predates the trace-oriented framing of this dissertation, it is where I first
saw how the way a system handles data can determine what creators are able to design via their
tools.

This work was previously published: Noor Hammad, Thomas Eiszler, Robert Gazda, John
Cartmell, Erik Harpstead, and Jessica Hammer. 2023. V-Light: Leveraging Edge Comput-
ing For The Design of Mobile Augmented Reality Games. In Foundations of Digital Games
2023 (FDG 2023), April 12–14, 2023, Lisbon, Portugal. ACM, New York, NY, USA, 10 pages.
https://doi.org/10.1145/3582437.3582456

3.1 Introduction
Mobile augmented reality (mAR) has been growing at a rapid pace, making AR experiences
accessible anywhere and anytime. Because mAR-supporting devices travel with their users,
mobile devices afford a portable AR experience with real-time environment interaction, location-
based content, and multi-user spaces, all without dedicated AR hardware. In turn, these qualities
allow designers to create mAR experiences that preserve social context, leverage real-time body
tracking during movement, and support both physical and virtual co-presence [36].

mAR has great promise for game designers, as suggested by the success of Ingress and
Pokémon Go. However, the technical limitations of mAR platforms make it difficult for game
designers to take full advantage of the medium. Mobile devices introduce constraints around
memory, processing power, battery life, and more [50, 70]. While these limitations could in
principle be addressed by offloading processing to the cloud, a cloud-based solution introduces
latency, which in turn eliminates game designs where real-time interaction is needed [89]. Game
designers are therefore limited in their ability to work with computationally demanding features
of mAR, such as synchronous multi-user interaction. Even major companies have had to limit
their mAR experiences to off-screen, asynchronous multiplayer and low fidelity visuals [201].

We propose edge computing as a means of enabling computationally demanding, shared-
world mAR games. Edge computing is an approach to cloud architecture that brings compu-
tation close to end user devices using an intermediate compute tier between device and cloud
[243, 244]. It therefore allows mobile devices to access high computational power with low la-
tency, in ways that neither on-device computation nor cloud computing can provide. While some
interactive edge computing applications exist [113, 183], edge computing systems have not yet
been applied to the exploration of the design space of mAR games.
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In this paper, we demonstrate how we extended an existing edge computing system to support
key features of mAR gaming. As a proof of concept, we share our game V-Light: an edge-native
real-time two-player shooter for mobile devices. We show that our game supports the five key
elements of synchronous mAR play [36], and that our system is able to support mAR interactions
that cannot currently be implemented with either on-device or cloud computation. We share
key design challenges and opportunities of working with mAR and edge computing, such as
managing network stability and fostering player body motion.

Our work contributes a prototyping tool for game designers, so they can create games that
current mAR systems could not otherwise support. We also contribute insights about how to
work with mAR as a game design material. While we focus here on mAR games, our work has
implications for the design of mAR beyond games, particularly where body motion, multi-party
relationships, and portability are important.

3.2 Related Work

To frame V-Light’s capabilities and our contributions, we examine the literature in HCI and edge
computing. First, we use mAR games as a lens to explore the current design challenges with
mobile-native AR. Next, we discuss edge computing, its applications, and the key technologies
that anchor V-Light. Finally, we outline how mAR fits within edge computing, and how V-Light
compares to previous AR applications.

3.2.1 Challenges of mAR Games

Existing mAR games illustrate the challenges of designing highly interactive mAR systems,
given limitations on interface, device power, and bandwidth. Mobile devices incorporate cam-
eras, sensors and computer vision technologies that mAR can leverage, but the rendered AR
environment is limited to the field of view of the device itself [70]. The limitations on graph-
ical processing mean that current AR renders often lack complexity and have relatively low
polygon counts, which in turn reduces the options for game art styles. Additionally, complex
body detection is not supported; mAR games, for the most part, do not account for fine player
movement, and instead incentivize off-screen movement using GPS tracking or gross rotational
movement of the device that can be tracked using on-device accelerometers [207]. Our use of
body-detection algorithms in V-Light led us to draw on research in body-aware gaming for our
design [205]. Prior work in this space has relied on instrumenting spaces [29] or people’s bodies
[6]. Integrating body detection into V-Light allows body-centered play on a mobile device.

Another source of complexity in AR design is environment processing. In tabletop AR expe-
riences, the device’s camera is expected to be pointed at a flat surface such as a table. Movement
is computed relative to that surface [36], which is assumed to remain static, providing an an-
chor point for augmentation. This reduces the computational load of AR processing and allows
more system resources to be directed to gameplay. By comparison, room-scale AR expects that
devices will be moving around a room (or a larger space), where a fixed anchor point is not pos-
sible. Additionally, room-scale mAR games have greater variability in the background and must
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accommodate more potential objects in the scene [36]. This increases the AR computational
demands for the game.

Adding multi-player interaction also increases game complexity. Single-player AR games
such as AR Sports Basketball are the simplest, as they require no coordination among multiple
players or devices [95]. When adding multi-player functionality, designers can limit the compu-
tational load of gameplay by designing away from real-time interactions and the use of shared
game spaces. For example, Pokémon Go pushes player interaction to asynchronous, non-AR
and/or off-screen parts of the game [214]. Players can leave their Pokemon behind to defend
”gyms” (physical locations where virtual Pokemon can battle one another). An attacking player
plays in real-time against the Pokemon’s AI, not against the other player [151]. Synchronous
multi-player is supported in the form of PvP battles, but does not use the device’s AR features
(e.g., camera, GPS, etc.). In addition to potential computational challenges, real-time multi-
player games highlight the need for low-latency network capabilities, as player actions need to
be propagated quickly to the other players in the game [89].

Some synchronous multi-player mAR games already exist, such as Lightboard [119], Swift-
shot [120], and Brick [35]. However, these games demonstrate the tradeoffs described above.
Lightboard and Swiftshot are both tabletop-scale games, while Brick chooses room-scale game-
play at the cost of simpler art and limited player interactions to reduce processing times [36].
Our work offers designers the opportunity to explore the synchronous multi-player mAR design
space without needing to make such tradeoffs.

3.2.2 Edge Computing and Edge-Native Applications
Traditional cloud architecture consists of two tiers: devices such as smartphones, drones, or IoT
sensors, and scalable computational resources in the cloud. Edge computing introduces a third
tier that sits between the other two. Edge computing relies on the concept of the cloudlet, or “a
trusted, resource-rich computer or cluster of computers that’s well-connected to the Internet and
available for use by nearby mobile devices” [243]. These cloudlets provide a high-bandwidth,
low-latency connection to local devices, allowing for offloading of compute-heavy workloads
to the edge. Cloudlets have network proximity to devices, but this does not imply physical
proximity [245]. ”On-premises” (On-prem) cloudlets are physically located close to the device,
whereas cloudlets that are managed by telcos could reside at the base of cell towers or further
towards the operator’s central office. Positioning computation close to the device tier yields other
benefits that extend beyond gaming. Applications may have privacy constraints that do not allow
data to leave physical (e.g. country-specific) or logical (e.g. company-specific) boundaries.
Cloudlets can ensure privacy preservation in these cases [76]. Edge computing also provides
resiliency in poorly connected scenarios (e.g. disaster recovery or military outposts) where access
to the wide-area network may be disrupted or entirely disconnected [87].

Research on offloading mixed-reality operations to the cloud or edge has been conducted in
the past [145, 233, 254]. Toczé et. al, for example, created MR-Leo, a prototype that enhances
video streams by offloading rendering to the edge [284], while Su et. al utilized a 5G edge
architecture to enhance a mAR demo application that can recognize famous buildings in Paris
[274]. There are also research efforts to improve edge computing technology for AR purposes
by focusing on reducing latency [186], creating higher quality AR objects [181, 182], or scaling
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to multi-user scenarios [228, 334]. The mAR industry has also taken notice of edge computing;
Pokémon Go developer Niantic, along with global 5G carriers, announced that they are building
an AR platform using 5G and edge technologies [152]. We build off of these established efforts
to leverage edge computing, focusing on what we call edge-native AR applications for mobile
devices.

Edge-native applications are those that could not exist without the edge. OpenRTiST is one
such edge-native AR application. It utilizes a well-understood computer vision technique called
style transfer to transform image frames in real-time that are sent from a device to a server at the
edge with the transformed image then returned to the device for display. Empirical system tests
have shown that attempting to run style transfer directly on a reasonably powered smartphone
is impractical, even for images of fairly low resolution (240p) [113]. The deep neural networks
needed to transform the images require computational resources beyond what the small inte-
grated GPUs of today’s smartphones can provide. At the other end of the spectrum, running
the DNN (deep neural network) in the cloud results in increased latency and a degraded user
experience that is immediately evident due to the interactive nature of the application [113].

In the domain of games, research has largely focused on how edge computing can improve
current game systems. For example, the Edgegap platform offers low latency game hosting ser-
vices by using edge computing [88]. Schmoll et al. demonstrated edge computing’s capabilities
with their multiplayer game that is playable on a VR headset and on a standard monitor [247].
Both of these examples are demonstrations of edge-enhanced games, as the core game function-
ality would still be possible without the use of edge computing. Jia et. al’s work on multiplayer
communication for mAR games deployed at the edge is another instance of research looking to
optimize current games [156]. To our knowledge, no edge-native games yet exist, whether using
mAR or otherwise. Our system seeks to fill this gap and to allow the rapid development and
iteration of such games.

3.3 The V-Light System
In this section of the paper, we describe the interaction model used to underpin our system
and game design decisions. Next, we share our game development pipeline, including how
we extended existing work on edge computing to support synchronous gameplay. Finally, we
describe our game V-Light and demonstrate that it is indeed an edge-native mAR game.

3.3.1 Interaction Model for Shared-World AR
To describe the features of V-Light, and to anchor our reflections on the process, we use Bhat-
tacharyya et. al’s model for designing synchronous colocated AR games [36]. Bhattacharyya
et. al created this model to support the design of shared-world AR games, in which players can
synchronously interact in the AR environment in real-time with others. The model consists of
five categories of interaction in shared-world mAR:

1. Single-player: these interactions are between an individual player and augmented objects.
Single-player interactions rely on the player’s ability to utilize the augmented interface and
can leverage known metaphors of mobile interaction, such as tap and hold or drag.
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2. Intrapersonal: this form of interaction emerges from the player’s experience in the aug-
mented world, and refers to the individual player’s internal thoughts, emotion, and cogni-
tion during gameplay.

3. Multiplayer: these interactions take place between multiple players and the augmented
objects. Designers can also utilize multiplayer interaction to manipulate proximity and
distance between players as they interact with the augmented world.

4. Interpersonal: this form of interaction refers to the experiences between players that do
not involve the augmented world. This includes communication between players as well
as physical contact.

5. Environmental: these interactions are between the players and the environment. This
includes navigation, physical exertion, and collision avoidance.

Due to the rarity of synchronous shared-world mAR games, this model serves as the first
formalization of best practices for game development in this area. To this end, this model is our
foundation for the design and evaluation of V-Light. We show that the power of the edge has also
allowed us to extend the design possibilities originally described in the model, which was built
on a cooperative game. With V-Light, we created a competitive multiplayer mAR game with a
greater emphasis on movement and use of the shared-world AR space. In using the shared-world
interaction model, we are building on the foundation built by Bhattacharyya et al. to envision the
future of shared-world mAR.

3.3.2 System Architecture
V-Light’s basic architecture is a client-server model inspired by the OpenRTisT system [113].
Figure 3.1 shows a high-level overview of V-Light’s system design, including the current two-
device implementation. In its current state, V-Light supports synchronous, multi-user mAR game
experiences with two mobile client devices and a single edge server.

Our system architecture extends OpenRTisT in the following ways. First, OpenRTisT cap-
tures and manipulates only image data. We refer to this as the image processing pipeline. We
create a second gameplay pipeline for player interactions such as shooting at their opponent,
and integrate it with the image processing pipeline. Second, OpenRTisT assumes that all mobile
devices are independent of one another. We synchronize interactions across two client devices,
including maintaining game state and providing rapid feedback to players. Finally, we adjust
the location of some computational processes (device vs. edge) to maximize the potential for
real-time interaction.

Our image processing pipeline begins with image capture in Unity, which captures images
on the client device at a rate of 50 FPS and a resolution of 426x240p. Images are compressed
on the client device in the Gabriel client, then sent to the Gabriel server using a custom C#
connection built around the Unity plugin BestHTTP/2 [33]. Gabriel [127] is an open-source
offloading framework that can run on a cloudlet and adds negligible delay to the response times
of interactive applications [56].

On the edge, images are processed by a computationally demanding subsystem. In the case
of V-Light this subsystem is OpenPose [45] which is used to identify player body position (see
game details below). The pose estimation is sent back to the client device in the form of key
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Figure 3.1: The V-Light tech stack
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point coordinates. This process is different from OpenRTiST, which sends back a fully processed
image. To save bandwidth and increase responsiveness, the original images are stored in an on-
device image buffer and displayed once pose data is made available. Note that while V-Light
integrates with OpenPose, other computationally demanding frameworks can also be swapped
into the architecture.

Our gameplay pipeline captures gyroscopic and user interaction data in Unity. It sends this
information to the game state controller client for encoding, then on to the server that synchro-
nizes game state across players’ devices. The controller tracks player shots, armor status, and
health status, among other game variables. Using this data, it computes overall game state based
on data from both clients, then sends the game state back to all client devices using our game
state controller.

To maintain game synchronization between devices, and to broadcast game information re-
garding hit status, we created a game state controller using the embedded library ZMQ [332].
Similar to Gabriel, the ZMQ network server resides on the cloudlet, while the client resides on
the mobile device. The game state server can synchronize data with an arbitrary number of client
devices.

Figure 3.2: V-Light running on an Android device

Finally, our pipelines come together in a Unity rendered scene on the client device. Pose
data from the image processing pipeline is used to locate the opponent in AR space. Combined
with game state data (e.g. armor damage), it is then used to render on-body AR elements on
the opponent (e.g., their armor see Figure 3.2). The Unity system also renders any room scale
objects in the scene, updates game interface elements, and displays real-time feedback about
game events, such as whether the player is currently being targeted.
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Feature Description Interaction Type
Multiplayer shooter Shooting is done by aiming with the mobile device

and tapping/holding to shoot. Both players interact
with virtual armor objects.

Single-player/multi-
player

Collection of ammu-
nition

Players must move around the room to find and col-
lect ammunition.

Single-
player/environmental

Competitive play Players shoot the opponent’s armor pieces to win the
round. Timed rounds support competitive play.

Interpersonal/multi-
player

Dodging and block-
ing

Players can avoid incoming shots by dodging or
blocking.

Single-
player/intrapersonal/
environmental

Table 3.1: Summary of features and interaction types of V-Light.

3.3.3 Game Design and Development

V-Light is a room-scale mAR shooting game for two co-located players. Each player takes the
role of an astronaut attempting to capture resources for their home planet. They use an mAR
interface to aim and shoot at their opponent, while simultaneously dodging and blocking their
opponent’s shots. Players must collect ammunition that is placed around the room in order to
continue shooting. If one player eliminates the other within two minutes, they win the round
and the resources. Otherwise, neither player receives resources. In both cases, the players can
immediately start another round.

To explore the design space of edge-native mAR games, we needed to create a game that
can currently only exist in edge-native form, while taking advantage of one or more of the key
affordances of mobile play. In other words, we needed to design a game that was computationally
demanding (beyond the capability of a mobile device), required low latency, and took advantage
of co-located multiplayer AR features.

A competitive shooter like V-Light has a low tolerance for latency [67]. Players shoot at
one another in real-time using an augmented interface. If the other player’s body is present in
the target area on their phone, then they score a hit. Rapid and accurate feedback is critical, as
players need to know immediately whether they are being targeted and where their shots have
hit.

For the computationally demanding component of the game, we chose OpenPose, a multi-
person pose estimation system that can detect body, hand, face and foot key points from images
[45]. OpenPose was a good candidate for edge-native gameplay because the computation of
the key points is intensive, but the processed data is relatively lightweight and can be sent to
client devices quickly. To integrate OpenPose with our core game loop, we created augmented
reality armor. Each user has five pieces of armor: a torso piece, two arm pieces, and two leg
pieces. OpenPose computes the location of the relevant key points (e.g. knees, elbows) and
sends position information back to the client. The armor is then displayed on the mobile device
in real-time, overlaid on the opposing player’s body. Players can block shots with their armor, but
each time a piece of armor is hit, it takes damage. When a player’s armor has been completely
destroyed, they lose the round. In other words, armor makes the OpenPose system a key piece of
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the shooter gameplay.
Finally, our game needed to integrate one or more affordances of mAR specifically. We

chose to design for player body motion within the space. To encourage players to move during
gameplay, our game supports dodging and blocking. When a player is being shot at, they can
move their body out of the target area (dodging) or move so that a piece of armor is in the way
(blocking). To further support player movement, we added a room scale feature: ammunition
supplies. Players can make a limited number of shots before running out of ammunition. To
replenish their ammunition, they must search the space for virtual supplies. These ammunition
containers are fixed relative to the physical space by using the device’s gyroscope, and therefore
players must move within the space to find them.

Taken together, these features of V-Light support the five categories of interaction outlined in
[36]. The features and their categorization in the model are summarized in table 3.1, below.

3.4 Technical and Design Challenges

The development of V-Light as an edge-native mAR game yielded multiple technical and design
challenges. The game underwent an iterative development process that was informed by our
explorations of the chosen edge technologies and from using insights gathered from playtests.
These playtests were conducted throughout the development process within the team and with
external participants.

The challenges we discovered affected the afforded interactions, and by extension the play
experience, across all five dimensions of the shared-world AR game model. The first challenge
was fostering player body motion, which was encountered when designing for greater movement
around the space with a mobile interface. The second challenge is scaffolding real-time multi-
player interaction, which is critical for a successful multiplayer experience. Our final challenge
was preserving immersion, which required particular attention to latency. Below, we detail these
challenges, how we mitigated them, and the effect on play experience.

3.4.1 Fostering Player Body Motion

In consideration of the environmental interaction we wanted to support in V-Light, particularly
with regards to player movement within the room, we made a number of design decisions to
elicit roomscale movement.

3.4.1.1 Aiming

In our early designs for V-Light, we wanted to make sure that players could carefully target
their shots at their opponent’s armor. We hypothesized that players would have to move around
the space to avoid these well-aimed missiles. Our early designs, therefore, allowed players to
manually control the targeting reticle on the screen. By moving the reticle with a finger, players
could home in on individual pieces of armor, such as their opponent’s most damaged piece. The
opponent would have to move fast to stay ahead of the damage.
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In playtesting, we quickly found that finger-based aiming was counterproductive for these
design goals. Players needed two hands to play the game: one to control the targeting reticle,
and one to shoot. During the aiming process, players would slow or even stop moving around
the space as they focused on small movements on their phone. Even when they were not actively
aiming, they rarely let go of the phone with either hand, which constrained their movement and
limited environmental interaction.

To address this issue, we fixed the reticle to the center of the AR screen, forcing players
to aim with gross body movement (moving their arm or wrist) rather than fine body movement
(moving the reticle with a finger). We observed that the new interface supported one-handed
play, increasing the range of body motion available to players. Players also did not stop moving
the rest of their bodies while aiming. Instead, the gross motor motion of aiming became a part
of their body-use strategy.

3.4.1.2 Using Cover

As players began to move more freely around the space, we found that they were often only
partially visible to the camera. In some cases, this strategy was used deliberately by players.
Taking cover behind objects in the room protected them from being shot, at least until their
opponent moved to see them.

Fortunately for us, the OpenPose system handles partially-visible bodies quite well. Despite
the lack of z-axis data (see below), OpenPose could recognize bodies that were partly hidden
behind other objects, or that were only partially in the camera view. Additionally, cover-seeking
and cover-countering behavior encouraged players to maneuver around the space.

Unfortunately, player behavior around cover introduced a new challenge. To negate the bene-
fits of cover, players would sometimes charge in close to their opponents. Not only did this make
pose detection unreliable, it also meant that players could be trapped by their opponent behind
an object or in the corner of the play space.

To address this issue, we added a “no go zone” between the players. Players’ weapons would
not work in this zone, which helped to enforce players staying far enough apart for both pose
detection and safety. This decision also increased body movement in our playtests, as players at
a greater distance have to move through a longer arc segment to counter an opponent’s choice to
use cover.

3.4.2 Scaffolding Real-Time Interaction
To create better single-player interaction with the mobile interface and multi-player interaction
among players, we needed to ensure real-time interaction included effective in-game feedback
mechanisms. An additional factor that affected real-time interaction was the exertion that came
from the room-scale and competitive nature of V-Light.

3.4.2.1 Dodging and Blocking

We did not just want players to move around the space; we also wanted their in-game interactions
within the space to be meaningful. We therefore wanted to design for real-time interactions
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around being shot. V-Light allows players to dodge their opponent’s energy blast, or to block it
with an armored piece of their body. A direct hit to an un-armored body part means that player
loses the game.

Because dodging and blocking are responses to the other player’s behavior, we needed to
give players advance notification that they were about to be hit. Originally we had planned to
have bullets travel through the AR space toward the player. However, while OpenPose provides
us with an efficient 2D pose estimation system, it does not provide z-axis data. Key points are
defined on a two-dimensional plane. We therefore could not implement “bullets travel toward
the player” with adequate reliability.

Instead, we created a charge-to-shoot interface. The attacking player needs to hold down the
shoot button for a full second in order to generate enough energy for the blast. When they release
the button, the shot fires. When a defending player is targeted during the charging process, they
receive a ”red alert” notification in their interface that gives them a chance to block or dodge.
This design change affected single-player interaction due to the interface change, as well as
multi-player and interpersonal interaction due to the time between shots. For example, multi-
player interaction can be slower and more deliberate due to the charging time, which means
players might use fewer bullets.

3.4.2.2 Resting

Early in our playtest process, we realized that we had inadvertently designed an aerobic exercise
game. Players quickly became out of breath - and when they did so, they stopped talking. Silence
meant the end of playful teasing, “trash talk,” or light role-play around the game characters.
Player speech also reinforced important game moments, such as calling out “I hit you!” Once
play became silent, the interface had to carry extra interpersonal weight.

To address this, we introduced timed rounds. Players were given the role of battling astro-
nauts, and their oxygen tanks would last for only two minutes. After each round of play, the
players had a chance to rest and catch their breath before the next round began. We found that
this sustained voice interactions between players for longer play sessions.

Adding rounds also fostered competition between players. First, players could win, lose,
or draw individual rounds. Second, it gave players who were behind a chance to catch up, by
having both players start each round with fresh armor and full ammunition stores. Finally, the
rest breaks became moments when players would evaluate their progress, joke about who won
the previous round, and insist on playing again to get another shot at winning.

3.4.3 Preserving Immersion
In order for players to enjoy V-Light, we need to ensure the play experience and immersion are
not interrupted by the fidelity of the augmented objects or other technical difficulties.

3.4.3.1 Armor Design

During our game development process, we found that 3D armor was difficult to convincingly fit
to a player’s body with only 2D pose information. We reduced the complexity of the problem
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by moving from armor with hard outlines to an ”energy field” design. Armor based on a particle
system was more tolerant of momentary errors in tracking.

While the armor design change improved the situation, we still observed armor-fitting prob-
lems related to OpenPose’s lack of z-axis. For example, when the player crosses one leg over the
other, the system cannot always detect which leg is in front. Rather than add a general-purpose
depth analysis algorithm and live with its computational costs, we captured a set of example
movements where depth processing would be needed. We also made some strong assumptions
based on our design. For example, armor rigidity means that distances between key points do
not change over time. This in turn allowed us to create a custom armor rotation algorithm rather
than solving the general-case problem.

3.4.3.2 Managing Network Stability

While our use of edge computing enables fast access to greater computing power, the stability of
the wifi connection used by the Android phones to connect to that computing power is not always
stable and not within our control. This would also be true for edge-based deployments outside
of this work, as network stability is not always guaranteed. These network stability issues could
have detrimental effects to the experience, and can introduce frustration in the interpersonal and
intrapersonal dimensions. To address potential issues of local network stability we implemented
a number of technical solutions.

First, we introduced a system for clients to automatically reestablish their connection to the
cloudlet server in the case of network faults. To do this, clients constantly check the messages
they receive from the game state controller for integrity. If the messages received appear abnor-
mal and remain that way for a period of two seconds, the websocket is automatically terminated
and reconnected to re-establish the state of the game. By doing so the robustness of the game is
greatly enhanced.

Even though the game makes use of the performance benefits of an on-premises edge so-
lution, we found that latency can still be a technical issue when players move too fast for the
rendered armor to follow their bodies. To reduce the noticeable impacts of latency on the game
experience in this situation, we implemented a buffering algorithm such that the client does not
have to wait for the server to return pose data before sending a new image frame. This buffering
approach allows the client to hold the image for a short period of time to wait for synchronization
with the pose data returned from the server. Using this strategy, the fluency of the visualization
is improved significantly and the latency becomes less noticeable.

3.5 Discussion

We set out to create a system that could support edge-native mAR games and provide a glimpse
into the future of mAR game design. In doing so, we have learned more about the challenges in
designing synchronous multiplayer mAR games at the room scale. Below, we elaborate on the
design and technical implications emerging from our exploration.
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3.5.1 Design Implications

3.5.1.1 Embodied Competition

We extend previous work on synchronous room-scale mAR games from a collaborative example
[35] to a competitive one. Rather than having players collaborate in their goals, V-Light presents
direct head-to-head competition between two players where the other player stands in the way of
victory. This pivot to competitive play evolves the multi-player, interpersonal, and environmental
interactions during play.

First, competitive play introduced cycles of escalation. When one player dodges, the other
player chases. This can result in situations like players trapping one another, shoving physical
objects, shoving each other, etc. Additionally, the interpersonal interactions are amplified by
heckling and trash talk. While competitive play, by nature, can encourage these interactions,
they may cause harm to the players. To address the environmental and interpersonal escalation,
we can draw from physical games, such as sports, or even informal playground games (e.g.
playground games) where rules are more flexible and are inferred from social norms [147].

One of the selling points of mAR is its portability; an mAR experience can be taken with
the user anywhere their mobile device goes. This means a competitive shooter like V-Light can
be initiated in any space. Games, be they formal physical games or informal ones, rely on the
physical context to establish the rules of play. The rules for street hockey will vary slightly to
those of ice hockey, for example. For the case of competitive roomscale mAR games, where
the experience can be taken anywhere, how can we “inherit” existing norms around appropriate
physical interaction during play from the chosen environment? In this case, the portability of
mAR games presents a challenge, since we cannot simply rely on “arena rules” or informal
“playground rules”. Competitive mAR games will thus need to provide ways to determine when
to invoke a common set of understandings around appropriate competitive behavior depending
on the environment.

This can be done in several ways. First, designers could take an explicit rule-based approach
that bans certain kinds of physicality. This could be problematic as there is a risk that the rigid
rules might run orthogonal to the physical nature of the gameplay, incentivizing players to not
follow those rules. Second, from a technical perspective, a no-go zone can be enforced, as was
the case with V-Light. The same concept can be extended to detecting when players are moving
too fast and acting accordingly to reduce their speed [94]. Third, a spatial perspective, an mAR
game can be designed such that it is only playable in a particular kind of space, like a playground.
This eliminates the need for multiple sets of norms and rules for each supported space, with the
added benefit of potentially inheriting that space’s pre-existing norms (e.g. a school hallway,
where running is generally not allowed). Finally, designers could utilize interface design to their
advantage. In our play tests, we saw that players’ movement was limited when the interface
required both hands to play. We evolved V-Light such that only one hand is needed to shoot;
however, designers could instead intentionally limit player movement by requiring both hands
on the device to play.
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3.5.1.2 Augmented Bodies

One of our innovations with V-Light was the use of OpenPose to position augmented armor
on the opposing player’s body. This brings the players and augmentation closer together in the
interaction dimensions; rather than interacting with other players and separate augmented objects
in the environment, the players themselves are the augmented objects, and the body becomes the
interface.

In our case, the computation to render augmented objects is camera-based. This means that
the computational interface that you have access to as a player is not your own body, but rather the
other player’s body. To interact with this interface, the player will need to track their opponent
with the camera to play the game. Compare this to an mAR game where the goal is to move
around the space to collect more augmented coins than the opponent; the players’ interactions
with augmented objects is separate from the opponent, and they do not have to follow their body
in space with the camera. This has additional implications for environment interaction; if players
need to constantly track each other to play the game, how can the design ensure they do not
bump into objects around the room that are outside of the camera’s field of view? Moreover, how
will the interaction with external augmented objects be affected? In V-Light we address some of
these visibility issues by rendering ammunition packs within the field of view of the device so
that players can quickly identify the location of the ammunition.

Finally, thinking forward, how does this augmented body interaction scale beyond a two-
player experience? How might this approach extend not only to more players, but also observers
who do not have devices? One possible scenario that builds on this concept is a team-based game
scenario where players without devices serve as NPCs of sorts. For example, they might portray
a horde of zombies that the players are trying to escape from.

3.5.1.3 Building a Time Machine

Edge computing is always going to live in the gap between mobile devices and cloud computa-
tion. At a larger scale, expectations for ”low” latency and ”high” computation are not constant.
Today’s high-end mobile devices, despite the hardware limitations we point out, have significant
computational power - more than entire servers only a few years ago. In HCI literature, Hudson
and Mankoff refer to investing in resources beyond what is currently feasible for the state of the
art, with the hopes of envisioning the possibilities when it does become feasible, as buying a time
machine [146]. Moore’s law applies to smartphones, meaning that V-Light can conceivably run
natively on a mobile device in the near future. Yet, when that time comes, and mobile devices
can run pose detection like OpenPose, our edge computing system will still let us see what is
beyond the state of the art.

Our time machine allows designers to pre-emptively explore complex designs and reflect on
the implications. Within games, game designers might consider how edge-native experiences can
allow innovation within established genres. For example, recent work on wearable technology
in larp (live-action role-playing) focuses on social wearables to support physical connection [72,
253]. The authors found that the technology available was deeply woven into the game design
process and social play. Edge-native mAR could provide larp designers with tools to create new
gameplay experiences. For example, imagine a computationally intensive system that uses 3D
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spatial audio data to predict social connections between players in a large (200+ person) larp.
Such a system could be used to provide real-time data to players on who they are talking to, as
the character may be expected to know things that the player does not. Connecting the system
to a conversational agent could help struggling players figure out what to do next, while game
organizers could view the social network map as a tool for planning their next event.

Our time machine also offers benefits for envisioning mAR futures in areas other than games.
For example, work on novel in-car interfaces can use prototyping hardware embedded in the
vehicle. However, prototyping vehicle-pedestrian interactions, for example with autonomous
vehicles, is currently done in VR simulations [73, 74]. mAR prototyping tools based on V-Light’s
architecture could support the rendering of simulations in live as opposed to virtual environments.
In turn, this might help autonomous car researchers better support the experiences of pedestrians.

At the same time, our time machine can help catch users with older devices up to the present.
Many global users are still using feature phones, while mobile devices for populations such as
children and the elderly are often deliberately limited in their features and design. Access to
bandwidth is, similarly, unevenly distributed. An edge-native experience that runs easily on a
high-end device over 5G is unlikely to work at all on a much older phone using an unreliable
network. However, edge computing can help that older phone run the same experiences that the
high-end device/5G network has access to under ordinary circumstances.

3.5.2 Technical Implications

3.5.2.1 Managing Complexity

Our system relies on low round-trip latency between the device and the edge. That means that
edge processing has to go fast, and the trip has to go fast.

There are different challenges for cases where you can add more edge compute resources
(e.g. decreasing the processing time for the computationally complex element of the game),
versus where it is easier to improve mobile bandwidth. However, designers typically will not
know in advance where people are playing their mAR games - as they are able to travel with the
player. We therefore need to choose computationally complex gameplay elements where there
can be real-time optimization about what gets sent over the network versus processed at the edge.
An example of this is our use of OpenPose, where we chose to send points rather than a processed
image. While we implemented this optimization explicitly in V-Light, it could, in principle, be
adaptive to network conditions. This would in turn shape the kinds of back-end complexity that
can be added to mAR games with edge computing resources.

While computational complexity increases, it will become possible to render more aug-
mented objects in the room. However, mobile devices’ screen size, and thus field of view of
the player, will likely not change greatly. If the complexity of the data processing increases, yet
screen size stays constant, the player’s ability to interpret the game’s information may be com-
promised. Addressing this challenge will require innovations in data visualization and interface
design to keep the experience playable.
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3.5.2.2 Beyond Latency

Our system focuses on tradeoffs between latency and computing power in game design. How-
ever, there are also other benefits to mobile games that edge computing can provide.

Scalability is an additional benefit of utilizing edge computing. While edge nodes will never
reach the level of scalability that is achieved by centralized cloud data centers, the increased
computational power at the edge can enable many mobile devices to offload their onboard com-
putation. Edge nodes are typically smaller in form factor and have lower power and cooling
demands, making them more conducive to ephemeral deployments. One can imagine quickly
provisioning a few edge nodes to support thousands of users at a gaming conference or a sport-
ing event. It is thus possible to develop games likeV-Light to support many players all sharing
the GPU resources at the edge, while still maintaining the latency bounds needed for responsive
gameplay.

Privacy is also a consideration for mobile games at the edge. Any data that is transmitted
or stored will not leave the boundary of the edge. For games that process sensitive information
about the user, for example by leveraging face recognition, the data will not be transmitted across
the internet to a cloud data center; it only needs to traverse a short hop to the edge node. This
may be particularly important for countries with strict privacy laws (such as GDPR in the EU)
which do not allow some types of data to leave the country. Further, not only would locally
sourced data not have to leave the edge environment but it could also be protected from external
interactions associated with toxic player behavior in online games [161]. Edge developers or
other edge operators could emphasize the privacy aspect of games deployed on their edge nodes
as a way to foster community-driven game servers or services.

3.5.2.3 Service Selection and The Edge

From the user perspective, discovering and utilizing these services is another challenge. Users
may wish to define criteria by which edge infrastructure is selected. These criteria may go
beyond simply the cloudlet with the lowest latency, but include specific hardware (e.g. GPU)
or service requirements (e.g pose estimation). For many users, simply finding the nearest (in
terms of latency) server will be enough, but for advanced users, they may wish to describe their
criteria in a more advanced way. This is analogous to the recommended video settings that many
PC games come with, compared to an advanced user who may wish to tweak all the individual
settings.

Developers will also face challenges in terms of deploying their games to edge environments.
Edge platforms may or may not be owned by the developer. The resources available in each
environment may vary greatly. Authentication/authorization and billing may be entirely different
depending on who is operating the edge node. Additionally, developers will need to consider
the challenges of deploying their games at the edge on heterogeneous edge infrastructure, be
it a telco’s infrastructure or a user’s. Extending work on opportunistic device interactions may
provide an avenue for addressing these limitations [79].

The resources of edge computing can be adapted to ensure that V-Light does not only work for
those who already have the most resources. For example, a cloudlet might monitor local network
conditions and serve a version of the software that supports higher packet loss, or take on more
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processing for users with older devices. Cloudlet resource deployment techniques could even
be used to increase the economic accessibility of applications built with architectures similar to
V-Light, for example by having a user’s search criteria for the ”best” nearby cloudlet include
application pricing.

3.6 Limitations and Future Work
Regarding technical limitations, V-Light is currently implemented for a single technical stack:
Android devices, Unity as the game client, and OpenPose as the computationally demanding
component. Our system architecture cleanly separates between client, messaging, and cloudlet
operations, which should allow any of these components to be swapped out. For example, we
could replace Android with iOS devices or OpenPose with a different computationally demand-
ing library. Future work is needed to evaluate this system with other components, such as sup-
porting iOS devices. Similarly, we tested only with wifi as our network component. Testing
our game with other network infrastructure, such as 5G, might change the tradeoffs between
on-device computation and network latency.

More broadly, our system currently makes some strong assumptions about the local network
environment. We assume that anyone who deploys our game will also have access to a custom
GPU-heavy edge server that they control. This assumption runs counter to the long-term vision of
mAR as a fully portable experience. For a proof of concept that our system supports edge-native
gaming, requiring server control is acceptable. In future work, we will have to consider strategies
for registering with nearby cloudlets and discovering what games are supported ”locally.”

We also did not go as far as we could have with offloading computation to the edge. While
our most computationally demanding operation (OpenPose) runs on the cloudlet, other compu-
tational demands remain on the client device, such as video rendering. Rendering on the client is
well within the capabilities of the client devices that we used, and even with on-device rendering
we demonstrate that V-Light provides edge-native gameplay. However, moving rendering and
other on-client activities to a cloudlet would allow truly lightweight client experiences that could
run on AR glasses or on legacy devices.

Another limitation of our system was choosing OpenPose as our body-detection system. The
lack of z-axis data in the pose estimates affected our design choices. We chose OpenPose due to
its efficiency and partial body-detection capabilities, at the expense of 3D pose estimation. Fu-
ture iterations could consider alternative pose-estimation algorithms, such as BodySLAM [11],
to continue to improve on pose detection. Additionally, we currently only use the edge infras-
tructure to perform pose estimation. Future work could explore offloading other functionality
such as depth estimation [316] [34].

Finally, we must reckon with the environmental implications of our work. Deliberately seek-
ing out a computationally intensive design space can be environmentally risky, as the case of
blockchain currencies demonstrates - and the wider the adoption, the greater the negative impact
on the environment. Mitigating these environmental risks will require commitments far beyond
the scope of one research team. However, we can work with sustainability researchers to identify
more-sustainable ways to explore this space, such as requiring cloudlets running our software to
be powered by renewable energy.
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Our long-term goal is for V-Light to enable a new generation of game (and other) mAR
experiences, and more work is needed to truly explore this design space. Our game was created
by a five-person student team, and was only internally tested. External playtests and user studies
are required to further examine V-Light’s game experience. Following this, we will collaborate
with game designers at a range of expertise levels, from novices to professional independent
designers, to design and develop games built on V-Light’s architecture. Through this process, we
will continue our use of the edge as a time machine and identify further design opportunities and
challenges in the space.

3.7 Conclusion
Due to the limitations of mobile devices, current mAR experiences trade off on-device compu-
tation with remote-computing latency, which limits the design potential of mAR games. Our
game, V-Light, leverages edge computing for its multi-player, room-scale mAR gameplay that
has both high computational demands and low latency. This paper contributes a set of design in-
sights for creating complex, roomscale mAR games. We believe that V-Light has paved the way
for establishing best practices for roomscale, synchronous multiplayer mAR games. We hope to
make the future afforded to us by the edge time machine a reality, with future iterations both in
the domain of game design and beyond.

Within the arc of this dissertation, V-Light marks where my interest in data-driven creativity
tools began. The project was framed around player data rather than creator data, but building
it made clear that how data is captured, processed, and routed through a system shapes what
creators are able to make. That lesson, that a tool’s data capabilities can change the kind of work
a creator can do, carried directly into my next project. Where V-Light built a pipeline around
data about players’ bodies, MARS turned to live data that creators themselves generate in the
course of their work, asking what becomes possible when a streamer’s live gameplay data is
made available to their audience.
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Chapter 4
MARS: Metadata-Augmented Real-Time

Streaming for Audience Engagement

This chapter describes MARS (Metadata-Augmented Real-Time Streaming), a system that streams
gameplay metadata to viewer interfaces in real time, enabling features like contextual overlays,
asymmetric gameplay, and personalized viewer experiences. This chapter provides an overview
of the MARS architecture as well as three example demos of MARS’ capabilities. MARS high-
lights the potential of real-time creator data to support new forms of interaction and shift engage-
ment responsibilities within the live streaming ecosystem.

This work was originally published: Noor Hammad, Erik Harpstead, and Jessica Hammer.
2023. The View from MARS: Empowering Game Stream Viewers with Metadata Augmented
Real-time Streaming. In The36th Annual ACM Symposium on User Interface Software and Tech-
nology (UIST ’23), October 29–November 01, 2023, San Francisco, CA, USA. ACM, New York,
NY, USA, 13 pages. https://doi.org/10.1145/3586183.3606753

4.1 Introduction
Live streaming platforms, particularly Twitch and YouTube Live [223], have seen an exponential
growth in popularity in recent years. These platforms allow streamers to share content with
viewers, creating a live experience where viewers and streamers can react and engage with the
same content at the same time [252]. The growth of live streaming has seen it evolve and mature
from niche entertainment into a medium with millions of daily viewers [5], streamers who are
employed full-time via their streaming income [317], and a diversity of content that includes
informal learning around topics such as art creation or programming [93, 102]. While Twitch is
now home to many different genres of streams, video game streaming remains the most popular
form of streamed content.

Current streaming interfaces support live viewer interaction with the streamer, e.g. through
text chat. However, viewer interactions with content from the game being streamed are limited
to watching the streamer’s video. Anything the viewer wants to happen - such as turning on
an accessibility feature or seeing a different part of the game by panning the game’s camera -
must go through the streamer. Both streamers and viewers appreciate interaction [171, 175],
but viewers cannot count on getting the streamer’s attention, particularly in larger streams [100].
Additionally, different viewers may want different things; one viewer might want to learn how to
play the game while another wants a recap on the action that they missed, and the streamer may
not be able to accommodate both. Finally, without the ability to indicate a specific referent (e.g.
that game unit), viewers struggle to communicate what they want in text [116].

Previous systems have focused on aggregating viewer engagement and interactions with the
streamer, rather than empowering individual viewers to independently augment their experience.
For example, Helpstone is a streaming extension for the game Hearthstone that allows viewers
to vote on what strategy they think an opponent should use, to draw lines on the screen that the
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streamer can see, and to up-vote and down-vote comments for the streamer’s attention [172].
The audience participation game (APG) God of Socks and Spoons gives an individualized role
to up to ten viewers. Each viewer can independently choose which resource to produce for the
streamer, but their participation is focused on increasing engagement with the streamer instead
of giving them the capacity to control aspects of their experience without the streamer involved
[116]. In both cases, the systems point to the value of game-aware interfaces for viewers, which,
unlike typical game-agnostic interfaces, allow viewers to interact with game objects using video
overlays in real time.

We build on the concept of game-aware streaming interfaces to empower game viewers with
our system MARS: Metadata Augmented Real-Time Streaming. MARS is a system that enables
any Unity game’s real-time information to be rendered on a viewer’s Twitch interface. We de-
signed MARS such that a game developer can customize what metadata to send to a live stream,
and a front-end developer can design and implement a game-aware overlay interface that aug-
ments the stream video. We use a thin viewer client, replay data, and screen coordinate mapping
to render the overlays without needing to know anything about the game engine or screen layout.
Game developers, fan communities, or researchers can create their own game-aware interfaces
for any MARS-enabled game, and viewers can use the interface in whichever way they prefer
without relying on the streamer’s gameplay.

To accomplish this, our technical contribution addresses the following challenges:
• Tracking and transmitting relevant moment-to-moment

metadata from games
• Spatially and temporally orienting transmitted metadata

in terms of the streamed screen space video
• Exposing metadata in a clear, non-proprietary,

and accessible way for use by a range of front-end developers.
We have identified three use cases for the MARS system that showcase different ways the

system can empower users. First, a MARS interface can provide contextual information, such
as allowing the viewer to click on a game unit and get more information about it. If a viewer is
watching an unfamiliar game, they are now less dependent on the streamer to understand what is
happening. Second, a MARS interface can add accessibility features, such as enlarging the game
text, or translating it into a different language. Viewers with access needs can have those needs
met without the streamer’s intervention - even if the base game does not provide the accessibility
feature in question. Finally, a MARS interface can support novel stream-based game designs, for
example by providing viewers with information that is hidden from the streamer.

In this paper, we describe our development of the MARS system and identify its set of core
technical features needed for the system’s success. We then illustrate the system’s capacities
using three different game prototypes: a tower defense game that allows viewers to retrieve
contextual information; a visual novel with added viewer-side accessibility features; and a puzzle
game that relies on asymmetric information between viewers and the streamer. Taken together,
our prototypes provide proof of concept that our system meets its technical goals, as well as
demonstrating a range of possibilities for viewer empowerment using the system. We conclude
with a discussion of additional designs that are made possible by this system. We thus contribute
the following:
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1. A scalable system architecture that supports metadata gathering from any Unity game

2. An approach that localizes the metadata to the correct screen space and accounts for stream
delay

3. A platform that supports the development of game-aware overlays using any modern web
framework

4. Three system prototypes that demonstrate the system’s technical capabilities

4.2 Related Work
Live streaming platforms such Twitch and YouTube Live enable streamers to broadcast their
content to a live audience. Across platforms, the live streaming interface setup that has become
familiar consists of a camera view of the streamer, which is overlaid on a video of the streamer’s
content, and a chat panel where viewers interact with themselves and the streamer [223]. In the
following, we review literature on augmenting this interface, and related literature from the field
of live streaming.

4.2.1 Augmented Streamer Interfaces
4.2.1.1 Chat Augmentations

Stream chat provides an opportunity for streamers and viewers to connect in real-time, and both
parties value that opportunity [64]. However, in large streams, high chat volume can make the
chat effectively unusable, as messages scroll by at high speed [101]. Conversation Circles [202]
uses “neighborhoods” to limit what chats the viewers sees, thus helping viewers communicate
and make sense of the chat in streams with many viewers. When installed in a streaming channel,
it improves the chat in real-time. TwitchViz [217], on the other hand, is a visualization tool de-
signed to help surface relationships between chat behavior and moments of gameplay. Streamers,
game designers, and other stakeholders can use TwitchViz to reflect on what moments of game-
play produced the type of chat interactions they desire.

Chat interfaces can be used for novel interactions. For example, early audience participation
games (APGs) use the chat channel to participate in the game alongside the streamer. This began
with viewers simply giving instructions to the streamer, but the technology for this has matured.
“Twitch Plays”-games allow a crowd of viewers to influence a game by automatically aggregating
their input in chat and connecting that to game behavior [227]. However, all commands are given
in text. Further work in APGs build on this by creating arbitrary HTML interfaces that viewers
can manipulate, which then encode viewer interactions in a special hidden chat channel that is
connected to a Unity back-end [116].

Multiple studies have found that viewers switching back and forth between the video in-
terface and the chat while simultaneously attempting to manage interactions is a challenging
experience. In the context of APGs, viewers needed strong direction for where to put their atten-
tion at any given time, and game designers needed to work around this conflict [116]. Another
study found that viewers explicitly requested supplementary interface elements to be overlaid on
video because they found switching their attention distracting [171].
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Table 4.1: Summary of Relevant Systems

System Game-Aware Real-time Augmentation Overlaid on Video

Requires
Additional

Installation
By Streamer

Twitch Plays Pokemon N N N Y
TwitchViz N N N N
Glickman et al APG Y Y N N
HelpStone Y Y Y Y
Conversation Chat Circles N Y N N
StreamSketch N Y Y Y
MARS Y Y Y N

4.2.1.2 Video Overlay Augmentations

Twitch extensions are a new addition to the Twitch ecosystem [128] and enable the rendering
of overlays onto the interface using modern web frameworks. Twitch has few categories of
extensions for viewer engagement, such as specific game information supports, general tools for
scheduling and countdowns, and streamer tools such polling and voting. They are overlaid on
the stream or around the stream. The streamer selects and installs them, and some of them are
also viewer-interactive. For example, there are closed caption extensions that provide closed
captioning for the streamer’s voice. The streamer has to install it - but once they do, the text
appears for all viewers as an overlay at the bottom of the stream. In many cases, the viewer can
interact by opening and closing the closed caption panel. Twitch extensions are a core part of
the MARS architecture, yet previous implementations of the extensions technology are usually
in the form of polls and donation links. Although there are a limited set game-specific extensions
available, such as Dead Cells or Hearthstone that are integrated with the original game and
provide some game-aware capabilities [264, 280].

Most stream overlays are game-agnostic. They provide a feature, e.g. polling or a donation
tracker, that does not interact with game data. A few integrate data from the streamer’s gameplay,
which we consider to be game-aware. However, existing game-aware overlays (and most others)
often require the streamer to install additional software on their computer, such as the Overwolf
framwork [1]. Moreover, extensions that have game-aware capabilities such as Dead Cells are
few and far between, and are typically only developed for the most popular games and eSports.

Another approach is to allow viewers to draw on top of the stream video. StreamSketch is
focused on allowing viewers to add open-ended sketches, similar to a whiteboard interface [191].
The system StreamWiki was created to support information archiving once a stream is over, and
allows viewers to add information that can be viewed after the stream [189]. StreamSketch
and StreamWiki offer novel interaction mechanisms for viewers; however, they were not built
specifically for game streams and thus do not create game-aware interfaces.

Helpstone is an augmented viewer interface for the deck-building game Hearthstone. This
system offers additional communication channels for the viewers, such as allowing them to draw
lines on the screen to suggest moves to the streamer or voting on the strategy the streamer is
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applying [172]. Helpstone is focused on fostering two-way communication between streamers
and viewers, and as a game-aware system it was a major inspiration for the development of
MARS. While Helpstone provides an initial example of the potential for a game-aware viewer
experience, it was limited to turn-based games with fixed cameras, such as digital tabletop games.
Additionally, the system required viewers to manually configure data synchronization in order
to see data in real time. Our system addresses both of these shortcomings by enabling real-time
metadata to be automatically synced to video in time and space, while adjusting for dynamic
motion of game elements.

The above systems address the need for novel viewer interaction mechanisms in various
ways. MARS integrates features from these systems into a single architecture to enable new
functionality; MARS uses video overlay augmentations in real-time; MARS does not require the
streamer to install any additional software; MARS is a game-aware system that can be general-
ized to many genres, including ones that rely on dynamic camera movement. Creating MARS
to be a system for real-time, interactive game-aware overlays for arbitrary games required a sub-
stantial technical pivot from previous work in this space, which we will discuss in later sections
of the paper.

4.2.2 Viewer Needs
A key affordance of live streaming is the “liveness” of the experience, where users can experience
an event in real-time with shared social realities [69, 311]. In large-scale streams such as eSports
tournaments, the liveness is akin to a digital stadium where the crowd expresses itself in the text
chat [101, 129]. However, liveness also matters in smaller streams. Viewers are mutually aware
of each other, and being able to experience a game together at the same time and the streamer’s
reactions can be rewarding for viewers [129, 237, 252]. Similarly, Diwanji et al found that Twitch
viewers are able to create a feeling of digital co presence among themselves and the streamer
[82]. Hamilton et al further define Twitch’s live affordances as providing a ”third place” where
streamers and viewers can build relationships [129]. A ”third place” refers to contexts outside
of the home (the first place) and workplace (the second place), and Hamilton et al extend this
by saying virtual third place is an online space where people can engage in social interaction
and community building in a manner similar to traditional third places, such as coffee shops or
community centers. Glickman et al argue that live streams can be a ”distributed digital hearth”,
where participants gather around the stream for a shared activity [116].

At the same time, live streaming viewers have heterogeneous motivations and needs. In a
study of spectators of StarCraft 2, Cheung et al defined nine viewer personas, ranging from pupils
who seek to learn how to play to socializers who enjoy interacting with other spectators [58].
Viewers can be motivated by entertainment, information-seeking, socialization and community
building, and/or tension release, and they may value different parts of the streaming experience
[122, 139, 258]. For example, Schuck et al propose five different types of viewers: System
Alterer, who prefers to influence the game being played; the Financial Sponsor, who is interested
in financially supporting the streamer; the Content Observer, who wants to view the stream
without using interactive elements; the Streamer-focused Observer, who watches because they
are interested in the streamer; and the Social Player, who prefers to interact with the streamer and
other viewers playfully [250]. Even when viewers share the same motivations and preferences,
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Figure 4.1: A schematic description of the MARS architecture

they can drop in and out of streams at any time [116, 325]. This means that individual viewers
can also have different amounts of context for what is happening in the stream. However, an
individual viewer’s context might change based on circumstances, such as how long their current
viewing session has lasted, or how much attention they’re paying to the stream. The same viewer
might have different access or control needs or wishes during different engagements. Not only
do viewer needs vary from person to person, but can change for the same user. Despite these
differences in motivations, viewers generally prefer the interactive elements of a live stream
interface even if they choose to passively view the live stream [171, 175]

Taken together, these two bodies of literature suggest that viewers need support for both
shared and personalized experiences. Most existing work focuses on improving the shared ex-
perience. Some of that is explicit, such as systems that support improvisational theater in the
streaming context [192]. Some are implicit in the focus on systems that the streamer controls
that are the same for all viewers, such as the design of Twitch extensions. Fortunately, per-
sonalization does not have to be at odds with having a shared stream experience, as our demos
illustrate below.

4.3 The MARS System

MARS is a live streaming system that enables the creation of metadata augmented viewer-side
streaming interfaces using real-time data. Below, we first describe the overall system architecture
of MARS. We then give a brief overview of the metadata structure used throughout the system.
Finally, we describe each of the components in detail and highlight the novel affordances that
they enable.

Throughout the system individual frames are referenced by unique ids. A start frame is used
to provide reference to initial settings for a given streaming session including the start time of
the current game in the streamer’s frame of reference, screen rendering dimensions, and the
broadcast key and tween frame rates. Individual frames of metadata are stored with sequential
ids. Finally, a latestFrame provides a description of the most up to date state of the game along
with a frame id for the corresponding individual frame.
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4.3.1 System Overview

The MARS System is composed of three main components (See Figure 4.1 for a schematic
description):

1. Unity Metadata Tracker: A set of tools for the Unity game engine, which provides a
system for tracking and serializing relevant GameObjects into frames of metadata that are
sent to the Redis Middleware at definable frame rates.

2. Redis Middleware Service: A service hosted on Amazon Web Services (AWS) that re-
ceives and indexes metadata by frame to allow for asynchronous access by viewers with
different latencies relative to the streamer.

3. Twitch Overlay Extension: A front end Twitch Extension that retrieves metadata from
the Redis Middleware and renders it to Twitch viewers in sync with the live streamed game
and localized to viewer screen space.

The MARS system architecture enables any number of Twitch streamers to play a MARS
enabled Unity game on their channel while allowing any number of viewers to engage in the
stream via a real-time metadata augmented interface. To start a MARS experience, a game
developer must first implement the Unity Metadata Tracker within their game. The tracker must
be configured to the correct middleware URI that is hosted on AWS. Then, a Twitch streamer
must install the extension to be used on their channel, as is standard practice with all Twitch
extensions. They can then stream the game to their Twitch channel using conventional streaming
technologies such as OBS [4]. For the metadata to be rendered on the viewer side, a front-
end developer (who may or may not be the original game developer) must implement a Twitch
Overlay Extension using our front-end extension code to render a desired viewer experience. The
front end developer must also ensure the metadata is received from the correct middleware URI
that corresponds with the game being streamed.

4.3.2 Metadata Structure

The metadata structure that MARS adheres to is consistently used throughout the system. The
metadata is organized as a series of frames that encode relevant game state information for ren-
dering. We draw on the animation concepts of ”key frames” and ”tween frames” in our imple-
mentation [3]; Key frames define the start and end of an animation sequence, while tween frames
are the set of frames between two key frames that allow for the smooth transition between one
key frame and the next. In our case, a given frame of data contains both a keyframe, which en-
codes game state information for all actively tracked objects in the current scene, and a collection
of tweens, which encode state information for volatile objects that changed more frequently than
a single keyframe. The rate at which keyframes and tweens are captured is customizable and
may vary from game to game. In our demos, we used a keyframe rate of 1 frame per second and
a tween frame rate of 24 frames per second.

Within a single frame, the metadata representation for a given object contains both a screen-
Rect that provides the x and y position, width and height dimensions, and z depth from the
camera of a box that encompasses the object on screen, as well as a customizable JSON blob
that provides additional game-specific information about the object. In addition to the metadata
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Figure 4.2: An example metadata frame and corresponding game state screenshot. This
example involves a simple red character that walks around the screen following set waypoints.
The walker has a randomly generated secretName, which is not visible to the player. Note that

this example uses a key frame rate of 1 and a tween frame rate of 3.

of tracked objects, frames also contain the current game time (in seconds since the start of the
game) and frame id. Figure 4.2 shows an example metadata frame taken from a debugging scene
containing a single red character that walks along a set path of waypoints. Note that while this
example uses a keyframe rate of 1 and a tween framerate of 3, only two tween frames are present
as rounding in game times results in occasionally dropped tween frames.

The philosophy behind our metadata gives us a few benefits. First, we chose the metadata
structure to tune the metadata’s size by reducing the payload space of low volatility data. This
structure also follows a ”log-to-display” philosophy, which incorporates screen space informa-
tion that reflects how the data will be used on the front end. This differs from existing systems’
use of developer-provided game logs [172] which are designed to produce metrics for later analy-
sis. While game logs are common practice in games, particularly among competitive games such
as eSports, not all games that are streamed on Twitch provide public access to their game logs,
nor are they created with the ”log-to-display” intention. As such, in developing a generalizable
system such as MARS, we could not assume that log data would be available nor adhere to the
same structure across many game genres. Our system is thus neither aware of game mechanics
nor makes game-specific assumptions about interactive zones; it derives this information directly
from the metadata to be displayed on Twitch.
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4.3.3 Unity Metadata Tracker

The Unity MetadataTracker is designed to harmonize with Unity’s common GameObject / Com-
ponent programming paradigm [291]. In order to track a given object a developer must register
it to the MetaDataTracker. This can be done by extending a provided MetadataTrackable base
class Component, which automates some aspects of registration and behaves similar to Unity’s
own MonoBehaviour structure, or adhering to an IMetadataTrackable interface, if the underlying
game architecture requires more flexibility. Both options provide callback functions which allow
implementers to specify custom metadata to be added to the JSON blob of a frame.

Once objects are registered, the MetaDataTracker martials registered objects into key and
tween frames, at user definable rates. When a new keyframe is captured the previous keyframe
and all tweenframes since are packaged and sent to the Redis Middleware Service over a web
socket connection. This system makes it easy for developers to annotate and transmit relevant
moment-to-moment metadata from games to viewers.

In addition to providing a system for tracking and recording metadata, the Unity package also
provides tools for spatially orienting the transmitted metadata into viewer screen space. APIs
are provided that calculate screen space rectangles relative to in-game cameras for a number of
common Unity primitives such as MeshRenderers, Colliders, and Sprites, which correspond to
viewer screen space used in the Twitch Overlay Extension. This means that all that is needed
to localize the data in the extension is dividing the metadata screen rect values by the viewer’s
screen width and height. Using this information metadata can be localized on screen enabling
novel viewer-side interactions such as hovering or clicking on elements to see additional infor-
mation, or overlaying existing game elements with alternative visuals, which we demonstrate in
our demos below.

4.3.4 Redis Middleware Service

The Redis Middleware Service is a Redis database hosted on an EC2 server provided by Amazon
Web Services [17]. Along with providing a reliable and secure method to serve metadata to the
Twitch Overlay Extension, Amazon EC2 servers give us the scalability that makes it possible to
support any number of streamers or viewers. For example, if one Twitch streamer is playing a
MARS-enabled game on their channel and experiences an unexpected influx of viewers, the EC2
server can scale to support the expanded audience.

For every EC2 instance that can be launched for a MARS-enabled stream, a database is hosted
on that instance that receives metadata frames from the Unity Metadata Tracker and indexes them
by frame id to be served by request to the Twitch Overlay Extension. The database that makes
this possible is Redis [231], a database that provides fast and secure storage for key-value data.
We chose Redis because of its speed and security, and due to the availability of APIs on both
the Unity (.NET) and Twitch (Node.js) aspects of the system that allow us to interface with the
Redis instance hosted on AWS.

38



4.3.5 Twitch Overlay Extension

The Twitch Overlay Extension makes use of Twitch’s Extension tools, which allow third-party
developers to augment the Twitch interface [128]. Twitch Extensions are front-end web applica-
tions that are hosted by Twitch. They are rendered within Twitch’s interface and are composed
of two main components: (1) and Extension Backend Service, which provides access to hosted
assets and external data, and (2) a Front End Overlay, which renders visuals and drives viewer
interactions. In our case, the Extension Backend Service acts as a pass-through to the Redis Mid-
dleware Service as a means for querying individual and collections of frames, while the Front
End Overlay synchronizes data to the video stream and provides access to an up to date model
of the game world.

One of the benefits of using Twitch-provided tools is that we can use stream information
that Twitch offers, namely the viewer-side latency, to temporally synchronize the overlay with
the game data automatically. This is done without the viewer needing to manually calibrate the
system. In order to sync metadata to the live video stream the Twitch Overlay Extension makes
use of two buffers of metadata, and initial buffer and a forward buffer. A fundamental assumption
of this approach is that game streaming services like Twitch impose some amount of intentional
broadcast delay (usually on the order several seconds or more). This means that the metadata
being sent through the MARS system is guaranteed to be ahead of the content of the video stream
from an individual viewer’s frame of reference.

When first connecting to a stream the Twitch Overlay Extension queries the start and latest
frames from the Redis Middleware Service. Using the streamer start time and frame rate settings
from the start frame, and an estimate of stream delay provided by Twitches Extension tools
[288], the Overlay Extension calculates how many metadata frames its current video stream is
behind the current latest metadata frame. Using this estimation, the initial buffer is constructed by
querying the Extension Backend Service for all metadata frames between the latest and estimated
current frame. Once the system has been initially synced, a process is started which periodically
queries the current latest frame from the Redis Middleware Service and adds it to the forward
buffer, which is used once the initial buffer has been expended. This approach ensures that
metadata remains temporally synchronized to the streamers video at all times.

With the initial and forward buffers maintained by the syncing algorithm, the Twitch Over-
lay Extension loops over the buffered data to update a persistent world model of the live game
metadata. The world model is a hierarchical JSON object that contains all of the metadata from
the most recent keyframe and any changes from ensuing tween frames. The world model is ex-
posed by the extension code in an open and readable format to enable front end developers to use
information to drive custom rendering or interactive experiences. The underlying Twitch Exten-
sion Overlay system is not opinionated about how rendering is performed and could in principle
be used in conjunction with any number of front end frameworks such as React, or HTML5
game engines such as Phaser. In our own demos we manipulate SVG tags to enable lightweight
interactions.

39



(a) Tower Defense game view that is streamed
to viewers and played by the streamer

(b) The Tower Defense overlay that is visible to
viewers, which reveals statistics about game

units and information about upcoming enemies

Figure 4.3: The Tower Defense game, played by the streamer, and overlay, seen by the viewers

4.4 Demos
MARS is built because gameplay spectators have varying needs [58]. For instance, they have
different levels of prior experience with the game being streamed, and thus recognize visual
cues from the game differently. Moreover, viewers have different goals, such as improving their
gameplay skills or socializing with the other viewers and streamer [129]. Viewers may also have
different accessibility needs and require varying levels of support to fully enjoy the streaming
experience. While streamers want to meet these needs of the viewers, it is already difficult for
them to manage their audience while playing [101] and they have a limited ability to communi-
cate non-verbally when it comes to addressing in-game objects [285, 321]. It is also impossible
for the streamer to meet the access needs and conflicting goals of their individual viewers.

To showcase that MARS is able to meet these needs of viewers, we built three demonstration
implementations that each use different Unity games and corresponding overlays using Twitch
extensions. These demos showcase the key capabilities of MARS, namely enabling personalized
information seeking for viewers, supporting accessibility needs, and affording novel live stream
interactions using asymmetric game design. In addition, we chose the demos to highlight the
complexity and breadth of games that are supported.

4.4.1 Contextual Information Cues - Tower Defense
Tower Defense is a 3D strategy game in which a player must stop waves of enemies from at-
tacking their base. Enemies come in different classes, such as buggies, tanks and hovercopters,
each with their own abilities and weaknesses. The player defends their base using towers and
weapons which can be placed around the map. Each enemy that makes it through the defenses
and into the base will result in a health deduction, and if enough enemies overcome the player’s
set up defenses, the game is over. If the player survives the specified number of waves, they will
clear the level and be given a rating out of three stars. The fewer enemies that make it into the
base, the better the star performance.

Tower defense games represent information rich environments where experienced players
make use of complex strategies to get the most out of their tower placements [230], but less ex-
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(a) Bloomwood Stories overlay
is enabled, with the viewer

adjusting the font type, size,
and color.

(b) Bloomwood Stories overlay,
shown here with translated

in-game dialogue. The
dialogue is now displayed in

French.

Figure 4.4: Bloomwood Stories game view as seen by the streamer, and overlay features as
enabled by MARS

perienced viewers may struggle to understand the details of a particular scene. From the viewers’
point of view, a MARS extension can be enabled in their video that reveals contextual information
about the units in the game. Viewers can hover over both towers and enemy units to reveal their
current health, strengths, and weaknesses. Viewers can also see what enemies will be spawned
in the next wave.

By giving viewers the ability to explore this additional information at any time, we can in
turn enable personalized sensemaking. As the game progresses, the level is populated with many
enemies and defense units which can overwhelm drop-in spectators and beginner viewers. Al-
ternatively, viewers who are experts in the game can use the contextual information to provide
hints and suggestions to the streamer. Without the overlay, viewers would have to rely on the
streamer to hover over objects or to provide audio-visual commentary on the game. However,
with MARS, viewers, regardless of their expertise or drop-in status can independently access
information to support their own sensemaking.

Beyond the motivating use case of supporting viewer information needs, this demo was con-
structed to showcase technical capabilities. The Unity project is built using the tower defense
template provided by Unity technologies [290], in order to show how our system can be inte-
grated into a conventionally constructed Unity game. Additionally, the 3D art assets and dy-
namic camera serve to demonstrate the potential for our system to localize metadata to screen
space while the player’s perspective shifts. In other words, even in a 3D space, the front-end
overlay will update in real time whenever the streamer moves the camera. Figure 4.3 shows the
streamer’s perspective of the game and overlay that is enabled on the viewer-side.

4.4.2 Accessibility Support - Bloomwood Stories

Bloomwood Stories: Block Party is an award-winning first-person visual novel where the player
takes on the role of a community manager that completes quests [281]. To do this, the player
engages in conversation with the non-playable community members and selects dialogue choices
to affect the narrative. This narrative-driven game was designed to boost health literacy and self-
efficacy among players.
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Bloomwood Stories is a text-heavy game where conversing with community members and
selecting dialogue options are core mechanics. This heavy reliance on text can be a barrier of
entry for viewers with cognitive or vision impairments. Bloomwood Stories is also an English-
language game, viewers who are not fluent in reading English may require support to understand
the game’s narrative. Accessibility barriers in video games have regularly excluded disabled
individuals from enjoying the game to the fullest [31]. Fortunately, there has been an increasing
number of mainstream digital games with robust accessibility features, such as The Last of Us:
Part 2 and Celeste [110, 150], however the widestream implementation of such features is not
yet commonplace in all games. These accessibility barriers in games, particularly those related
to vision impairments, translate into the live streaming viewing context as well. Consider the
following example scenario:

In a live stream where the streamer is playing Bloomwood Stories, a viewer with low vision
joins the stream and is interested in experiencing Bloomwood Stories’ engaging narrative. How-
ever, since Bloomwood Stories does not use audio to supplement the text, the viewer struggles to
read the text due to the small font size. Additionally, while attempting to read the text, the viewer
is interrupted by the streamer moving onto the next dialogue option, leaving the viewer behind
in the narrative experience.

Joining in parallel in this stream is another viewer who is not a fluent English reader. This
viewer is also a drop-in viewer that joined in the middle of the stream and has missed the ear-
lier plot points in the game. This in turn means the viewer is not able to fully make sense of
Bloomwood Stories’ narrative, which reduces the viewer’s level of enjoyment.

The MARS enabled Bloomwood Stories demo is built to support viewers such as these two
personas. The Bloomwood Stories extension overlay on Twitch enables text manipulation fea-
tures for the dialogue and text interfaces of the game. For example, viewers are able to modify
the font type, size, and color to match their readability needs. To cognitively support viewers who
want to read at their own speed, and to help drop-in viewers, the extension implements “next” and
“previous” arrows that retrieve previous dialogue from the game. The above features were drawn
from the cognitive and vision accessibility suggestions from the Game Accessibility Guidelines
website from Able Gamers’ Accessible Player Experience Design Patterns [2, 149]. Addition-
ally, viewers can choose to have the displayed text translated into their own native language using
the Google Translate API [121] to enable access to a larger global audience of speakers. Figure
4.4 demonstrates MARS in action and the implemented accessibility features.

This demo was chosen to illustrate how multiple users could have personalized front-end
experiences with the same game stream. From a technical standpoint, we wanted to explore how
to integrate MARS into a previously released, complete game. We found that understanding the
existing codebase, in particular to identify the objects that needed to be tracked, was the most
challenging part of the implementation. This challenge is not specific to the MARS system,
but does suggest that teams implementing MARS would benefit from prior familiarity with the
game’s codebase, even if they are not doing it in parallel with other development tasks.

4.4.3 Asymmetric Information - Invisible Maze
Invisible Maze is a 2D game where a player must escape a dungeon by placing four gems into
their corresponding pedestals. To do this, the player must navigate through a room of treacherous
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(a) Invisible Maze game view, with the player
having partially navigated through the maze

and approaching a gem

(b) Invisible Maze overlay that marks the safe
tiles in yellow and draws lines to highlight

where the gems should be places

Figure 4.5: The Invisible Maze game and overlay as enabled by MARS. With both sets of
information, the streamer and players can successfully complete the level

tiles, where some are safe to walk on and others will break, falling into lava. Stepping onto a
lava tile is a game over condition which causes the player to go back to the start of the maze and
navigate back to where they left off. Invisible Maze is inspired by 2D dungeon crawlers and the
early Legend of Zelda games.

In a Twitch live stream, the streamer playing Invisible Maze has no indication of which
floor tiles are safe to walk on, and must rely on trial and error to determine the correct gem
placements. Viewers, however, can be provided with information that the streamer does not
possess. For example, they can see the correct path for the maze and where the gems must be
placed to clear the room. Enabling the Invisible Maze MARS extension in their video player
gives viewers access to this information (See figure 4.5). The tiles marked in yellow indicate the
safe path, and the red lines indicate which pedestal the four gems belong to.

To help the streamer, viewers can share information in the text chat, and together, the streamer
and their viewers can clear the dungeon successfully. For example, if a streamer is playing
Invisible Maze and has two of their viewers (V1, V2) enable the extension, V1 can help the
streamer get started in the maze by typing:

V1: “The way into the maze is six in from the right. You should be able to go up three tiles
from there then turn left”

With the gems scattered across the room, V2 sees which gem is closest to the streamer:
V2: “I think after you turn right you should try to get that blue gem over there. That way you

don’t have to backtrack.”
V1: “I agree, you’ll have to move seven tiles to the left and then it will be right above you, it

goes on the first pedestal on the far size of the room.”
Following their suggestions, the streamer is able to pick up the blue gem and can proceed to

place it in the pedestal that is across the maze. If they step onto a danger tile, they will drop the
gem and will be teleported back to the start of the maze. However, the safe tiles they walked
on already will be visible to them, thus allowing them to quickly overcome the areas that they
figured out with their viewers.

Invisible Maze’ core interaction is based on the concept of asymmetric cooperative games
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[134, 135]. In the definition of the conceptual framework for asymmetric gameplay, Harris de-
scribes this play experience as one where players are presented with “sharply contrasting aes-
thetic experiences in the same shared play space”. In comparison to symmetric cooperative
games, where all players have the same abilities and game mechanics available to them, asym-
metric cooperative games are deliberately designed such that players have different information
and abilities [134]. Limiting players’ available actions means that no single player is able to suc-
ceed in the game on their own. In doing so, asymmetric cooperative play fosters greater social
connectedness and interdependence amongst the players [133].

We extend this concept of asymmetric cooperative play to the live streaming context using
MARS. In Invisible Maze, the streamer has more actions available to them than the viewers, how-
ever the viewers are given greater agency to influence the game because they have the knowledge
needed to complement the streamer’s actions. This interaction shifts some power to the viewer
and creates interdependence between the streamer and viewers.

Invisible Maze serves as a probe into this new design space, and with MARS’ flexibility,
the game could have been designed differently. For example, rather than giving viewers access
to the full solution to the maze puzzle, the overlay could instead display only some of the safe
tiles in the streamer’s immediate vicinity, which would require the streamer and viewers to piece
together how to get from one safe tile to the next. Alternatively, metadata displayed to individual
viewers could be systematically omitted such that no individual viewer could see the entire maze
creating asymmetry not just between the streamer and viewers but within the viewers as well.

4.5 Discussion
In developing MARS, our aim was to explore new ways of empowering stream viewers. This
process revealed lessons and broader implications of using this technology. Below, we elaborate
on this, first discussing the relatively unexplored design space of supporting viewer needs in live
streams, followed by discussing MARS’ role in forming a distributed development ecosystem.
We conclude by briefly discussing the hypothetical application of MARS beyond games.

4.5.1 From Capabilities To User Needs
Our demos were created to showcase key capacities of our system: supporting contextual infor-
mation cues, enabling different accommodations for viewers available on the same stream, and
providing information to the viewer without a stream referent.

In creating our demos, we were able to draw on known user needs of viewers to choose in-
teresting and appropriate examples. For instance, we know from the literature that some viewers
watch games they are unfamiliar with, so they can decide whether they want to play [58]. Aug-
menting the stream with contextual information supports novice players in understanding the
game they are watching, even if the streamer is aiming their commentary at more knowledge-
able players. Moreover, games without accessibility features add barriers of entry to disabled
individuals [31].

The breadth of what is possible with MARS, and the potential to support the live stream
experience that is unique to each viewer, contributes to our excitement for MARS application
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beyond our three demos. For instance, Cheung et al’s nine spectator personas includes “Curious”
viewers, or those who are interested in the technical side of Startcraft II, and “Commentators”
who want to critique gameplay and socialize by providing commentary [58]. Our demos do not
directly address the needs of these two personas, however MARS’ capabilities are such that the
needs of such viewers can potentially be met within the same live stream setting. For instance,
the “Curious” can have their needs met by enabling overlays that provide deeper insights into
the frame rate and visual fidelity of the game as it runs. “Commentators” can be supported
by drawing from the eSports spectatorship literature [49] to create overlays that support their
analysis and their desire to provide game commentary in the chat.

As we continued developing MARS, we recognized that our work only begins to explore the
possibilities for viewer empowerment. Furthermore, continuing to iterate MARS prototypes may
reveal additional viewer needs not discussed in the literature. While our demos provide a glimpse
into the potential of MARS, they were created to highlight MARS capabilities and demonstrate
that these features are now made possible. We do not know the extent to which our demos
successfully support sensemaking, accessibility needs, and asymmetric cooperative play. To this
end, our demos act as design probes into new ways to support viewer empowerment. These
probes spark new design avenues and future iterations that could better support sensemaking,
accessibility, novel game genres, while also potentially identifying new viewer needs.

4.5.2 A Distributed Development Ecosystem
MARS is a system that we envisioned to improve the live stream viewing experience, yet as we
developed the system to be more generalizable and applicable to any Unity games or front-end
web frameworks, we found that our system design decisions affected other stakeholders. The
needs of developers, both game and front-end, became central to MARS core features.

Similarly, by exposing metadata, we allow anyone to create their own overlays and have them
work live on stream. All the streamer needs to do is play the game that shares metadata. Fans
of the streamer and/or the game they are playing can thus customize their MARS overlays and
share them with others. This is similar to the culture and process found in the long-standing video
game modding communities, where fans become invested in the technical development of mod-
ifications and share those modifications online [260]. Alternatively, a different game company
from the one that made the original game, such as a company that specializes in accessibility, can
use MARS to build a custom viewer experience. Finally, viewers and streamers can also request
metadata to be added on the Unity game side, and developers can respond to this request while
knowing that adding more metadata will not break existing overlays but could enable new ones.

The envisioned dynamics described above reveal that MARS does not only enable viewer-
side overlays, but also facilitates a larger distributed development ecosystem. Such an ecosystem
is more than a place where viewers can enable overlays for a custom viewing experience, but a
place where dedicated viewers, streamers, and players improve the play and viewing experiences
by interacting with developers. This distributed development ecosystem that MARS can enable
excites us for multiple reasons. First, the breadth of the community means the formulation of
best practices for empowering viewers and meeting needs, as well as the development of novel
designs that go far beyond what a small research team can offer. Second, an ecosystem such as
this has the potential to foster deeper layers of connection between the various stakeholders. For
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example, having dedicated stream viewers that build overlays for a specific streamer’s commu-
nity may strengthen the bonds of that community and provide added ”social status” that some
viewers value [129]. Finally, the distributed development ecosystem has implications for the
discoverability of MARS-enabled games and overlays. Viewers can find whatever overlay they
want, and being part of the ecosystem may help indie game developers bring attention to their
game as well as having live stream communities build overlays if a small indie team is stretched
too thin.

4.5.3 Streaming in non-game contexts
While MARS was built specifically for game streaming, our work poses implications for non-
game streaming as well. Over the past decade, live stream platforms have matured and are now
the hub for streams that cover various genres. For example, streamers build informal learning
communities around topics such as art [102], programming [93], and cultural heritage education
[190]. Streaming has also been adopted in formal learning contexts, especially in light of the
COVID-19 pandemic [55].

When considering the similarity of the viewing interface across the various streaming genres,
we argue that an exploration of how MARS can be extended to meet the needs of those viewers
is an avenue of interest. The clear first step towards this extension beyond games is to consider
other Unity experiences, such as virtual reality simulations. However, the underlying concepts
for MARS metadata extraction may be applied to other technology contexts as well, such as an
IDE or programming environment. Taking these concepts further, one avenue of interest that
does not have a clear solution is creative streams where streamers are not streaming a digital
practice but rather share a camera view of a physical artifact-related process, such as those found
in art streams [102]. What these non-game applications reveal is that the metadata-to-server-to-
viewer workflow may be applied beyond the architecture we created, and future exploration of
what we can learn from MARS to apply to these contexts is warranted.

4.6 Limitations & Future Work
While we have demonstrated the potential for the MARS system to empower viewers of game
streams to engage with streams in new ways, a number of promising directions for future work
exist, both to address limitations of the current system as well as explore is potential for use and
adoption by a broad audience of both viewers and game developers.

From a technical perspective some additional engineering enactments could be made to the
system. For example, the current system for calculating screen rectangles does not make use of
information to determine whether or not an object is occluded from the camera. This is not a
fundamental issue with the structure of the broader architecture, and Unity provides its own set
of tools to facilitate occlusion culling [292], however developing a suitably general solution for
occluded metadata will require additional engineering. Similarly, the screen space position logic
assumes that a game is being broadcast in full screen from the perspective of a single in-game
camera at a time. Allowing for relative position from multiple simultaneous viewpoints should
be possible but would require expansions to the current metadata protocol.
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While some technical limitations are a matter of additional engineering efforts, other may
prove more fundamental to the approach in the long term. For example, the nature of viewer
enhancements being based on overlays imposes a constraint that an manipulations to viewable
information must be additive as they do not have access to manipulate the original rendering
the game image. For instance, consider a hypothetical extension intending to allow a viewer to
remove unwanted imagery such as excessive gore or sources of phobias. As a MARS extension
the only means to provide for such content control would be to cover it with some opaque shape,
however, this would occlude any relevant aspects of the scene that may happen to occur in the
same visual space. An intervention done within the game itself could simply not render the
unwanted visuals [112] leaving the rest of the scene intact but such an intervention would be
difficult to convey in metadata alone.

A final technical limitation that we foresee lies in the assumption of our syncing algorithm
that the metadata will always be ahead of the streamed video. This assumption relies on there
being an imposed broadcast delay between streamers and viewers, allowing the MARS system
time to transmit data faster than the video. Continued advancements in low latency streaming will
add limits on the metadata system’s capacity to “win the race”. However, Twitch does provide a
toggle to streamers to increase imposed latency if they desire, which could reduce this limitation
somewhat.

Outside of continued technical developments we also plan to explore future work in the us-
ability and adaptability of MARS as a tool and of the individual demo experiences.

While we have endeavored to make both the Unity Metadata Tracker and Twitch Overlay
Extension systems easily adaptable to developers with experience in their respective environ-
ments it remains an empirical question whether our current tooling is sufficient to allow adaption
by others. Moreover, our system does rely on the game developers to implement the metadata
tracking, and for front-end developers to design the corresponding overlay. We believe that the
distributed developer ecosystem is a benefit of MARS, and plan to conduct developer studies to
better understand the technical needs of both game developers and viewers to create their own
MARS enabled experiences. To understand developer need we will explore game jams in which
we provide our tools to a group of developers and analyze the prototype experiences they create.
We will also work with designers to improve our existing APIs. To explore viewer needs we will
instrument a single target game with the MARS system and challenge developers to create their
own MARS enabled overlays that can interact with the base of metadata to see what a community
driven creative process would look like.

We also plan to explore expanded user studies inspired by each of our individual demos. The
Tower Defense demo shows the potential for individualized sense-making of game content but
it remains unclear how best to design this kind of support to maximize viewer understanding.
Additionally, the accessibility features shown in the Bloomwood Stories were primarily chosen
to show a breadth of potential rather than target specific user driven needs. Future participa-
tory design work could engage with real users who face accessibility needs to develop MARS
enabled experiences that address the challenges of existing streaming interfaces. Finally, the In-
visible Maze opens up an unexplored design of space of interdependent asymmetric games in the
streaming ecosystem but also many interesting research questions. For example, which kinds of
interdependent mechanics work well in the unique time delayed space of game streaming and
what strategies to players invent to over come challenges?
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4.7 Conclusion
The MARS system represents a significant step towards empowering viewers of live game stream-
ing by providing them with independent control over their viewing experience. While current
streaming platforms provide a means for viewer interaction with streamers, they do not enable
direct interaction with game content without the streamer as an intermediary. Our system ad-
dresses this limitation by enabling game-aware overlay interfaces that augment the stream video
and allows viewers to interact with game objects in real-time using moment-to-moment meta-
data.

Our system’s technical contribution addresses several challenges, including annotating and
transmitting relevant metadata, spatially orienting transmitted metadata, temporally synchroniz-
ing data to the streamer’s video, and exposing metadata in a clear, non-proprietary, and accessible
way for use by a range of front-end developers. Additionally, we have identified three use cases
for the MARS system that showcase different ways the system can empower users: providing
contextual information, adding accessibility features, and supporting novel stream-based game
designs.

We have illustrated the system’s capabilities using three different game prototypes and demon-
strated that our system meets its technical goals. These prototypes showcase a range of possi-
bilities for viewer empowerment using the system, and we believe that our system’s scalability
and flexibility will enable developers to create additional designs that are made possible by this
system.

MARS extended the lesson of V-Light from infrastructure to using live creator data. The
gameplay metadata MARS transmits was already being produced every time a streamer played,
and making it available to viewers showed how data generated in the course of creative work can
be put to new purposes. In this case, creator data was being used for reshaping the relationship
between a streamer and their audience. Building the system also revealed that this data did not
belong to streamers and viewers alone, which is what gave rise to the distributed development
ecosystem. The next chapter investigates that ecosystem more explicitly, asking how the stake-
holders implicated in data-driven game streaming understand and relate to the data that flows
between them.
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Chapter 5
MARS: Towards a Design Framework for

Data-Driven Game Streaming

This chapter expands the scope of MARS from a single-system investigation into a broader study
of the data-driven live-streaming ecosystem. Building on the prior chapter’s focus on audience
engagement, this work interrogates the relationship of streaming stakeholders with data as it
moves across the ecosystem. These stakeholders include streamers, moderators, viewers, and
game developers. Through a two-phase design study using the MARS architecture as a design
probe, this project surfaces the expectations, tensions, and design goals of the streaming commu-
nity, culminating in a framework for data-driven game streaming. In studying these streaming
stakeholders, I found that data is never neutral, but a dynamic material that acts simultaneously
as a resource and a constraint, depending on who engages with it. This realization helped me
understand how stakeholders’ relationships to data evolve through practice, informing my later
work on how creative systems might more deliberately engage with creator data.

This work was originally published: Noor Hammad, Erik Harpstead, and Jessica Hammer.
2024. Towards a Design Framework for Data-Driven Game Streaming: A Multi-Stakeholder
Approach. Proc. ACM Hum.-Comput. Interact. 8, CHI PLAY, Article 342 (October 2024), 28
pages. https://doi.org/10.1145/3677107

5.1 Introduction
Game live stream platforms such as Twitch [16] can be understood as data-driven ecosystems.
Games, produced by game developers, use player interaction data to change the game state.
Streamers share live video of themselves and their gameplay. Viewers and moderators engage
the streamer by typing or sharing emojis in a simultaneous text chat channel. However, by de-
fault these stakeholders have very limited capacity to interact with one another, and participants’
capabilities are primarily determined by their role in the ecosystem. Viewers, for example, are
often restricted from modifying game state data.

Systems that leverage data-driven game streaming can offer novel interaction and communi-
cation mechanisms through the collection, propagation, and rendering of live data. Data-driven
game streaming systems use data to power novel live streaming features, which can be collected
from multiple sources, namely the game being streamed (game data), the streamer playing the
game (streamer data), or the viewers and moderators watching the live stream (viewer data).
Using these diverse sources of data, data-driven game streaming systems can enable features
such as participatory mechanics for viewers, rendered overlays for streamers, or communication
mechanisms for streamers, viewers, and moderators.

Some existing systems explore approaches to augmenting game streams with live data. Audi-
ence Participation Games, or APGs, offer the viewers the ability to affect the game being played
by the streamer, often through the use of voting or aggregation mechanisms [116, 252]. Lessel
et al, through their HelpStone system for the game Hearthstone [37], offer additional commu-
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nication and interaction avenues for viewers via an overlay rendered onto the video stream of a
game by utilizing game log data generated by the streamer’s gameplay [173]. Similarly, Ham-
mad et al’s MARS (Metadata Augmented Real-Time Streaming) enables real-time rendering of
metadata from Unity games [130] to support personalized viewing interfaces across many genres
of games. Even outside of the HCI research community, systems such as Twitch’s own exten-
sion tools are attempts to provide additional avenues for viewers and streamers to interact with
each other and the game being played [128]. These systems vary in their approaches to data,
how they define stakeholder capacities, and what types of features they support. However, they
collectively demonstrate a hunger on the part of developers, streamers, viewers, researchers, and
other stakeholders for richer game streaming experiences.

Although this hunger continues to drive system development, we do not yet have a framework
to talk about the relationship between different data-driven game streaming systems, nor do we
have a design language to talk about what kinds of experiences they make possible. To continue
the exploration of data-driven game streaming experience established by these previous works,
and to legitimize the data-driven game streaming paradigm, it is important to formalize the shared
design space that unites all data-driven game streaming experiences.

Stakeholders who produce live stream data are also stakeholders in how that data is used to
augment the streaming experience, and their buy-in is needed to make systems that work in prac-
tice. Game developers need to implement data-driven features in their games; streamers need to
enable the data-driven functionalities on their channel, and leverage them to build relationships
with their audience; streaming interface developers need to render incoming data; viewers need
to engage with the new functionalities using those interfaces; and moderators need to maintain
community relationships and guidelines in the presence of these new tools. Because these stake-
holders are tightly coupled, we must work with all stakeholders together to understand what
challenges they face, how their needs might be met, and what design opportunities exist.

Towards the goal of formulating the design space of data-driven game streaming, this paper
shares the results of a two-phase design study conducted with target stakeholders in the dis-
tributed data-driven game streaming ecosystem, using an existing data-driven game streaming
system to support participant ideation [130]. Stakeholders including streamers, developers, de-
signers, and viewers served as our participants, with the goals of 1.) understanding their needs
from a data-driven game streaming ecosystem, and 2.) utilizing their unique perspectives as
our target stakeholders to understand how they think about the design space. The results from
this study offered insight into how to build data-driven game streaming systems with the target
users in mind. We propose a design framework that integrates the findings of our study with
previous insights from other design space explorations of data-driven game streaming instances
[116, 252, 271]. This framework provides a structured approach for designers to create, ana-
lyze, and improve data-driven game streaming designs; our framework asks designers to identify
design objectives and target user (Experience), define abstract actions that users can take (Ab-
stract Actions), describe how users can take those actions across available interaction affordances
(User Interaction), and to determine the stakeholders’ relationship to the data needed to power
the design (Data Behavior). In summary, our work here contributes the following:

1. A set of design goals that stakeholders desire from data-driven game streaming systems

2. A series of general design considerations to maintain the technical, ethical, and social
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integrity of these systems

3. A framework that incorporates the above findings to help generate, evaluate and improve
data-driven game streaming designs

5.2 Related Work
Prior work shows that players already use their own game data to improve performance [236,
300]. However, game data has potential to play a greater role in the play experience if it is used as
a “creative asset” [299] that serves both players and other stakeholders in a streaming context. In
framing live streaming as a data-driven experience, we build on the concept of data as a creative
asset that shapes the experience of all streaming stakeholders. To this end, we situate our study
in the areas of data-driven streaming research and in research on streaming stakeholders.

5.2.1 Data-Driven Game Streaming Systems
Existing work on data-driven game streaming systems uses different data channels for different
stakeholders and purposes. One common system design leverages or manipulates chat data. In
particular, a series of systems have used chat data to enable sensemaking of conversations at
scale. Conversation Chat Circles [202] is a tool to limit the number of chat messages the view-
ers sees, thus helping viewers communicate and make sense of the chat in streams with many
viewers. The system dynamically adjusts the chat volume by using “neighborhoods” that group
viewer chat data based on a number of criteria. Chung et al’s VisPoll system serves a similar
sensemaking purpose for a different audience, helping streamers make sense of visual viewer
input data at scale [64]. This visual viewer interaction data is categorized using a visual input
management framework (VIMF), which allows streamers to specify, aggregate, visualize, and
make sense of this data. Another system called TwitchViz [217] uses chat data for visualization
to help improve the streamer’s understanding of the relationship between chat behavior and mo-
ments of gameplay on stream. Another use for real-time chat data is to mitigate toxicity, as is
the case with Yen et al’s StoryChat system [328]. This is a system built to encourage prosocial
behavior on stream by generating graphical narratives from viewer chat messages, an approach
which particularly supports moderators who would otherwise have to intervene.

Stream viewer chat data can also be used as a means of viewer participation in game streams.
Twitch Plays Pokemon, for instance, aggregated chat data to drive the game mechanics in Poke-
mon Red [227]. Choice Chamber, another early audience participation game, allows viewers to
choose what obstacles the streamer faces through chat [30]. Lessel et al’s Crowdchess system
used aggregated live stream chat data from viewers to allow them to play Chess against an AI
on stream [174]. Seering et al also leveraged chat data in their first formal exploration of live
streamed APGs [252]. This was followed by Glickman et al’s toolkit that enabled the creation
of arbitrary HTML interfaces for APGs, this time using the chat channel as a hidden means of
encoding the viewers’ interaction data for gameplay [116]. Both explorations of APGs revealed
critical insights about the design of such experiences, paving the way for the exploration of the
design space and its associated challenges. A new form of chat-based audience participation
game known as Danmaku Participation Games (DPG) emerged on the live streaming platform
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BiliBili which shows promise in innovating aggregation-based APG mechanics [307]. Wang
et al shed light on this new form of stream-based gameplay, finding key design attributes that
differentiate the independent viewer control of gameplay in DPGs from previous iterations of
APGs. APGs such as the ones discussed here are a well-established form of data-driven game
streaming system, however APGs are merely one type of of data-driven game streaming system
which focus on offering viewers the ability to impact gameplay. We therefore argue that APGs
are a subset of data-driven game streaming, and that the overall design space includes other types
of experiences.

A second form of data-driven system involves incorporating multiple data sources, including
game data, and rendering that data onto the video feed in an overlay format. The HelpStone
system made use of game log data from the deck building game Hearthstone [37], combined
with viewer data from an interactive overlay, to enhance streamer-viewer communication in real-
time. Building upon this work, the MARS system (Metadata Augmented Real-time Streaming)
formally introduced the concept of game-aware interfaces, or interfaces that allowed audiences
to interact with game objects from a streamed game. MARS is a generalizable architecture
which can be integrated into any Unity game, and makes use of Twitch’s Extension tools to
enable personalized data-driven interfaces for viewers. Twitch extensions are a recent addition
to Twitch which enable overlays for viewers of streams [128]. Extensions can be developed
using any modern web framework, and as of now there are hundreds of extensions available
on the platform. In a data-driven context, extensions can offer many capacities for viewers and
streamers. This includes game-specific overlays for popular games such as Destiny 2, which
let viewers visualize game data in real-time. Extensions can also enable broader data-driven
capabilities using an “Extension Backend Service”, which allows an extension to communicate
with an external data source. Nowadays, extensions power many functionalities for viewers,
including iterations on the “Twitch Plays” experiences that kickstarted the APG phenomenon,
such as the “Crowd Control” extension which can be used to activate audience participation in
over one hundred games.

Finally, some systems integrate data sources outside the streaming platform itself. For ex-
ample, Robinson et al incorporate real-time biometric data from the streamer to convey their
emotional state to their viewers using a Heads Up Display [237].

We note that many interfaces are designed specifically to enhance the eSports spectatorship
experience, given the popularity of the genre. For example, tools like Charleer et al.’s real-
time dashboards visualize real-time data from the popular eSports titles Counter Strike: Global
Offensive and League of Legends [49]. Stahlke et al also explored spectator interfaces for eSports,
particularly focusing on the design of the spectator-player experience and identifying mechanics
to support spectators [264]. Relatedly, there are a number of data-driven streaming systems
which, while relevant, do not apply strictly to games [190, 192, 324, 325]. While eSports remain
an integral part of the modern live streaming landscape, the unique qualities of eSports, such
as the nature of viewer engagement being more akin to a ”digital stadium” as opposed to a
”digital hearth” [252] and the use of eSports casters to provide commentary, do not apply to the
broader game streaming ecosystem. As such, we chose to focus our efforts on game streaming
experiences where a streamer is playing a game on their channel for viewers to engage with.
While we are focused on games outside the context of eSports, we found that the data-driven
game streaming systems we are interested in rely on similar data sources as those eSports: chat
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data, game log data, overlay data, and data sources from outside the core stream.
Many of the above papers identify design implications of their respective systems in the form

of design goals and considerations [116, 202, 252]. Taken separately, these design insights lay
the foundation for the design spaces for different types of data-driven game streaming systems.
Taken together however, these systems lack a design language that unites the overall space of
data-driven game streaming. Our goal then, is to move towards establishing that design language
to pave the way for best practices in the field.

5.2.2 Streaming Stakeholders
Streaming stakeholders include streamers, viewers, moderators, game developers, and more
[130]. These stakeholder groups have different needs and priorities, even as they work together
to create engaging live-streamed game experiences.

A substantial body of work explores the needs of individual stakeholder groups, including
how those needs might inform design. For example, Wohn et al conducted interviews with
streamers to understand their audience management practices. Their findings yielded design rec-
ommendations to create streamer tools for audience management to support knowledge discov-
ery and growth management [317]. Mallari et al interviewed game streamers to understand their
data analytics needs [195]. They found that streamers have a range of information needs ranging
from content, marketing, and community data which are not easily met by existing tools, and
have demonstrated the importance of designing effective analytics interfaces for game streamers.
In terms of viewers, Wang et al’s exploration of the recent Danmaku Participation Game (DPG)
phenomena involved semi-structured interviews with viewers on the BiliBili live streaming plat-
form to understand their practices and experiences [307]. Also working with viewers, Lessel et
al surveyed over 400 viewers to understand the elements they value in a live stream setting [175].
Their findings ranked 58 elements of a live streaming experience, with interactive components
being the most valued by viewers.

While need-finding with streamers and viewers is relatively common, investigations of other
stakeholders’ needs are rare. For example, Li et al’s study of indie game development commu-
nities on Twitch interviews game developers in a streaming context, revealing how members of
the indie game developer community leveraged live streaming for a distributed software devel-
opment setting that encouraged a democratic model of game development [177]. However, the
paper effectively treats the developers as streamers and viewers, using live streaming as a means
to build community, rather than focusing on their underlying game development needs. Simi-
larly, the diversity of streaming moderator motivations and experiences is only now beginning to
be understood in ways that can inform design [43, 251].

Although our focus is on game streaming, we note that studies of live streaming outside
games often engage multiple stakeholder groups at the same time, and illuminate how their needs
can be complementary. Interviews with streamers and viewers of intangible cultural heritage
streaming found that streamers had altruistic intentions, and viewers were motivated to learn and
engage with the arts [190]. Similar work was conducted with streamers, viewers, and moderators
of educational streams to understand their current practices for knowledge sharing, with the find-
ings being used to build a knowledge sharing system for viewers [189]. In a similar educational
context, interviews were conducted with streamers and viewers in a classroom setting, where
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instructors took on the role of streamers to continue teaching during the COVID-19 pandemic
[54]. In the context of creative streams, streamers and viewers were interviewed and surveyed to
identify how to best support the goals of streamers in their creative process [102].

While many of the papers discussed in the previous section worked with viewers and stream-
ers for formative or evaluative purposes [173, 202, 217], streaming stakeholders are typically not
directly involved in the design process. A key exception is Glickman et al’s work with APGs
[116], where researchers worked with game developers for ten months to create audience par-
ticipation games. This process moved the design space of APGs forward by yielding six design
challenges for APGs, such as latency and sharing the screen, along with worked examples by
game professionals. Striner et al extended this work by engaging six student game developer
teams, which resulted in three sensitizing concepts for APG design: agency, pacing, and com-
munity [271]. In working with developers, the above moved the field of APG design forward,
underlying the importance of incorporating developer feedback in data-driven game streaming
design.

Taken together, these studies involving stakeholders highlight the importance of understand-
ing the data practices of individual stakeholder groups, such as streamers’ needs around data
analytics [195]; learning about synergies between groups so that designs can address multiple
stakeholder needs simultaneously [190]; and engaging stakeholders in design, particularly game
developers and others who are already designing systems for streaming, to leverage their insights
and expertise [116]. We designed our study to directly engage stakeholders together to explore
the potentials of data-driven game streaming systems, arguing that their perspectives and inter-
disciplinary collaboration through our study can help contribute to our understanding of their
varying, and often conflicting needs. We thus work with streaming stakeholders to understand
what features they want to see in these systems, what concerns they have with this technology,
and how we can collectively move towards defining a shared language for the design of data-
driven game streaming systems.

5.3 Ideation and Design Study

In order to better understand the design space for data-driven game streaming, we executed a
multi-stakeholder study structured around the following research questions:

1. What features do streaming stakeholders want in a data-driven game stream system?

2. What challenges and concerns do stakeholders have when it comes to novel data-driven
game streaming features?

3. How can stakeholders contribute to the design of data-driven game streaming systems?
To address these research questions, we designed a two-phase study where game developers, live
streamers, viewers, moderators, designers, and researchers were invited to collaboratively envi-
sion the future of data-driven game stream experiences. In the first phase of our study (Phase
One), participants brainstormed desired features (Design Goals) and ways to mitigate challenges
(Design Considerations) for data-driven game streaming, generating affinity diagrams from their
ideas [222]. The research team then reviewed Phase One data to synthesize themes and insights.
We used our analysis to create prompts for the second phase of the study (Phase Two), a partici-
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patory design workshop where participants envisioned sample data-driven game interfaces. Our
analysis of the Phase Two data allowed us to see how stakeholders understand data being created,
maintained, and rendered.

Below, we provide a detailed breakdown of our study, including the methodology and results
of each of the study phases.

5.3.1 Participants

To ensure our study included the diverse perspectives within the data-driven game streaming
ecosystem, we targeted a range of participants: game developers, front-end developers, live
streamers, viewers, moderators, designers, and live stream researchers. More specifically, our
inclusion criteria specified that participants be residents of the United States, be aged 18 or older,
have a familiarity with the Twitch live stream platform, and have experience in one of the roles
we defined.

We utilized multiple channels to reach potential participants, including social media plat-
forms (X, Facebook, Reddit) and informal networks within the Twitch streaming community.
We also recruited heavily through specialized Discord servers, namely servers for game devel-
opers (IGDA, Global Game Jam, Unity Developer Community), user researchers (IGDA Games
User Research and UX SIG), Games Related Academic conferences (CHI PLAY, Foundations
of Digital Games), and Twitch extension developers (TwitchDev). We did not utilize eSports
community channels in our recruitment, as our scope was on other forms of game streaming. In-
terested parties first filled out an online screener survey, and selected participants were emailed
the consent form and scheduling information.

In Phase One of our study, we recruited a total of 26 participants, who were distributed across
six study sessions. For Phase 2, we retained 21 out of the initial 26 participants, distributed across
four study sessions. While all of our participants were representative of the stakeholders in the
distributed developer ecosystem, many of them identified as having multiple roles; for example,
a participant who was a professional game developer also live streamed on Twitch as a hobby,
while another participant was a professional streamer who also had experience as a moderator.
Fourteen of our participants identified as male, eleven identified as female, and one participant
identified as non-binary. In total, ten participants identified themselves as streamers, ranging
from full-time professional streamers who stream at least three times a week with 50-200 view-
ers per stream, hobbyists who stream once or twice a month with 10-20 viewers per stream,
to individuals who did professionally stream in the past but no longer do so. Nine participants
identified themselves as game developers, four of whom are current graduate students in a game
design program. A single participant identified themselves as a professional UX designer. Three
participants identified themselves as moderators, all of whom had experience moderating multi-
ple channels. Two participants were academic researchers interested in live streaming. Finally,
six participants identified themselves as viewers, all of whom regularly watch Twitch streams on
a weekly basis.
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5.3.2 Phase One: Collaborative Ideation

Phase One of our study was primarily focused on addressing the first two research questions;
What features streaming stakeholders want in a data-driven game stream? What challenges and
concerns do stakeholders have when it comes to novel data-driven game streaming features? To
accomplish this, we used affinity diagramming [222], a collaborative ideation and organization
method which can be conducted with target stakeholders to generate information and categorize
that information into related groups.

To help support participants’ ideation, and to establish a shared meaning of what data-driven
game streaming is capable of, Hammad et al’s MARS system was used as an example model of
data-driven game streaming. MARS was selected for the study for three reasons; it is a recent
system that demonstrates the current cutting edge capabilities of data-driven game streaming; its
architecture offers generalizeability to many genres of games; and it is designed specifically with
a ”distributed developer ecosystem” in mind [130].

Each affinity diagramming session consisted of 3-6 participants, and was conducted on Zoom
and Figma. The placement of participants into sessions was largely decided based on the avail-
ability of the participants, however the research team ensured no session consisted of all partici-
pants who identified as the same stakeholder type. Sessions lasted approximately two hours, and
were facilitated by a member of the research team. Two additional research team members sup-
ported the session lead by addressing technical issues as they occurred. To maintain participant
privacy in the group setting, each participant was given a pseudonym as soon as they entered the
Zoom waiting room. Participants introduced themselves using their pseudonym, and all study
data was recorded using this identifier.

Next, the facilitator set the context of the session by describing the MARS system. The
overview of MARS included a discussion of the system architecture as well as a video demo to
show examples of the system’s capabilities. We provided time for questions to ensure that all par-
ticipants understood the concept of data-driven game streaming and how it might be instantiated
in a system.

After context setting, we moved to a brainstorming phase. Participant brainstorming was bro-
ken into individual brainstorming followed by collaborative brainstorming [86]. This strategy
maximizes the diversity of participant ideas, while providing shared context during the group
discussion.

As individuals, participants were given fifteen minutes to generate ideas on sticky notes on
Figma, in response to three guiding questions:

1. How do you envision MARS being used by streaming stakeholders such as viewers, stream-
ers, moderators, and developers?

2. How can people benefit from this technology?

3. What features would you like to see in MARS supporting?
Participants were then instructed to look at and annotate all sticky notes on the board. If they
liked an idea, they could drop a “kudos” sticker on it. If the note was not clear, participants could
leave a question mark sticker. Facilitating natural discussions in a workshop among strangers was
difficult when done remotely [99], and the kudos and question mark approach provided a segue
for participants to start discussing with one another. Once participants were done annotating, the
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facilitator read the notes marked with the question marks out loud, which gave the participants
an opportunity to clarify and discuss their ideas with the whole group. At this point, participants
were given five minutes to collectively answer one final guiding question:

1. What ethical, social, personal, or technical challenges can you foresee occurring when
using this technology?

The final hour of the session focused on sorting and grouping the generated notes through
affinity diagramming. Following standard affinity diagramming protocol, participants took turns
placing one single note into an existing group; if the note did not fit within that group, partic-
ipants created a new note grouping. Sorting and grouping of the notes was done based on the
similarities or connections among the underlying ideas, as participants were regularly reminded
not to group notes based on keywords. Throughout this grouping process, participants were
engaging in discussions to negotiate the placement and refine the clusters.

When all notes were grouped, and the participants were satisfied with their groupings, the
session concluded by generating theme sentences for each note cluster. These had to be short,
descriptive sentences that captured the underlying relationship between a group of notes. To
conclude the grouping activity, participants were instructed to take a final pass of the groups of
notes and their associated themes to discuss any final changes.

5.3.3 Inter-Phase Analysis and Phase Two Preparation

In total, we conducted six affinity diagramming sessions in Phase One involving 26 participants,
which generated approximately 370 notes in 58 groupings. Our next task was to consolidate
knowledge across the six different affinity diagrams (one from each session). Following our
established affinity diagramming protocol, we categorized the themes and their corresponding
groups into higher-level groupings. This process mirrored the affinity diagramming procedure
employed by participants, with each researcher taking a note group and systematically placing
these groups into larger categories. This approach took multiple iterations before all research
team members were satisfied with the final resulting affinity diagram.

In generating the finalized affinity diagram, two distinct higher level categories emerged;
feature-driven categories that focus on an experience the design should be be built around, and
categories which should apply to all data-driven game streaming experiences. We named these
two categories Design Goals and Design Considerations, respectively. Design Goals encom-
passed specific functionalities. Categories labeled as Design Goals used the ”As a [role], I want
to [action]” format. For example, ”As a viewer, I want to meaningfully contribute to the game
being played by the streamer” denotes a Design Goal category. A related, albeit distinct Design
Goal category that emerged was ”As a viewer, I want to be able to play a game with/against the
streamer.” Such Design Goals could potentially be realized through a data-driven game stream
experience found in pre-existing audience participation games [252]. However, not all data-
driven game stream experiences need to support these gameplay-oriented features; an interface
for visually impaired viewers, for example, need not enable game contributions from the viewer
for it to be successful. On the other hand, Design Considerations, unlike Design Goals, emerged
as a category that describes guidelines applicable to all data-driven game streaming experiences.
Categories labeled as Design Considerations were largely focused on mitigating challenges and
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concerns that participants had about data-driven game streaming, and are framed as questions.
For example, ”How does the system enable voluntary interaction/opt-in mechanisms for view-
ers?,” is a Design Consideration that emphasizes that no viewer should be forced to participate if
they do not wish to, reflecting the stakeholders’ emphasis on respecting viewer autonomy.

In total, we identified eight Design Goal categories and seven Design Consideration cate-
gories, listed in Table 5.1 and 5.2 respectively. It is worth noting that of the eight Design Goals,
only one is focused on streamers and the rest are viewer-facing goals. This is to be expected, as
viewers are often the main recipients of novel features to help bolster their engagement, espe-
cially since viewers often have the least amount of agency to influence live gameplay [130, 252].
This in turn could have influenced our participants, who may already have familiarity with exist-
ing data-driven game streaming systems that focus on viewer-facing features. Besides viewers,
the needs of the other stakeholders in our study largely manifested as Design Considerations,
most of which related to ethical challenges and managing the workloads of streamers, modera-
tors, and developers.

We then used these findings to prepare for the second phase of the study, a design workshop
in which returning participants would create sample data-driven interfaces. Due to the use-case-
specific nature of the Design Goal category, we matched each Design Goal with specific games
(for our final choices, see Table 5.1). To ensure we were selecting games our participants could
use as design material, we sent a survey to all participants before Phase Two commenced. In the
survey, participants were asked to rate their familiarity with each of 29 possible games on a scale
of 1-5, with 5 meaning they are confident they can comfortably design for that game. We then
used this data to create groups of 2-3 participants who were all familiar with the same game, but
who had diverse perspectives based on their Twitch stakeholder type.

With this comprehensive understanding, we transitioned to the next phase, the design work-
shop, leveraging these insights to explore the design space of data-driven game streaming inter-
faces with stakeholders.

5.3.4 Phase Two: Design Workshop
After the affinity diagramming from Phase One, we were able to address RQ1 and 2 through a list
of Design Goals and Design Considerations essential for data-driven game streaming interfaces.
With these Design Goals and Considerations in hand, Phase Two shifted focus to address the last
research question: How can stakeholders contribute to the design of data-driven game streaming
systems? Thus, the overarching goal of Phase Two was to address this research question by
exploring the insights from Phase One through a design workshop with stakeholders.

We conducted four Phase Two sessions with a total of 21 returning participants. While Phase
Two had availability constraints which affected the session groupings, such as needing to ensure
all participants were familiar with a game if they were assigned a design for it, more atten-
tion was paid in Phase Two to place participants into groups for brainstorming purposes. Each
group needed to have multiple perspectives of stakeholders to ensure fruitful discussion, mean-
ing no group was made up entirely of viewers, for example. Instead, participants were placed
into groups with other participants who identified as a different stakeholder type. Each session
started with a recap of Phase One, followed by an overview and discussion of our results, the
derived Design Goals, and the Design Considerations. We then divided participants into their as-
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Design Goal Example Game
As a viewer, I want to personalize and control the
information I see during the stream.

The Witcher 3: Wild Hunt

As a viewer, I want the system to give me contextual
information that is needed to understand the game
stream.

Baldur’s Gate 3

As a viewer, I want to meaningfully contribute to the
game being played by the streamer.

Portal 2

As a viewer, I want to be able to play a game
with/against the streamer.

Among Us

As a viewer, I want to use the system to engage with
other viewers.

Animal Crossing: New
Horizons

As a streamer, I want to use data from the system to
better understand my audience and/or my gameplay
during or after the stream.

Sid Meier’s Civilization
VI

As a viewer with visual impairments, I want to use
the system to make the game stream accessible to
me.

The Elder Scrolls V:
Skyrim

As a viewer who is not fluent in English, I want the
system to translate the in-game text to a language of
my choice.

Cyberpunk 2077

Table 5.1: Design goals derived from Phase One and the games they were matched with in
Phase Two.

signed groups. Each participant group was assigned a specific game and Design Goal for which
they were to design data-driven game streaming prototypes. Figma boards were set up for each
group before the session, containing their assigned Design Goal, relevant game information, and
designated areas for designing. Unlike Phase One, where participants used Figma largely for
writing on sticky notes and dragging them across the board, Phase Two emphasized Figma’s
design features for remote collaboration and low-fidelity prototyping.

Before starting group-based design work, participants were first given 15 minutes for indi-
vidual brainstorming of possible prototypes to create. This was followed by participants being
placed in breakout room sessions with their group members for collaborative brainstorming and
design refinement. Each group was asked to create two separate designs, with 15 minutes dedi-
cated to each, ensuring equal time allocation for both ideas.

Similar to Phase One, guiding questions were once again provided to participants to aid their
design process. These questions were asked when group design activities commenced; What
kind of data would you need in order to make the overlays for the game? Would the data need to
be bi-directional? Can the viewers send data back to the game or to the viewer? How would the
front-end display/utilize this data? How would the user/viewer interact with the overlay?

After the collaborative prototyping period, participants were instructed to refine both of their
designs by reflecting on the Design Considerations from Phase One. The full list of Design
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No. Design Consideration
1 How can the system enable features which excite streamers without

adding too much to their workload?
2 How can the system incorporate features to help moderators do their

job?
3 How does the system mitigate trolling/cheating behavior?
4 How does the system implement industry-standard practices such as

privacy and security measures?
5 How does the system streamline the development process to

minimize the added work developers need to do to get the system
working for them?

6 How does the system foster communication between all
stakeholders such as viewers, streamers, and developers?

7 How does the system enable voluntary interaction/opt-in
mechanisms for viewers?

Table 5.2: Summary of design considerations found in Phase One.

Considerations from Table 5.2 was provided to participants to encourage them to think about if
their designs were not meeting concerns such as enabling voluntary interaction mechanisms for
viewers. They were given ten minutes to collaboratively iterate their low-fidelity prototypes with
these Design Considerations in mind.

Upon returning from breakout rooms, participants presented their designs to the whole group,
facilitating discussions on design intent and allowing researchers and other participants to ask
clarifying questions.

In total, participants generated sixteen design prototypes for eight different games and their
corresponding Design Goals. To analyze these designs, we employed an iterative coding ap-
proach inspired by qualitative coding. Initially, the lead researcher annotated each prototype
using sticky notes, capturing key features as described by participants. The goal of this initial
annotation was to get a feel for the characteristics of each prototype. Examples of annotations
include descriptions of audience participation features in the Portal 2 designs. Following this
initial annotation, the lead researcher engaged in discussions with the research team to review
the observed patterns and themes.

Subsequently, a more comprehensive analysis was conducted. The lead researcher catego-
rized each design, utilizing a spreadsheet to delineate more specific features. These attributes,
including factors such as chat implementation, data usage, and target user (e.g. streamer or
viewer) were continuously refined with each iterative pass of the data. As patterns emerged, ad-
ditional columns were added to the spreadsheet to accommodate the evolving understanding of
the designs. The lead researcher iteratively added columns until every prototype was sufficiently
described, leading to a total of 19 columns.

The goal of the previous prototype analysis was to be able to thoroughly capture the facets
of each prototype. The next step in our analysis was to explore the underlying relationships
between the designs.In addition, we also studied the process through which the participants gen-
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erated their ideas, collected in our observational notes. We collated behaviors across participants
to define common steps that participants initiated in their ideation and analysis, such as their
approaches for thinking about what data is needed for their designs and how to render that data.
We then integrated the process data with our spreadsheet analysis of the designs, as well as with
our data from Phase One of the study, to understand the underlying patterns and relationships
between prototypes. This relationship exploration was an iterative process of the lead researcher
reviewing the data, sketching possible models, and discussing the meaning of these models with
the group.

This process facilitated more robust models that organized the shared attributes we found
in the data, ultimately revealing insights which contributed to the formulation of an early-stage
design framework for data-driven game streaming experiences. This framework provided a struc-
tured approach to understanding and categorizing the diverse array of design elements observed
across the study, offering valuable insights into the potential implementation and implications of
data-driven game streaming interfaces.

5.4 Design Framework For Data-Driven Game Streaming

Figure 5.1: The design framework for data-driven game streaming

As part of the sense-making process for our multi-phase study, we created a design framework
that incorporates Design Goals and Design Considerations from Phase One, the analysis of the
design process from Phase Two, and theories from existing literature on APG design [252, 271].
This framework is illustrated in Figure 5.1, which shows the relationship between the core com-
ponents of our framework. Each of the outer components of the triangle represent a necessary
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Figure 5.2: A design for visually impaired users using the game The Elder Scrolls V: Skyrim

facet of the design: establishing the desired experience (Experience), creating an effective inter-
face (User Interaction), and powering the user needs and the interface with data (Data Behavior).
In Phase Two, participants approached their design in a sequential order (Experience, Abstract
Actions, User Interaction, and Data Behavior) and were not able to revisit previous steps in their
process due to time constraints and the nature of the study procedure. Part of our decision making
in structuring the framework in this way is because we noticed early on in our analysis that there
was an interconnectedness between the different decisions that a designer would have to make.
Decisions related to abstract actions in particular clearly had greater implications for the other
aspects of the design. We adapted the framework to reflect that interconnectedness such that
design teams, which are comprised of streaming stakeholders, can iterate within each of these
components, or move back and forth between them, as part of their iterative design process.

Central to the framework and linking the other components we place Abstract Actions, which
serve as an alignment mechanism between these three perspectives in the design process [53].
These abstract actions help creators consider each of the components within relation to one
another, helping them instantiate the experience in interfaces that respect the technical capa-
bilities of a data-driven game streaming environment. The bi-directional arrows to and from
Abstract Actions represent this, and highlight that movement between the outer components re-
quires alignment with the abstract actions first. As an alignment mechanism, abstract actions
also serve to help interdisciplinary teams stay on the same page, even when they are working on
different components of the project.

While Abstract Actions are the core of the framework, design teams can begin ideation from
any of the outer components as well. For example, a design team might start from a set of Design
Goals based on user research (Experience) and use these goals to then consider what interaction
mechanisms (User Interaction) would be necessary to create them and what in-game metadata
(Data Behavior) is required. Alternatively, the design team can take a data-first approach, start-
ing from a sense of what metadata can be sent from the game (Data Behavior) and from there
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Figure 5.3: A design for streamers interested in visualizing data generated from their stream of
the game Sid Meier’s Civilization VI

align with Abstract Actions to ideate on possible interfaces (User Interaction) and what novel
experiences (Experience) they can create. As designers move through these outer components,
they can make use of the idea of Abstract Actions as a lens to help coordinate relationships
between them.

To illustrate each of the elements of our framework, we make use of three designs created by
participants from Phase Two. These include a design for the game The Elder Scrolls V: Skyrim
[272], which offers accessibility features to visually impaired viewers (figure 5.2); a design
for streamers to make sense of data generated while playing the game Sid Meier’s Civilization
VI (figure 5.3) [109]; and a design that enables viewers watching a stream of Portal 2 [296]
to contribute to gameplay (figure 5.4). We then demonstrate how the framework can be used
to better understand existing systems by using it to analyze Helpstone and how the interaction
opportunities afforded by the system relate to its target experience and available data [173].

5.4.1 Abstract Actions

The central component of the framework is about understanding abstract user actions by asking
the fundamental questions: What will the user do? What actions are they expected to take?
These abstract actions are interface-agnostic, meaning they are not concerned with the visual
appearance or specific implementation of the design. The focus of this component is to identify
what actions need to be performed rather than dwell on how these actions can be taken.

In our Phase Two study, we extracted abstract actions from the process we observed from
our participants in Phase Two, where they only brainstormed the user actions after discussing
the Experience and never iterated upon these actions. However, in a more realistic situation,
design teams would repeatedly return to the Abstract Actions component to ensure that their
design vision, the interactions they create, and their technical and data behavior decisions are
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aligned. For example, a team might revisit their abstract actions after modifying their target user
persona, after testing a particular interaction, and/or after identifying and implementing a new
data pipeline they can integrate. Any resulting changes to the abstract actions then inform the
iteration at the outer components of our diagram.

As part of Abstract Actions, design teams are invited to consider how their work enables
exciting features without overwhelming streamers and how the actions can foster communication
among stakeholders (Design Considerations 1 and 6) The abstract actions for the Skyrim design
are:

1. Manipulate game text properties

2. Manipulate visual properties of the game such as contrast

3. Enhance in-game audio volume

4. Filter out audio channels

Figure 5.4: A design for viewers to contribute to gameplay in Portal 2

The abstract actions for the Civilization VI design are:
1. View notable chat messages and keywords sent by viewers

2. View region-based statistcs about viewers

3. View metrics across the timeline of the stream such as viewer retention data and key mo-
ments. This timeline feature allows streamers to see trends across the whole streaming
session and can be revisted for post-hoc analysis after the stream ends

Finally, the abstract actions viewers can take in Portal 2 are:
1. Select team (with streamer, against streamer) to join

2. Contribute to the decision of what objects to add to the environment to help/hinder the
streamer

3. Contribute to the decision of what objects to freeze in the environment to help/hinder the
streamer

4. View the game level or environment
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Mode Target Overlay Game
Environment

Game
Mechanics

Communication

Individual View notable
chat
messages/key-
words, view
region-based
metrics, view
timeline-based
metrics

None None None

Collective None None None None

Table 5.3: Example of the interaction dimensions with the Sid Meier’s Civilization VI design.

In particular, note that the Civilization VI actions are focused on viewing and sense-making,
instead of being limited to activity verbs as one might expect in a game environment [21]. Simi-
larly, note that the actions in Portal 2 are interdependent with those taken by other players, which
we address in the User Interaction component of the framework.

5.4.2 Experience

The primary focus of the Experience component is on establishing a clear design goal and target
user. In our study, participants began their prototyping in Phase Two at this component since
they were assigned a Design Goal at the start of the study session. The Experience component is
representative of the Design Goals derived from Phase One, and the key questions addressed in
this component are: What is the overall goal of the design? Who are the intended users? While
our sample primarily targeted viewer needs, design teams can extend beyond this stakeholder
group; additionally, even within these groups they can identify specific user subtypes as well,
such as visually impaired viewers. This component is also where design teams consider how
they can accommodate streamers without overloading them with additional tasks that hinder their
experience, how their goals impact moderators, and how their goals can foster communication
across stakeholder groups (Design Considerations 1,2, and 6).

Our examples demonstrate some of these possibilities. For the Skyrim design, the design
objective was to create a system to make a game stream accessible to a viewer with visual im-
pairments. For Civilization VI, the objective was to enable a streamer to visualize real-time data
from a stream to better understand their audience or gameplay. For Portal 2, the objective was
enable gameplay motivated viewers [252] to meaningfully participate in the streamer’s game.

5.4.3 User Interaction

While abstract actions asks design teams to identify what abstract actions the user can take, the
User Interaction component focuses on how the user completes those actions. Our approach to
this component is designed to help teams navigate the specific challenges that come with pro-
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Mode Target Overlay Game
Environment

Game
Mechanics

Communication

Individual Select team to
play with or
against
streamer using
overlay
buttons; select
”Freecam”
button to
explore game
environment

”Freecam”
feature to view
game
environment
independently
from other
viewers and
streamer

None None

Collective Select what
objects to place
or freeze from
available
pop-up

None Click to vote on
objects to
freeze or place

None

Table 5.4: Example of interaction dimensions with the Portal 2 design.

totyping interfaces for streaming (e.g. [116]). In our study, the participants began sketching
low-fidelity prototypes after discussing the goals and actions they wanted to explore (Experience
and Abstract Actions components), and we derived the elements of this component when ana-
lyzing their resulting designs. Design teams could start at this component if they have particular
features or user interface features they wanted to prototype first. They can then return to this
component after re-aligning with the abstract actions of the design.

Along with prototyping, this component comprises of two stages where design teams must
first establish the interaction dimensions followed by the responsiveness of the target user’s ac-
tions.

5.4.3.1 Interaction Dimensions

Interaction dimensions can be broken down into the modes and targets where they take place.
Here, the emphasis is on describing and classifying interaction opportunities available to the
user. Our use of modes and targets builds on Striner et al’s design space of agency [271], and
on individual and social agency as defined by Seering et al [252]. We expand this prior work to
generalize the desire for “personalized control” beyond just play and APG-based mechanics, and
to capture a broader array of multi-user interactions in the data-driven game streaming design
space that do not necessarily have to be ”social”.

The two modes of interaction are individual and collective, each having the possible targets
of overlay, game environment, game mechanics, and communication.

In an individual interaction mode, the result of an interaction is, as the name suggests, per-
sonalized to a single user. The interaction does not impact nor rely on the experience of other
users of the system. For example, an interface that allows viewers to independently hover over
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game elements to view their attributes is considered an individual interaction, as viewers are
free to hover on any element they want without the hover interaction affecting other viewers.
Interactions classified under the collective mode, on the other hand, offer capacities that impact
and/or rely on other users’ actions, resulting in a shared interaction experience among users. For
example, an interface that allows viewers to click on a point in space and add a sticker to the
game’s environment is a collective interaction, as that sticker is now visible by other viewers. In
our study, we observed individual and collective interactions manifesting in four main ways.

We capture these as four types of interaction, which offer different types of agency for the user
to impact the experience. These targets are: overlay, game environment (which includes visuals
and audio), game mechanics, and communication. The overlay target pertains to interactions that
directly manipulate the rendered overlay. The game environment target grants users control over
what they see and hear within the game, while the game mechanics target allows users to engage
with game mechanics to progress gameplay, such as helping or hindering mechanics in APGs
[116, 252]. Lastly, the communication target encompasses the channels dedicated specifically to
facilitating communication among stakeholders like viewers, streamers, and developers.

Taken together, the interaction modes and targets allow designers to break down the user
experience into interactable components, which can help design teams evaluate the patterns and
tradeoffs in their design. Tables 5.3 and 5.4 show example task breakdowns of the Civilization
VI and Portal 2 designs respectively. The Civilization VI example shows how multiple types of
interaction may target the same mode (individual) and target (overlay). While there are differ-
ences between the actions, they all involve the individual viewer interacting with overlay data.

The Portal 2 example, on the other hand, demonstrates how a single design can include ac-
tions in multiple modes (individual, collective) and with multiple targets (overlay, environment,
mechanics). More specifically, this demonstrates how a single abstract action such as ”Con-
tribute to the decision of where to place added object” can be broken down into multiple target
interactions. Here, the overlay target describes the UI components that users interact with, such
as using a pop-up which appears when voting for object placement is available. Along with this
overlay target, the underlying mechanism powering the decisionmaking of where to place the
added object is a game mechanics target, which is controlled using a voting system.

5.4.3.2 Responsiveness

In addition to interaction modes and targets, the next aspect to consider is the responsiveness
of the design. This is the frequency of interaction and updates, which can be inferred by the
interaction dimensions. For example, actions in the collective mode often involve coordinating
with other users, which can slow the pace of updates. and result in lower responsivness.

Given that accurate response times are impossible to generate at the low fidelity prototyping
stage, designers can estimate how long the user needs to wait to see the results of their actions as
”low”, ”medium” or ”high.” For example, a low responsiveness action in the Portal 2 design is
when a viewer places a vote for their decision to freeze an object to help or hinder the streamer
using the voting pop-up. After a viewer places their vote, they have to wait until the voting
system aggregates all votes to see the outcome of that action. Conversely, in the Skyrim example,
the interaction to manipulate the text properties of the game manifests as highly responsive in
this design. This is due to the design’s use of individual modes of interaction that do not depend
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Interaction Mode Target Responsiveness
Select team to play with/against the
streamer using overlay buttons

Individual Overlay High

Select what objects to place/freeze using
available pop-up window

Collective Overlay Low

Click to vote on objects to place or freeze Collective Game Mechanics Low
Use freecam feature to view game
environment

Individual Overlay, Game
Environment

High

Table 5.5: Example of responsiveness with the Portal 2 design.

on other stakeholders.
Table 5.5 shows the responsiveness of the Portal 2 design. The table lists the interactions

from the interaction dimensions table for that design to illustrate the impact those decisions have
on responsiveness. Here, the individual interactions of the design result in high responsiveness,
whereas the collective interactions yielded low responsiveness.

In terms of Design Considerations, the design team is again asked to consider how their
evolving design is accommodating the streamers’ workloads, impacting moderators’ workflow,
mitigate cheating, and enable opt-in participatory mechanisms for viewers (Design Considera-
tions 1,2, 3,7).

5.4.4 Data Behavior

The Data Behavior component is concerned with one of the critical pillars of a data-driven game
streaming system; the data itself. In our study, we invited our participants to consider the data
needed to power their designs towards the end of the study sessions after they had completed
two iterations of prototyping. However, design teams can start here if they already have existing
data pipelines they want to leverage or if they want to design around the technical constraints of
their systems. Design teams can return to the Data Behavior component if further iterations of
the design require a re-evaluation of the required data behavior.

To capture the essential data operations needed from each stakeholder, we borrow from file
system terminology to define the data privileges of each stakeholder. In considering data oper-
ations, four primary data privileges emerge: reading, writing, deleting, and manipulating data.
While reading, writing, and deleting data are fairly self-explanatory, the concept of data manipu-
lation warrants further exploration. Data manipulation refers to taking existing data and altering
its properties. Filtering menu data or altering the color of video data are examples of manipula-
tions. The framework uses these four data operations to prompt design teams to consider what
data is needed to power their design and what the stakeholders’ relationship to that data is.

Along with data privileges, we define the concepts of data synchrony and throughput, which
capture how often data needs to be sent and the volume of data that needs to processed. Similar
to responsiveness, throughput can be estimated by design teams using ”high”, ”medium”, and
”low” to denote volume.

By comprehensively analyzing data behavior, the framework empowers design teams to tai-
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Data Viewer
Privileges

Streamer
Privileges

Developer
Privileges

Synchrony Throughput

Audio channel
properties

Read, Manipulate None Write Synchronous High

Game visual
properties

Read, Manipulate None Write Synchronous High

Game text Read, Manipulate None Write Synchronous High

Table 5.6: An example of the data behavior component with Skyrim.

Data Viewer Privi-
leges

Streamer Privi-
leges

Developer Privi-
leges

Synchrony Throughput

Camera location Read, Manipulate None Write Synchronous High
Freezeable and
placeable objects
list

Read None Write AsynchronousLow

Voting data Read, Write None Read, Write AsynchronousLow

Table 5.7: An example of the data behavior component with Portal 2.

lor data operations to suit the diverse needs of stakeholders and, to understand the constraints
and opportunities the available data place on the design, and to optimize the overall user expe-
rience. The data behavior of the Skyrim and Portal 2 designs can be found in Tables 5.6 and
5.7 respectively. The Skyrim design enables viewers to personalize their game viewing experi-
ence for accessibility purposes, which means viewers read incoming data and can manipulate its
properties. The nature of this design requires synchronous data because viewers expect to see
their personalizations happen in real-time; if the data pipeline is disrupted, the user experience
is disrupted. The data required is classified as high throughput, since audio, visual, and text data
can often be large in size.

Conversely, the voting features of the Portal 2 designs means that viewers need to write that
data for developers to read in the game. Developers then need to write data in response to those
voting actions. Additionally The voting data needed for the Portal 2 design is asynchronous in
nature, since delays are necessary to wait for all viewers to finish voting. This data in this case is
also classified as low throughput, since vote tallying does not require large volumes of data to be
written by each viewer. Though it is theoretically possible that a stream may have hundreds of
thousands or millions of viewers attempting to vote, we still classified this as a low throughput
data operation since it is unlikely that a stream will have enough viewers to throttle the data
pipeline with viewer votes.

With respect to the Design Considerations at this component, design teams are asked to con-
sider the aspects of the data that can mitigate trolling/cheating, implement privacy and security
measures, and reduce the workload on developers (Design Considerations 3,4, and 5).
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Mode Target Overlay Game Envi-
ronment

Game Me-
chanics

Communication

Individual Use clock widget
to synchronize
with the streamer,
hover over cards to
browse historical
info, use widget
to browse through
previous turns and
see what cards
were played

None None None

Collective Draw lines be-
tween zones
of interest, use
archetype widget
to vote on play
style

None None Use thumbs up or
thumbs down to
convey feedback
to the streamer,
write comments
to the streamer

Table 5.8: A breakdown of the interaction dimensions in Helpstone.

5.5 Analysis of An Existing Data-Driven Game Streaming Sys-
tem

Thus far, we have illustrated our framework using three design examples taken from Phase Two
of our study. These three designs were created by our participants through a procedure that
started with the Experience component. To demonstrate the framework’s flexibility and its appli-
cability to existing data-driven game streaming systems [173], we use it to analyze HelpStone.
The HelpStone system improves communication between the streamer and their viewers, and it
does so by offering various interactions for viewers to engage in the gameplay. For this reason,
we begin our analysis from the User Interaction component; for reasons of scope, we demonstrate
our analysis using the viewer interface rather than also including the corresponding streamer
interfaces. Table 5.8 classifies the interaction dimensions of Helpstone into their respective
modes and targets. It offers communication channels that viewers could use to quickly convey
information via the thumb up/down feature, or to provide lengthier feedback in the form of text
comments. It also allows viewers to interact with the overlay both individually and collectively.

While HelpStone excels at providing a variety of interaction opportunities for viewers, most
interactions happen at the overlay target, and there are no interactions that occur at the game
environment or mechanics targets. This is due to the fact that the available interactions for
the viewer provide suggestions for the streamer that the streamer can take up or ignore, rather
than taking actions in the game space directly. Taken together, these insights allow us to see
possible future design opportunities for Helpstone by allowing viewers to manipulate the game
environment properties, or to directly affect gameplay mechanics. For example, a future iteration
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Interaction Mode Target Responsiveness
Use widget to synchronize time with
streamer

Individual Overlay High

Draw lines between zones of interest Collective Overlay High
Use widget to browse cards played in a pre-
vious turn

Individual Overlay High

Use archetype widget to vote on playstyle Collective Overlay Low

Table 5.9: Helpstone’s interaction responsiveness.

of HelpStone could allow users to customize the game’s sound effects (game environment) or add
cards to the streamer’s deck (gameplay mechanics).

With regards to the responsiveness of the interactions, Table 5.9 summarizes the respon-
siveness of the available interactions. One notable aspect about the design of HelpStone is that
its interaction design of features such as drawing zones of interest allow for high responsive-
ness even in a collective mode. Enabling collective interactions that have high responsiveness
was something our participants struggled with, yet HelpStone demonstrates that it is possible
to create collective interactions that are highly responsive for viewers. In parallel, HelpStone
effectively uses voting mechanisms to achieve its goals, particularly in the play style interaction
where viewers vote on the play style they would like the streamer to take on. This is an example
of how low- and high-responsiveness interactions can co-exist in the same experience.

We can identify the abstract actions of HelpStone from the User Interaction component anal-
ysis. The abstract actions for viewers in HelpStone are:

1. Synchronize to streamer view

2. Provide gameplay suggestions to the streamer

3. View historical information about previously played cards

4. Provide real-time feedback to the streamer’s actions

5. Comment on gameplay to communicate with the streamer or other viewers
Using Abstract Actions, we are able to see the data needed to power these interactions. Table

5.10 summarizes a subset of the data needed to power the interface. In this case, our table shows
that game developers are not highly involved in reading data, which is due to all of the data
needed to power these interactions being retrospective as it is obtained from game logs [173]. In
other words, the data is generated by the game, but then is read-only by all other stakeholders.
This constraint provides technical reasons why Helpstone as originally designed does not interact
with the game environment or the mechanics.

In the case of Helpstone, the designers had clear Experience goals and shared them in their
research paper [173] (Fostering viewer-viewer engagement, contextual information, and mean-
ingful game contribution for viewers). It is perhaps disingenuous of us to pretend that we are not
aware of these goals during this analysis. However, we can see that the goals as discussed in the
paper are linked directly to the abstract actions that we describe. Because these actions are then
connected to both the user interface and to the data layer, we can see how abstract actions provide
a way to connect these three design approaches regardless of where one begins the process.
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Data Viewer Privi-
leges

Streamer Privi-
leges

Developer Privi-
leges

Synchrony Throughput

Streamer Clock
Data

Read None Write Synchronous Low

Viewer Clock
Synchronization
Input

Write None Write AsynchronousLow

Viewer line draw-
ing data

Write Read None Synchronous Low

Viewer voting
data

Write Read None Synchronous Low

Table 5.10: The data behavior breakdown of Helpstone.

5.6 Discussion
In conducting this study, our aim was to move the design space of data-driven game stream-
ing forward by working with target stakeholders. We approached this by asking what features
streaming stakeholders wanted to see in data-driven game streaming systems (RQ1), what chal-
lenges and concerns stakeholders have when it comes to this technology (RQ2), and how stake-
holders can contribute to the design of such systems (RQ3). Our work yielded Design Goals
and Design Considerations that stakeholders believed were important, and we synthesized these
findings into our design framework to contribute the stakeholders’ perspectives in the forming of
this design space.

Our pursuit of these research questions revealed further lessons and broader implications
for future work in this area. We elaborate on these lessons by first discussing in-depth the in-
sights derived from analyzing the Phase Two designs using the framework. We then discuss the
methodological insights we derived from working with many types of stakeholders together with
regards to managing incentives. Finally, we discuss the implications and limitations of our work
in developing the design space to include other forms of data-driven streaming.

5.6.1 Insights From Designs
While analyzing our data and creating the framework, we noted how interconnected the compo-
nents of our framework were. A notable pattern that demonstrated this interconnection within
the framework was the tradeoffs introduced when iterating between or within components . Most
notably, choosing between individual or collective modes has implications for which targets, re-
sponsiveness levels, or data behaviors are easiest or most salient to envision interactions for.

Across the designs our participants envisioned, concepts that used an individual mode never
used a game mechanics target. This means there were no capabilities for users to influence game-
play individually, only as a collective. Further, when game mechanics targets were included in
collective mode concepts, they exclusively made use of voting mechanisms to deal with aggrega-
tion of inputs. This is demonstrated in the Portal 2 design, and all other designs in our data used
similar voting mechanisms. This is a known trade off between enabling individual capacities to
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affect gameplay and accounting for scale [252]. However, there are demonstrated ways to af-
ford individual capacities [307] as well as different strategies of aggregation beyond the standard
majority rule [174]. This highlights the potential for a broader set of interactions with gameplay
mechanic targets which afford individual capacities or deeper collective capacities, as seen in our
Helpstone analysis.

Similarly, we saw a tradeoff at the responsiveness level. Individual interactive modes, such
as the ones found in the Skyrim design, tended to be highly responsive while collective mode
interactions, such as Portal 2’s, were lower in their responsiveness. This is partly a consequence
of technical constraints imposed by collective modes’ need to coordinate data between multiple
parties such as the game, steamers, and other views. Individual model interactions, on the other
hand, are not reliant on all parties coming to collective agreement.

From applying the framework to the concepts our participants created, we observed that
data behaviors were often emergent from the prior choices rather than being explicit choices in
themselves. For example, the collective designs that relied on voting/input for game mechanics
tended to be asynchronous and low throughput, as demonstrated by Portal 2’s data behavior table
(Table 5.7). Conversely, individual designs that have lots of interactions to enable a personalized
experience tend to rely on synchronous, high throughput data, as seen in Skyrim’s design and
Table 5.6. Moreover, because individual modes did not tend to offer direct impacts on the game,
users were more often consuming or manipulating data rather than acting as data producers.

An additional notable pattern that we observed was specific to the Design Goal “as a streamer,
I want to use data from the stream to better understand my audience and/or my gameplay during
or after the stream”, which was the design objective for Civilization VI. In Phase One, participants
commonly expressed a desire for analytics solutions for streamers, which is corroborated in the
literature as a common need [195]. However, when asked to envision new concepts to address
this need, it was challenging for participants to come up with novel concepts, instead focusing
only on using only an overlay target for interaction as opposed to a broader mix of targets.

We hypothesize this might be because of a few different reasons. First, analytics systems
are complex and require effective integration and visualization of data, which might be hard to
imagine for our participants. Second, participants might be anchored to their prior experience
with analytics interfaces, particularly Twitch’s built-in data dashboards. Third, there may be
a limited data literacy in this population which makes it difficult to understand how different
sources of data can serve them and their needs.

5.6.2 Managing Stakeholder Incentives
As a research community, we endeavor to design and develop solutions to support streaming
stakeholders, thereby advancing the design space of data-driven game streaming. Creating data-
driven streaming ecosystems that are successful in the long run will need the buy-in from all
stakeholders involved. However, it is crucial to acknowledge that stakeholders across the stream-
ing ecosystem may have conflicting needs and incentives, and trying to meet a particular stake-
holder’s needs may impact those of another stakeholder. For example, much has been written
about the community and entertainment motivations of viewers and streamers [58, 129], however
streamers, particularly those whose primary employment is streaming, have financial incentives
that their audience does not [305]. Similarly, game developers and publishers have their own
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financial concerns [157].
In our study, these conflicting motivations and needs manifested in the Design Considera-

tions from Phase One, particularly relating to maintaining autonomy and reducing workload. All
stakeholders, be they viewers, streamers, moderators, or developers, valued autonomy in their
data-driven game stream engagement. Where they differed, however, was how that autonomy
is conceptualized. Viewers in our study were eager to design interactions so that they can per-
sonalize and impact the stream, while streamers and moderators sought to maintain autonomy in
how they manage their communities. As a result, streamers and moderators at times expressed
concern that by giving viewers individualized interfaces, it would make it easier for bad actors
to disrupt the stream. Maintaining viewer autonomy while allowing streamers and moderators to
maintain control of their communities is one possible conflict that can emerge in this context.

Concerns about workload were particularly pronounced among streamers, moderators, and
developers, who expressed a desire to innovate without significantly increasing their workload.
Streamers are tasked with playing, socializing, entertaining, and managing while live [317], and
game developers are asked to enable features and data collection in their games. In our study,
both parties were eager to design novel data-driven game streaming features that viewers wanted,
however a major concern was how enabling those novel features could add to their workloads.
Our findings underscore the importance of designing systems and interventions that alleviate
these concerns, ensuring that the development of data-driven game streaming experiences does
not unduly burden stakeholders.

Another source of conflict that poses additional challenges relates to the financial incentives
of streamers and developers [305]. In the standard Twitch ecosystem, developers would need
to ask streamers permission for advertisements. In our study, a professional streamer expressed
apprehensions about how enabling data-driven game streaming features at the game-level may
result in game developers bypassing them in monetization efforts. Developers on the other hand,
may be more inclined to contribute features to a game being streamed if there are financial in-
centives at play. Balancing these incentives is crucial for fostering a healthy and sustainable
ecosystem, necessitating nuanced approaches that account for the diverse motivations of stake-
holders.

Our study highlights the significance of understanding the roles and concerns of each stake-
holder in data-driven game streaming ecosystems. As researchers, we must integrate these con-
siderations into our methodologies, creating spaces for stakeholders to voice their concerns and
designing interventions that address their needs. Moving forward, future research should con-
tinue to explore the nuances of these systems, treating stakeholders as shared members of an
ecosystem rather than individual groups with isolated needs. By doing so, we can better capture
the complexities of data-driven game streaming experiences and foster collaborative innovation
within the ecosystem.

5.6.3 Toward a Unified Design Language
In our framework, we capture the desired features of stakeholders in the form of Design Goals
along with the Design Considerations to mitigate their concerns. We also provide a structured
approach to explore design across various dimensions, including abstract actions, interactions,
responsiveness, and data behavior. However, this framework represents just the beginning of a
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broader exploration within the research community. To advance the design space further, we
propose two key areas of focus: incorporating a broader set of data-driven streaming use cases
and considering additional data behaviors.

One use case that warrants further attention is eSports. While our framework applies in some
ways to eSports spectatorship, there are nuances specific to eSports that we have yet to account
for. For instance, eSports has a competitive motivation akin to traditional sports, with viewers
often seeking to analyze gameplay strategies rather than directly impacting gameplay. Moreover,
eSports may involve higher production values and additional stakeholders such as color casters,
professional eSports teams, and post-match analysts. Financial concerns in eSports, including
revenue generation channels, also differ from other forms of game streaming and merit con-
sideration. Seen through the lens of data-driven streaming, the attributes of eSports introduces
additional stakeholders while also placing different responsibilities on others. Analysts and com-
mentators, for instance, are eSports-specific stakeholders whose role in the data pipeline remains
unclear.

Additionally, it is worth considering how a how data-driven streaming may differ in con-
texts that do not involve traditional video games, such as coding streams or educational content.
These streams have their own norms and constraints, and the absence of a ”game” as a digital
data source raises similar questions about the nature of the stakeholders’ relationship to the data.
In a coding stream context, for example, data may come from official technical documentation
in addition to the direct content of the stream, suggesting the existence of additional interaction
targets that would be context or use case dependent. Expanding the framework to capture addi-
tional data channels presents challenges, as it introduces complexity to the data landscape and
may affect stakeholder relationships with the data. For example, in an educational context there
may be additional privacy concerns related to the use data from students. Stakeholders’ percep-
tions of data may not align with their perceptions of desired features, highlighting the need for
a clearer understanding of their existing relationships with the data. Furthermore, the inclusion
of new data sources and channels may impact stakeholders in unforeseen ways, necessitating
careful consideration and exploration within the design space. By providing a common language
for framing these concerns our framework creates a foothold to explore these issues.

5.7 Limitations and Future Work
Our study encountered several limitations that point to avenues for future research and develop-
ment in the domain of data-driven streaming interfaces. One notable limitation pertained to the
low-fidelity nature of the designs generated during our study, coupled with incomplete details
regarding data flow processes. This aspect suggests a need for refining the designs and elucidat-
ing the intricacies of data flow to enhance the practicality and comprehensiveness of proposed
solutions. Additionally, while our framework provides a structured approach to analyzing data-
driven game streaming interfaces, its efficacy in guiding design decisions warrants examination
in later stages of the development process. Longitudinal studies could offer insights into the
framework’s performance throughout the design lifecycle, offering opportunities for refinement
and optimization.

Another limitation we encountered is that there may blind spots in our findings as a conse-
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quence of how we structured the brainstorming and affinity diagramming activities. For instance,
while the Design Considerations in our study offered a more balanced view of the concerns of all
stakeholders involved, the Design Goals notably focused predominantly on viewers. Future work
is necessary to develop design goals that address the experience needs of the broader ecosystem
beyond viewers.

Another limitation related to the structuring of the study is that observed that participants
primarily defaulted to the existing text chat rather than propose new communication channels,
which is why the communication target was often not accounted for in interactions. This may
be because participants were not explicitly prompted to think of new ways to communicate with
stakeholders.

While our study included a diverse set of stakeholders across the data-driven game stream-
ing ecosystem, our study was constrained by the limited number of moderators involved. Like
streamers and developers, the desires of the moderators in our participant pool only manifested
in the Design Considerations. Future research endeavors should prioritize recruiting a wider
pool of stakeholders to ensure comprehensive coverage of Design Goals that reflect the needs
of the diverse stakeholder ecosystem. More specifically, further collaboration with moderators
is needed to establish effective Design Goals that moderation practices which are tailored to the
unique dynamics of data-driven game streaming ecosystems.

Additionally, the exclusion of eSports and non-gaming streaming contexts from our study’s
scope limits the generalizability of our findings. An immediate next step for this work is to
expand the design space to encompass these domains, exploring how data-driven streaming in-
terfaces can adapt to suit their specific requirements and user behaviors.

Finally, while we identified key Design Considerations, integrating them into the framework
remains a challenge. As a result, the Design Considerations mainly come into play as a fi-
nal reflection in each component of the framework that encourages designers to incorporate the
considerations in their design. Future iterations of the framework should prioritize seamless in-
tegration, ensuring that Design Considerations are not treated as an afterthought but rather as
integral components at every stage of the design process. Addressing these limitations and pur-
suing future research directions will contribute to the advancement of data-driven game stream-
ing interfaces, facilitating the development of more inclusive, engaging, and ethically grounded
streaming experiences for all stakeholders involved.

5.8 Conclusion
In conclusion, our research on data-driven game streaming systems unveils critical insights into
the needs, expectations, and experiences of stakeholders within the streaming ecosystem. By
conducting a comprehensive two-phase design study involving streamers, developers, designers,
moderators, and viewers, we have identified key Design Goals desired from data-driven stream-
ing systems and outlined essential Design Considerations to ensure the technical, ethical, and
social integrity of these systems. Building upon these insights, we propose a novel design frame-
work aimed at analyzing and generating data-driven game streaming interfaces, thus paving the
way for a more formalized approach to the design and development of such systems. Our frame-
work provides a structured approach for designers to create, analyze, or improve data-driven
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game streaming experiences, emphasizing the importance of Experience, Abstract Actions, User
Interaction, and Data. By providing a framework for future research, our work contributes to
advancing the field of HCI and facilitating the development of more inclusive, engaging, and
ethically sound data-driven streaming experiences. In doing so, we push the streaming experi-
ence to move past its humble video-and-text origins and into a new generation of live interaction
and shared engagement.

This study shifted my attention from what live gameplay data can do feature-wise, to inter-
rogating the relationships that impacted stakeholders have with it. My work here showed that
live stream data acts as both a resource and a constraint, and that which of the two it becomes
depends on who is engaging with it. Data, in other words, is never neutral, and designing with it
means attending both to the people it comes from and to the system behaviors it impacts. In my
next project, rather than asking how data circulates among many stakeholders, VibeClip asked
how the data held within a creator’s own in-progress work might help a tool align with what that
creator is trying to express.
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Chapter 6
VibeClip: Supporting Expressive Alignment in

Generative Music Tools

This chapter presents VibeClip, a creative assistant that helps video creators generate emotion-
ally aligned background music using vibe-based recommendations. Through a formative study
and system evaluation, VibeClip illustrates how generative tools can align with creators’ intent
by integrating trace-like video data into the music generation process. Of the systems in this
dissertation, VibeClip is the one that most directly prompted my turn toward creative activity
traces, since its design depended on treating the creator’s in-progress video data as an input to
the tool to support creator alignment.

This chapter has been adapted from Noor Hammad, C. Ailie Fraser, Erik Harpstead, Jes-
sica Hammer, and Mira Dontcheva. 2025. “It’s more of a vibe I’m going for”: Designing
Text-to-Music Generation Interfaces for Video Creators . In Designing Interactive Systems Con-
ference (DIS ’25), July 5–9, 2025, Funchal, Portugal. ACM, New York, NY, USA, 17 pages.
https://doi.org/10.1145/3715336.3735814

6.1 Introduction

Music is an essential component of storytelling in videos. From epic feature-length films to social
media shorts, the strategic use of music can profoundly influence a video’s emotional impact and
memorability [199, 314]. On social media platforms, the vast majority of videos include music
(in 2023, 85% of videos on TikTok and 84% of videos on YouTube contained music [71]), though
the style and prominence of music in social videos varies widely.

Most “narrative-style” videos such as vlogs, explainer/how-to videos, interviews, and pod-
casts feature dialogue, voiceover, and/or other audio. For these videos, background music can
help underscore a narrative, add energy or emotion, emphasize key moments, and attract viewers
[314].

While some narrative-style videos are made by professional teams, most are made by hobby-
ist or professional-aspiring individuals who handle every aspect of video production themselves
[25, 140, 239]. These creators typically do not have expertise in composing or producing music,
so they rely on existing songs as background music for their videos. However, finding the right
song for a given video is a challenging and tedious process [106]. Creators must be careful to
avoid using copyrighted music without permission, so they often rely on popular royalty-free
stock music libraries such as Epidemic Sound [261] and Artlist.io [22]. As prior work has found
[106, 219, 279], searching these libraries is hard because users have to describe their desired
music in words and/or filter by a limited selection of facets (e.g., genre, mood). Creators must
also ensure that the song they choose fits the duration and narrative arc of their video, which
requires careful previewing of potential options. This can quickly become time-consuming and
frustrating.
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Recent breakthroughs in AI music generation present new opportunities for creators to make
their own songs using only a text prompt [10, 52, 68, 92, 210, 248]. While this technology is
promising, prior work has not yet explored how it might be leveraged in the context of video
editing and how to best help users overcome the challenges in prompting generative models [75,
330]. This paper provides an initial investigation into this burgeoning design space, exploring the
potential and challenges of incorporating generative music into video editing workflows. First,
we conducted a formative study with eleven social narrative video creators to understand the
role music plays in their videos, their current workflows and challenges, and their experience
with existing music generation technologies. Our findings revealed that while many creators
lack formal musical training, they often have strong opinions about the kind of music they want.
However, challenges arise when they try to articulate these preferences as queries on music
search platforms, as creators primarily describe music in terms of its emotional impact or “vibe”,
rather than technical aspects like instruments, genre, or tempo. We also found that participants
valued creative control as well as the ability to explore options and iterate, but current music
search interfaces make exploration feel aimless and unproductive.

Based on our formative study as well as prior work, we distill a set of design goals for inter-
faces that bring text-to-music generation into the hands of video creators. Through an iterative
design process, we designed and implemented a creative assistant that embodies these goals with
a focus on balancing automated guidance with user control. This assistant automatically rec-
ommends an editable “vibe” based on the user’s video, translates this vibe text into generated
music, and provides a structured interface for iterating on the generated music. Using this proto-
type as a design probe, we conducted a user study with seven video creators who generated music
with and without the creative assistant to understand how this interaction paradigm compares to
directly prompting a music generation model. Our findings suggest that vibe-based assistance
is useful when creators are open to new ideas, while direct prompting is valuable in situations
where creators already have specific song attributes in mind.

In this work, we make the following contributions:
• Findings from a formative study with social video creators that underscore the importance

of emotional impact or “vibe” in describing music for videos
• The design and implementation of a vibe-based creative assistant that integrates text-to-

music generation into video editing workflows
• Design recommendations for generative music interfaces for video creators, including of-

fering initial guidance based on users’ videos, surfacing intermediate structures, and al-
lowing navigation between layers of control

6.2 Related Work

Despite the importance of music in videos, there is limited existing HCI research on the needs
and workflows of video creators when it comes to music [106]. In this section, we first discuss
the general challenges of human-AI co-creation, then discuss common challenges and potential
solutions from prior work regarding music search and recommendation, and AI music generation.
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6.2.1 Human-AI Co-Creation

Iteration is a key part of the creative process [75, 338, 339], but when it comes to prompting large
models, iteration can often feel unproductive due to their opaque nature [75, 184, 320, 330].
Recent work has explored how AI tools can better support productive iteration by designing
human-AI co-creation tools across creative domains including writing [47, 65], image creation
[184], video editing [303, 309], and music creation [106, 187, 339].

One common challenge with interacting with large AI models is developing an effective
prompt. Prompting a model in natural language might sound intuitive, but in reality, writing
effective prompts can be challenging for non-experts due to the “black box” nature of AI models
[23, 75, 320, 330] Prior work has shown that effective prompts often conform to specific struc-
tures [23, 75, 320]. Human-AI co-creation tools therefore often provide the user with prompt
templates [47] or transform user input to improve the quality of a prompt [303, 309, 339].

Prior work has also shown that breaking complex tasks down into smaller, more concrete
subtasks can improve model transparency, feelings of control, and output quality [320]. Human-
AI co-creation systems break the creative process into concrete stages to help users more easily
guide AI output and iterate within individual stages [65, 303, 309, 339]. Our design process was
informed by this prior work, and we demonstrate through a design probe how similar strategies
might be applied to the creative task of generating music for an edited video in order to give users
creative control and enable productive iteration.

6.2.2 Music Search and Recommendation

Frid et al. [106] identified common workflows and challenges in adding music to videos through
two formative questionnaires with social video creators. They found that most creators source
music from free or paid online music libraries, and the main factor they consider when searching
for music is its emotion or mood. Most popular stock music libraries rely on keyword-based
search, but constructing a search query with keywords can be difficult, especially for non-music
experts who don’t have a specific song in mind [219, 279]. Filtering songs by attributes limits
the user’s expressivity and control to a small set of platform-defined attributes (usually genre,
instruments, mood, and theme [22, 261]). Research on multimodal text-audio embeddings shows
promise for more effective natural language music search [144, 196], but would still require
the user to articulate a concrete description of their goal. Some music platforms also support
searching for “similar” music to an input song [9], but this is only useful if the user has an
example song in mind.

Prior work has proposed methods to automatically recommend music for a given video, typ-
ically by training a model on an existing dataset of music-video pairs [85, 180, 200, 225, 226,
279, 329]. This can be helpful for situations where the user does not have a specific idea in mind.
However, most of these models either consider only the visual attributes of the video, not existing
audio such as dialogue [200, 226, 279], or they explicitly focus on the domain of music videos,
where music is at the forefront and there is typically no other audio [85, 180, 225]. Approaches
also exist for recommending music based only on the textual content of an audio story [318],
but for narrative-style videos, both the visuals and the dialogue/voiceover are important [314].
Inspired by this prior work, our work demonstrates how both a video’s transcript and visual data
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can be leveraged to recommend styles of music to generate.
Most of the above methods are fully automatic pipelines that do not allow the user to specify

their intent or iterate on the recommended music [180, 225, 226, 279, 329]. There are a few
exceptions; McKee et al. [200] allow the user to include a natural language text description
of their desired music, and MuseChat by Dong et al. [85] allows the user to iterate once on
the recommended song with a natural-language response. However, these systems were not
evaluated with users, so it is unclear how they would fit into a video creator’s workflow.

6.2.3 AI Music Generation
Research and development of text-to-music generation models has exploded in popularity re-
cently, both in academic research [10, 52, 68, 91, 92, 208, 209, 210, 248] and in commercial
platforms (e.g., Stable Audio [13], MusicFX [164], Suno [278], Udio [289], and Riffusion [12]).
Most commercial interfaces provide an open-ended text box as the main user input, often with
suggested example prompts and keywords the user can try. These models present a new opportu-
nity for non-music experts to quickly create and iterate on their own personalized songs. While
AI-generated music has been an active area of research in the Computer Music research com-
munity for decades [66], the more recent text-to-music models are an exciting development for
two main reasons: 1) they generate high-fidelity raw audio files, as opposed to symbolic (MIDI)
music which consists of a limited number of prescribed instrument tracks [106]; and 2) they take
natural language as input, as opposed to lower-level music parameters such as time signature and
pitch [106]. However, these benefits also have trade-offs. First, while high-fidelity raw audio
provides richer and more realistic soundscapes than MIDI music, it is hard to control the output
of these models at a fine-grained level with a single text prompt [331, 339]. Second, although
these models can take any text as input, like other generative models [23, 75, 320] they tend
to perform better when the input has more structure and mentions specific musical properties
such as instruments and tempo [14, 331] (see Stable Audio’s user guide [14] and the examples
typically shown in commercial products [13, 164, 278, 289]).

Prior work has proposed interactions to help users express their intent and control music
generation models such as steering along specific structured dimensions [188], conversational
dialogue for iteration [337, 339], and drawing notes as input [187]. Zhang et al. [339] demon-
strated how an LLM can help interpret the user’s intention in order to select the best fitting AI
model for the type of edit they want to make to a song (e.g., add or remove tracks, re-generate
sections, transpose key). Recent work has also begun to explore how generative models them-
selves might directly support more user control by providing additional inputs such as images
[61], audio [84, 319], and other time-varying attributes like dynamics or rhythm [208, 209, 319].
However, none of this work has considered how music generation might apply to video creators,
who have more constraints around the music they want based on their video, such as duration
and timing [106].

6.2.4 Music Generation for Videos
Some recent work has developed AI models that can directly generate music given a video as in-
put, by learning a correspondence between music and video representations [81, 273]. Similar to
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the aforementioned research on automatic music recommendation, these methods show promise
for helping users get started without needing to explicitly describe their intent, but they do not
address how users might control and iterate on this initial output.

To our knowledge, the only work that has specifically explored interactions for video editors
to generate music is Frid et al.’s Music Creation by Example [106]. This paper proposed an inter-
action paradigm for non-music-expert video creators to generate symbolic (MIDI) music based
on a reference song, and iterate on the output by combining different instrument tracks from
different generated songs. Our work is largely inspired by this paper and its focus on bringing
powerful AI systems into the hands of non-expert users with a careful balance of automation and
control. We build on this work by exploring how interfaces for high-fidelity text-to-music gen-
eration can strike a similar balance, to bridge the gap between how video creators conceptualize
music and the language generative models expect. Because symbolic music generation systems
require lower-level input parameters, a main contribution of Music Creation by Example was to
extract low-level features from a reference song and use those as input parameters to generate
new music. In contrast, since modern music generation models use text prompts as input, our
approach focuses on helping the user express their intent in natural language and translating that
intent into a structured prompt that the model can understand. We believe these two approaches
can be complementary, as both text and reference songs are likely to be important input modali-
ties for video creators.

6.3 Formative Study
To design music generation interfaces for video creators, we first needed to understand their
current experiences with AI music generation, the role music plays in their videos, their work-
flows, and the challenges they face. To this end, we conducted a formative study with eleven
experienced social video creators. Our study focused on the following questions:

• What workflows and strategies do video creators employ when adding music to their
videos?

• What challenges do video creators face when adding music to their videos?
• How do video creators conceptualize music?
• What are video creators’ perceptions of AI music generation?

6.3.1 Participants
We targeted social media video creators who produce narrative-style videos that include back-
ground music, such as vloggers, how-to YouTubers, and travel content creators. Our inclusion
criteria required participants to be at least 18 years old, manage their own production and edit-
ing processes, and have publicly available content on a platform such as Youtube, Instagram,
or TikTok. To reach this audience, we posted a recruitment message on X as well as corporate
and university Slack channels, engaged with specialized content creator communities such as
Discord servers for YouTubers, and sent cold emails to YouTubers whose work aligned with our
study criteria. Prospective participants completed a screener survey to ensure eligibility, which
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included questions about their video editing experience, links to their video channels, frequency
of music use in videos, and their preferred platforms for finding music.

In total, eleven participants took part in the study. Table 6.1 summarizes the diverse range of
content types and platforms used by our participants.

Participant Content Type Content Platform(s) Music Platform(s)
P1 Get Ready With Me TikTok, Instagram CapCut stock music
P2 Travel, vlog YouTube YouTube, SoundCloud
P3 Sport highlights YouTube, Instagram YouTube
P4 Short film, vlog YouTube, Instagram Spotify, Artlist.io
P5 Vlog, TV show reviews YouTube Vllo stock music, SoundCloud
P6 DIY crafts TikTok, Instagram Instagram
P7 Vlog, travel, short film YouTube Epidemic Sound
P8 Vlog YouTube Epidemic Sound
P9 Vlog, travel YouTube YouTube
P10 Vlog, video diary YouTube Epidemic Sound, YouTube
P11 Travel, documentary YouTube, Instagram YouTube

Table 6.1: Information about our formative study participants, including types of videos they
make, the platforms they post their videos on, and the platforms they use for music.

6.3.2 Procedure
Each study session was conducted remotely via Microsoft Teams, consisting of a 25-minute
semi-structured interview, a 25-minute task walkthrough, and concluding with a ten-minute
semi-structured interview. Prior to the study, participants were asked to prepare an in-progress
project to share during the task walkthrough. In total, sessions lasted approximately 60 min-
utes and were recorded and transcribed for analysis. Participants received a $30 gift card as
compensation.

The first semi-structured interview focused on participants’ existing workflows and chal-
lenges. Questions covered the role of music in their videos, when in the editing process they
typically add music, their current strategies for finding and adding music to their videos, what
challenges they face during this process, and what an ideal workflow might look like.

Next, participants completed a task walkthrough and think-aloud, adding music to the in-
progress video project they had prepared. We interspersed the walkthrough with additional ques-
tions about the challenges in music selection, strategies for resolving issues, and their approach
to finalizing a song choice. The task walkthrough concluded with a “music supervisor” question:
we asked participants to describe their desired music as if they were delegating the music search
and selection process to an expert.

We closed the session with additional semi-structured questions focusing on participants’ ex-
periences with AI music generation systems. These questions included whether they had used
music generation technologies before, their impressions of such tools, and their requested fea-
tures for future music-generation systems.
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6.3.3 Results
Two members of the research team transcribed and cleaned session transcripts. We then em-
ployed an inductive coding approach to identify key themes [39].

Overall, music played a critical role in participants’ videos in several ways: establishing the
creator’s brand identity (P6, P11); “captur[ing] the essence” of the content (P1), particularly by
augmenting storytelling (P3); and promoting viewer engagement (P3, P5, P9). Our interviews
revealed the challenges that participants face when attempting to achieve these musical goals.
We elaborate on these challenges as well as the remainder of the study’s findings below.

6.3.3.1 Rough-cut first workflow is commonly used for narrative-style videos

In line with prior work [106], most participants used a rough-cut first approach, where they edited
raw footage into a draft video before integrating music (P1, P2, P3, P5, P6, P7, P8, P9, P10, P11).
While some participants were thinking about the music they wanted as early as filming (P1, P4),
most began thinking about music only after completing their rough cut, allowing the video’s
emerging structure to guide their music selection process.

6.3.3.2 Participants conceptualize music in terms of “vibe”

As prior work suggests [106], participants focused on the mood they wanted the music to evoke,
rather than referring to musical attributes like instruments or genre. Notably, all participants used
the word “vibe” when describing their goals for the emotional resonance of a piece of music.
While the term is somewhat ambiguous, it generally refers to the “mood or character of a place,
situation, or piece of music and the way they make you feel” [44] and is a common colloquialism
in modern English. Participants needed the vibes of the music to align with the “overall feeling”
(P6) of the video. For example, P4 described their desired music as “beach sunset summer vibes”,
which illustrates the flexibility of the term “vibe” when layering multiple moods or atmospheres
into a single description. When asked about future interfaces, participants imagined getting
music recommendations based on a video’s vibe, which they felt would streamline their process
(P1, P2, P5, P7, P8).

Some participants also referenced other media to help articulate their vision, whether by
pointing to existing artists (e.g. Taylor Swift), soundtracks (e.g., Interstellar), or broader cate-
gories like movie styles and genres (e.g., Disney). For instance, P5 described her desired music
as “Disney meets Romcom,” remixing familiar genres to communicate the tone she wanted. This
form of musical reference differs from what previous research has identified [106], as partici-
pants are not simply pointing to specific songs but invoking broader cultural touchstones, such as
styles, moods, or iconic associations (e.g., “Interstellar” or “Disney”) that immediately convey a
shared understanding of the desired tone.

6.3.3.3 Music must align with the video

When asked to describe their desired music to a music supervisor, nine out of eleven participants
began by providing an overview of the video’s narrative to offer context, including both verbal
descriptions and scrubbing through their footage while screensharing. Some participants went a
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step further, offering a detailed breakdown of how they wanted the music to evolve throughout
the video, describing specific points where the music should crescendo or transition to a different
mood (P1, P8). In other words, narrative video creators needed music to align with the video’s
structure and story, in addition to producing the right vibe.

6.3.3.4 Music search is messy and inefficient

In line with previous findings [106], participants attempted to develop search strategies that ad-
dressed known challenges including finding royalty-free music, finding music of the right length
and mood, and finding music that would need minimal editing. Strategies included browsing
well-known music platforms such as Spotify or Epidemic Sound (P4, P7, P8), using stock li-
braries integrated into their video editing apps such as CapCut or Vllo (P1, P5), and exploring
music from other creators’ videos (P2, P4, P6, P10, P11).

Overall, participants were dissatisfied with the search strategies available to them, feeling
that the process was time-consuming and aimless. They could not predict whether their search
was “going in the right way” (P10), and often felt that finding the right music was a matter of
luck rather than skill. Although they wanted to search for music based on vibes, they hesitated
to use keywords for searching (P1, P2, P4, P5, P6, P8, P9, P10, P11). It was hard for them to
translate “something so abstract like a vibe into something that assists you to find it” (P1) and
some believed they were “bad at figuring out [...] keywords” (P2), in part because existing search
tools often failed to interpret their keywords accurately. For example, the keywords “Spanish
Romantic” returned results fitting only one of the terms, but not both (P2). Even when they
found a song that matched their desired vibe, it often turned out to be too short or too long for
their video, making it unusable (P1, P2, P8, P10). These challenges led many participants to
reuse music to save time (P1, P2, P5, P9. P10), at the cost of settling for less-than-perfect music
(P10).

6.3.3.5 Music results can fail when validated with the video

After searching, participants validated their song choice by listening to the music while watching
their video (P2, P3, P4, P5, P7, P8, P9). Rather than listening to songs all the way through, par-
ticipants typically sampled short segments—ranging from two to thirty seconds—to determine
whether a track matched the desired vibe (P1, P7, P8, P9). Some participants scrubbed through
songs, jumping to the middle or end for brief evaluations (P4, P5). If the “vibes aren’t vibing”
(P2), the music would be rejected.

Because participants often evaluated multiple songs, they did not want to go to the effort of
importing all their music options into their video timeline, so instead played them from their
original source. However, the context switching required to validate songs against the video
can also be chaotic. P2, for example, described how relying on YouTube often left her with
numerous tabs open that “usually have no relation to one another” as she tried to validate potential
songs against her rough cut (P2). Participants desired a more streamlined approach to comparing
multiple songs against their videos, which was seen as an important part of the creative process
(P1, P2, P6, P7, P8, P10, P11). As P7 put it, “I’m not going to be sure [of my song choice]
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because I haven’t kissed enough frogs to get my prince. You know, there’s actually a lot of value
in kissing frogs.”

6.3.3.6 Participants see potential in music generation, but want to maintain creative con-
trol

Most participants were unfamiliar with AI music generation technology (P1, P2, P5, P6, P7, P8,
P10, P11), and none had used it in their videos. Nonetheless, participants believed that music
generation could address key challenges in their search and evaluation processes, such as helping
them create music that matches their desired vibe (P1, P8), enabling quick comparisons between
multiple options (P5, P7), and creating personalized instrumentals that alleviate the need to reuse
the same songs in every video (P2, P10). Participants also expressed interest in using AI for
manipulating musical structure, such as producing variable-length songs tailored to their needs
(P1, P8, P9, P10) or aligning the instruments or sections with their video’s narrative (P1, P4, P5,
P6).

Despite the interest in music generation to help with their process, particularly the potential
of natural-language interfaces (P2, P5, P7, P10), participants also wanted to maintain creative
control over features such as song length, instruments, and the overall vibe (P1, P3, P4). P4
argued that relinquishing creative control is “what a lot of creatives are scared of,” because the
process of engaging with the musical material is a valuable creative act. Instead, P4 envisioned
music generation tools “that can enhance your ability to be creative, instead of just doing it all
for you.”

6.4 Design and Prototyping
Based on our formative study findings as well as prior work, we identified several key design
goals to guide our exploration of integrating music generation into video editing workflows.
With these goals in mind, we designed and implemented a creative assistant as a design probe.
This section details the goals and process that went into this design, followed by a description of
the prototype we built.

6.4.1 Design Goals
(DG1) Support a rough cut-first approach: For narrative-style videos, the most prevalent work-

flow among participants was to add background music to the video after it has been edited.

(DG2) Center on vibe and emotion: Participants consistently described music in terms of its
“vibe,” corroborating related work [106, 219]. Thus, interfaces should abstract lower-level
musical attributes (e.g., genre, tempo, instruments) in favor of higher-level descriptors like
vibe and emotion.

(DG3) Consider video context: Music must account for the narrative and content of the video
[106, 314]. Participants in our formative study framed their music choices by describing
their video’s content, emphasizing the need for music that aligns seamlessly with the story
being told in their videos.
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(a) An interface mock-up exploring how users could annotate the video timeline
with emotive markers to illustrate the mood of desired music.

(b) An interface mock-up exploring how a mood board could help users illustrate
desired characteristics of music.

Figure 6.1: Early prototype sketches created during our iterative design process
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(DG4) Enable music validation with video: Validating candidate songs with the video before
adding them to the timeline was a critical step for participants. This process includes
ensuring the music matches the video’s vibe and aligns with its duration [106].

(DG5) Support structured exploration of multiple music options: Participants emphasized the
importance of exploring multiple song options, but their current strategies for doing so
were overwhelming and lacked direction. Interfaces that add structure to the exploration
process can help it feel more productive.

Figure 6.2: The creative assistant prototype featuring a (1) video player, (2) a multi-track
timeline, and (3) a music generation panel.

6.4.2 Design Process

With these design goals in mind, we conducted an iterative design process to brainstorm how an
interface for text-to-music generation could support video creators. Central to our exploration
was determining the inputs the system should process. These fell into two categories: implicit
system inputs for automated assistance and explicit user inputs to articulate intent.

For implicit system inputs, we explored leveraging video data to inform music guidance
(DG3) such as:

• Transcript and Audio: Emotion, topic, and narrative cues
• Visual Information: Scene descriptions, prominent objects, people, colors, and actions
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• Editing Features: Cut points, cut pacing, text effects, and sound effects

For explicit user inputs, we explored modalities that allow users to express their intent or
refine system-generated suggestions. These included:

• Natural language text: E.g., “uplifting, cinematic”
• Visual sketches: E.g., Graphing emotional curves over time
• Audio-based inputs: Humming or uploading reference songs
• Structured input to specify musical attributes: E.g., drop downs to select genre, instru-

ments, tempo, etc.

One early sketch introduced emotion tagging directly on the timeline, where emoji-like char-
acters represented the changing vibe of the video (Figure 6.1a). Though this visual approach
helped convey temporal changes, it lacked the expressivity needed for the types of nuanced,
verbal vibe descriptions our formative study participants used. We excluded the modalities of
humming and sketching because none of our participants mentioned or used them, and we did
not want to overwhelm users with novelty given that AI music generation was already a novel
technology for most participants. In a later mock-up, we tried supplementing natural language
text input with additional “mood board” features, allowing users to drag and drop musical ele-
ments (e.g., instruments or themes) (Figure 6.1b). In the final design, we replaced the mood
board with structured text boxes to give users the flexibility to type their own text while also
producing structured prompts that the music generation model can understand [331]. In other
words, although we explored many options in our design process, we chose natural language text
as the primary input modality due to its approachability and prevalence in current generative AI
interfaces, and because it aligned effectively with participants’ existing practices for expressing
musical intent.

Eventually, we converged on an interaction paradigm where users can upload a rough-cut
video (DG1) and select a section of the video timeline to define the music’s duration (DG4).
The system automatically recommends a vibe based on the video content in that section (DG3).
Users can then edit the textual representation of the vibe before submitting it as input for mu-
sic generation (DG2). The system generates multiple different songs based on this vibe, and
users can then refine finer details of each song in a more structured interface (DG5), which is
visible alongside the video (DG4). Like most commercial music generation interfaces today
[13, 164, 278, 289], our approach provides the user with suggestions to get them started, but
unlike commercial interfaces, these suggestions are tailored to their specific video.

This approach provides a higher-level abstraction of music at the start of the process to sup-
port the user’s mental model, while providing more structure and control over musical attributes
during the refinement stage. By structuring the music generation process around multiple inter-
mediate stages, our design supports a human-in-the-loop paradigm, striking a balance between
automated guidance and user control, and aligning with principles from human-AI collaboration
research [320]. Importantly, the user is always able to modify or rewrite any AI-generated text
to ensure it captures their intent.
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6.4.3 Creative Assistant Prototype
We implemented a prototype that embodies our design in a creative assistant powered by a gen-
erative AI pipeline (Figure 6.2). The prototype comprises a video player, a music generation
panel, and a multi-track timeline. These interface elements and the core interactions are drawn
from existing video editor paradigms (e.g., Premiere Pro, Final Cut Pro, CapCut) but are limited
in functionality to only the music-related tasks described below. The timeline displays the user’s
video on the first track, and all generated music is rendered on audio tracks below (DG4).

6.4.3.1 Video understanding

As an offline pre-processing step, we compute two metadata features from the user’s video: a
transcript of all spoken dialogue in the video, and visual scene captions comprising a textual
description of the visual contents of each salient scene in the video. This metadata is used in the
following two steps (DG1, DG3).

6.4.3.2 Vibe recommendation

The user starts by selecting a region on the timeline where they would like to add music. This
determines the duration of the music that will be generated and its position on the timeline (DG4).
Once a region is selected, a recommended “vibe description” will automatically appear in the
music generation panel (DG2). This recommendation is generated by prompting a large language
model (LLM) to describe the overall vibe/emotion of the selected section of the video. The
prompt first includes the transcript and visual captions from the selected portion of the video to
target the user’s selection, followed by the full transcript and visual captions of the entire video.
We include the full transcript and captions to ensure that the LLM has access to the broader
narrative of the video with the goal of increasing the relevance of the vibe descriptions (DG3).
Since “vibe” is an inherently ambiguous and subjective concept, we also allow the user to edit
the recommended vibe description to ensure it captures their intent before moving to the next
step.

6.4.3.3 Translating vibe into structured music prompts

When the user is satisfied with their vibe description, they can press the “Generate” button,
which translates the vibe description into three distinct music prompts and submits each prompt
to a text-to-music generation model. To achieve this translation, the system prompts an LLM
to generate three music-generation prompts that incorporate information about the selected clip
and the overall vibe (DG2, DG4). We generate three prompts at once to provide the user with
multiple options for exploration (DG5) that capture different potential interpretations of the vibe,
since there is no one correct way to map an abstract vibe to a concrete music description.

The structure we ask the LLM to use for each prompt is as follows:
• “genre”: “1-2 genre descriptors”,
• “instruments”: “1-2 instrument descriptors”,
• “mood”: “1-2 words describing the mood of the video”,
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Figure 6.3: Interface shown in the music generation panel when the user selects a song for
refinement. They can optionally edit any of the prompt’s properties before clicking

“Re-Generate,” after which the “Previous Song” button will be enabled. If the user clicks
“Previous Song,” the UI will update to show the previous prompt, and the “Re-Generate” button

will change to “Next Song,” allowing them to navigate between versions.

• “theme”: “1-2 words describing the video theme”,
• “energy”: “energy level of the video”

This prompt structure is based on publicly available prompt guidance for the popular music
generator Stable Audio [14], common music attributes used by popular stock music libraries
[22, 261, 269], as well as trial-and-error testing during development.

6.4.3.4 Generating and previewing music

The system submits three requests to the text-to-music service, each with a prompt as per the
previous section, along with a randomly-generated seed. The seed is a random number that
serves as a starting point for AI generation. We use a different seed for each prompt, following the
typical default behavior for generative AI services [8]. Once they are ready, the three generated
music tracks are placed on the timeline in the region the user had selected, in three vertically-
aligned tracks below the video track. Users can mute and unmute each music item, drag and drop
it in the timeline, and delete it using the Delete key. Finally, they can use the playhead to seek
and the play/pause button to play the video, as they would in a regular video editor. The video
plays in sync with any unmuted music items (DG4).

91



Figure 6.4: Overview of our prototype implementation, starting from the (1) Video
Understanding step that generates transcripts and captions for (2) the vibe recommendation.

Once the user submits the vibe (3) the system translates the vibe into structured music prompts
for (4) the text-to-music model to generate three songs. To iterate on the songs, the user can (5)

refine the structured prompt.
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6.4.3.5 Refining generated music

The user can select a music item on the timeline to see the prompt that generated it in the music
generation panel. Since the prompt conforms to a specific structure (see section 6.4.3.3), the
interface breaks the prompt into independently editable text boxes for genre, instruments, mood,
theme, and energy (DG5) (Figure 6.3). If the user clicks “Re-Generate” without modifying the
prompt at all, the system uses a new random seed in its request to the text-to-music service;
otherwise the same song would be generated again. If they did modify the prompt, it uses the
same seed as before. This can help maintain consistency across iterations when making minor
tweaks to the prompt (e.g., changing one instrument), as it means the generative model will start
from the same initial number, making it more likely to produce a similar song. The generated
result replaces the selected music item on the timeline, and the user can toggle between iterations
using the “Previous song” and “Next song” buttons to hear how their prompt changes affected
the resulting music (DG4, DG5).

Figure 6.5: The baseline prototype used in the user study. The music generation panel features a
single text box where the user enters their prompt.

6.4.3.6 Prototype Implementation

Figure 6.4 illustrates the core components of our prototype’s implementation. First, the user
uploads a rough cut video. Our offline pre-processing step computes a transcript of the video
using Speechmatics [262] and visual scene captions using CLIP [213] and LLaVA [234]. We
used GPT-4-Turbo as the LLM that generates the vibe recommendation (section 6.4.3.2) and the
structured music prompts (section 6.4.3.3). To generate music, the prototype uses a custom text-
to-music generation model, trained on licensed instrumental-only music. The model takes a text
prompt and desired duration as input, and generates up to five minutes of instrumental music.
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Finally, all user interactions are done through our web interface, developed using Typescript,
React, and MobX.

We note that the implementation details of these features are not part of this paper’s contri-
bution. In practice, each element could be replaced by other technical solutions, e.g., a different
text-to-music model, as long as the components of the system can communicate as per Figure
6.4.

6.5 User Study
Our design and prototyping phase yielded a high-fidelity design probe which allowed us to ex-
plore different aspects of the emerging design space, given limited current understanding of how
users interact with music generation tools in the context of video editing. We invited seven video
creators to use our probe along with a similar prototype with a standard text-prompt interface.
We introduced the second prototype as a baseline to compare how our probe, whose design en-
ables assisted human-in-the-loop interactions, compares to the type of interface music generation
tools use today. We examined how participants experienced the features of both prototypes and
how they compare to their current workflows for sourcing music.

Below we discuss the study details, including the baseline prototype, and the study results.

6.5.1 Baseline Prototype
Since none of our formative study participants had any previous exposure to existing AI music
generation systems, we wanted to explore how directly prompting a text-to-music model com-
pares to the assisted workflow found in the probe. We thus created a prototype that does not
include any video analysis or automated assistance (Figure 6.5). As in the probe, the user selects
a region of the timeline where they want music. Once a region is selected, a text box appears in
the music generation panel, where the user can enter a natural-language prompt describing the
music they want. When the user clicks “Generate”, their prompt is sent to the music generation
service. Unlike the probe, only one song is generated at a time.

Participant Content Type Content Platform(s) Music Platform(s)
P1 DIY Crafts TikTok, Instagram Instagram
P2 How-To YouTube Epidemic Sound
P3 Vlog YouTube Epidemic Sound
P4 Vlog YouTube Adobe Stock
P5 Get Ready With Me TikTok, Instagram CapCut stock music
P6 Vlog Instagram Adobe Stock
P7 How-To YouTube/Internal YouTube

Table 6.2: Information about our user study participants, including types of videos they make,
the platforms they post their videos on, and the platforms they use for music.

When the user selects a music item on the timeline, they can see and modify the prompt that
generated it in the music generation panel. As in the probe, clicking “Re-Generate” will submit
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the new prompt to the music generation service. We chose to keep the “Previous Song” and
“Next Song” buttons from the probe since existing music generation interfaces also allow users
to explore their previous prompts and results [13, 164, 278, 289].

6.5.2 Participants

As with the formative study, we targeted social video creators who produce narrative-style videos
with background music, with one added constraint: participants were recruited internally from
a large tech company due to the prototypes’ use of an internally deployed text-to-music model.
Interested individuals filled out a screener survey, where we asked about the types of videos they
create, how they source their music, and their general video production practices. Selected par-
ticipants were emailed consent forms and scheduling information. In total, we recruited seven
participants, three of whom had also participated in the formative study. Importantly, the forma-
tive study did not include exposure to generative music or mention the prototypes, ensuring that
repeat participants approached this user study without prior bias or familiarity with the systems
being tested.

Table 6.2 summarizes the content types and platforms used by our participants in the user
study.

6.5.3 Procedure

Study sessions were conducted remotely via Microsoft Teams, with participants sharing their
screens and audio to allow for real-time observation. In total, sessions lasted approximately 80
minutes and were recorded and transcribed for analysis. Participants received a $50 gift card as
compensation.

Since our prototype assumes a rough-cut-first workflow (DG1), participants were asked to
submit two in-progress videos in rough-cut form, simulating the point in their workflow just
before they begin searching for and adding music. They submitted videos ahead of time so we
could pre-process them and add them to our internal database.

Each session began with two 20-minute think-aloud tasks, one with each prototype (presented
in random order). In each task, participants had 15 minutes using the prototype to add music to
one of their submitted videos, followed by 5 minutes to complete a post-task survey. The post-
task survey comprised twenty questions on a seven-point Likert Scale. We designed the survey
by adapting relevant elements from Cherry & Latulipe’s Creativity Support Index (CSI) [57],
Amershi et al.’s Guidelines for Human-AI Interaction [18], and similar post-task surveys from
related work [106, 303]. See the Supplementary Materials for the full list of survey questions.

After completing both think-aloud tasks, the session concluded with a 40-minute semi-structured
interview, which complemented the survey by providing deeper insights into participants’ expe-
riences. We asked about their overall impressions of the systems, their preferences, and how the
tools compared to their current workflows. Observational notes were also revisited during the
interview.
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6.5.4 Data Analysis
While the small sample size makes statistical testing inappropriate, subtle variations emerged
across specific survey questions, which warranted further investigation to understand partici-
pants’ nuanced perceptions. To investigate these trends, we used exploratory data visualizations
including divergent stacked bar charts and slope graphs. To derive qualitative insights from the
interview data, we conducted a thematic analysis of the transcripts using an inductive coding
approach.

6.5.5 Results
While both prototypes were well-received, participants had conflicting opinions on which system
offered better creative control. The main takeaways from our user study are as follows:

• The design probe was helpful for getting started and exploring possibilities, mainly due to
its vibe recommendations and multiple output suggestions.

• The baseline prototype was most helpful when participants had a specific musical idea in
mind, and was preferred by participants with musical expertise.

• Participants disagreed on which prototype gave them more agency and control; some found
the design probe’s structured prompt easier to control, while others found it overly con-
straining and preferred the baseline’s direct prompting approach.

6.5.5.1 Vibe recommendations and structured prompts enable productive exploration

All participants found the vibe recommendations in the design probe to be useful (Figure 6.6),
describing the system as a great starting point for the music process that helped them generate
ideas and explore possibilities (P2, P4, P7). Several participants likened the probe to a conver-
sational assistant, offering a helping hand when needed (P2, P4, P5, P7). One participant high-
lighted the vibe recommendation as an excellent way to establish “a solid enough playground to
mess around with things” (P5). This participant also found the suggested prompts helpful: “It
was good to have a bit of training wheels, I think, because I don’t know the words to necessarily
use when it comes to describing instruments, for example” (P5). Overall, exploration emerged as
one of the probe’s key strengths (Figures 6.7 and 6.8): “having the three [songs] laid out is ben-
eficial if you’re trying to explore totally different themes” (P1). Participants pointed out that the
three music suggestions allowed them to consider genres they might not have explored otherwise
(P2, P3, P5) while making it easy to track different iterations (P6, P7).

6.5.5.2 System preference depends on user expertise and situation

Four out of seven participants preferred the design probe for their workflows (P2, P3, P4, P7),
citing its flexibility and ability to suggest ideas they might not have considered. Two participants
enjoyed using both systems but noted that the baseline was especially useful in scenarios where
they had a specific musical idea in mind and needed a more direct approach to realize it (P1,
P5). P6, who has more musical expertise than the other participants, was critical of both systems
due to the inability to define musical attributes directly. Despite this, they acknowledged being
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Figure 6.6: Participants’ responses when asked about the recommended vibe for their videos

impressed by the design probe’s capacity to accurately recommend music that matched their
intended vibe.

Participants emphasized that their choice of system would likely depend on situational fac-
tors (P1, P3, P5, P6, P7). For example, “if [their goal] was exploration, the [probe] is more ideal”
(P1). In contrast, the baseline would be preferable in situations where they already have “a very
clear idea of the type of music” (P3) in mind or even “already [have] a track to edit” (P1). How-
ever, the ability to describe a specific musical direction using the baseline “would be limited by
how musical the user is” (P7). Accordingly, one of the most commonly requested improvements
was for the system to “progressively [disclose] more and more controls” (P4), and to allow users
to move between different levels of abstraction depending on their use case. P7 echoed this,
stating that “it would be neat if there could be an open mode [i.e., the baseline] and guided mode
[i.e., the design probe]”, so they could choose when they want to use the vibe recommendations
versus directly prompt the model.

6.5.5.3 Participants disagree on which system provides more control

Participants had varied experiences when it came to control, transparency, and creativity. While
the survey results suggested that the design probe’s feature set was clearer (Figure 6.9), there was
some disagreement regarding the feedback provided by both systems (Figure 6.10).

Some participants found the design probe to be more transparent than the baseline prototype,
as it provided insight into how the system was generating music recommendations (P2, P3, P4,
P7) and gave them more output parameters to tinker with (P2, P4, P7). “I felt like I was co-
creating because it got my creativity flowing more and I could see what [the system] was thinking
[...] It’s giving me a bigger look inside the black box of AI” (P7). These participants felt that the
baseline system required a significant amount of trial and error to achieve desired results (P2, P3,
P7).

Conversely, the other participants felt less agency with the design probe, saying that its struc-
tured interface limited their ability to refine or control music output (P1, P6). These participants
found the baseline prototype easier to guide toward their desired result due to its focus on a
single-song output and resemblance to familiar LLM interfaces and music search interfaces (P1,
P5).

Participants also shared ideas for future features, some that would increase the amount of au-
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Figure 6.7: Participants’ responses when asked about ease of exploring ideas using each
prototype

tomated assistance, and others that would provide more fine-grained control. Interestingly, these
ideas did not align with which prototype they preferred. For example, both P1 and P3 wanted
the system to automatically synchronize the video with their music (increasing assistance), while
both P5 and P6 wanted more precise control over the musical structure, such as specifying where
a beat should drop (increasing control).

6.6 Discussion and Takeaways

Through our formative and user studies, we gained a deeper understanding of how video creators
conceptualize music and explored how a creative assistant can facilitate music generation for
videos. Below, we present three key takeaways that can serve as actionable recommendations for
designers of future music generation systems.

6.6.1 Offer Initial Guidance Based on User Content

A significant challenge for video creators is describing the music they envision in words. Our
findings suggest that offering personalized recommendations based on the user’s content at the
start of the music generation process can be a powerful way to address this problem. Personalized
recommendations are more effective than predefined examples, as they directly align with the
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Figure 6.8: Participants’ responses when asked about their ability to track ideas throughout their
use of each system

user’s unique context, enabling them to begin their creative process with guidance rather than
guesswork.

In addition to being personalized, initial guidance should align with the user’s mental model
of a task, so that they can easily modify it to suit their intent. Our approach of describing the
vibe of a video was one way to achieve this, but future systems could explore other user-friendly
representations such as the timeline emotion tagging and mood boards we explored in our design
process. Alternatively, systems could directly generate music given a video by leveraging video-
to-music generation models [81, 273], but would need to provide mechanisms for users to iterate
on their outputs and guide them towards their creative goals.

6.6.2 Surface Intermediate Structure for Productive Iteration

Prompting generative AI models is challenging [330], especially for users with limited expertise
in the model’s domain. In the context of text-to-music generation, these challenges are exacer-
bated by the inherently abstract nature of describing music and the subjectivity of music inter-
pretation. Our findings suggest that surfacing intermediate structures can help users iteratively
refine their output.

Under the hood, a text-to-music model implicitly interprets and transforms the text prompt in
order to arrive at a coherent musical output. In our baseline prototype, the model’s interpretation
of prompts remained opaque, and participants struggled to infer how their input influenced the
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Figure 6.9: Participants’ responses when asked about system clarity

output when refining their prompts. While this mismatch between user conceptualization and
model interpretation was partially due to users’ limited musical literacy, it also stems from the
complexity of mapping subjective descriptions to structured musical outputs. Our design probe
introduced a structured intermediate representation that allowed users to iterate on their input
more effectively. By making the system’s interpretation more explicit, this approach provided
users with concrete axes of control, supporting more productive exploration and refinement.

While we explored one potential representation for intermediate structure, many other rep-
resentations are possible. For example, Music Creation by Example [106] employs a grid-like
interface that allows users to mix and match five attributes across five generated outputs. Future
work should consider other interpretable intermediate structures that provide clear opportunities
for refinement and empower users to engage more effectively with generative music tools.

6.6.3 Allow Users to Navigate Between Levels of Control

Our study revealed conflicting opinions among participants regarding which prototype provided
better control. Even within the same session, participants’ preferences shifted depending on their
task or creative intent. This finding highlights the importance of offering users multiple levels of
control rather than a one-size-fits-all interface solution.

While some participants found the design probe easier to control because of its structured
refinement interface, others felt the predefined categories were overly constraining. Similarly,
some participants found the baseline’s open-ended text box familiar and straightforward, while
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Figure 6.10: Participants’ responses when asked about feedback provided by both systems

others found it daunting and unproductive without clear feedback. Future systems must account
for these varying needs, offering intuitive ways to move between structured and unstructured
modes of interaction. Systems could allow users to toggle between high-level guidance (e.g.,
vibe-based recommendations) and detailed customization (e.g., control over tempo, instrumen-
tation, or structure) to seamlessly navigate between levels of abstraction as their needs evolve
during the creative process. Such systems could also provide educational scaffolding to help
address the gap in musical literacy observed among non-expert users, such as tooltips or inter-
active explanations of musical attributes. This dual role—both as a creative tool and a learning
platform—could empower users to make more informed decisions about music while building
their confidence in interacting with generative models.

6.7 Limitations and Future Work
Our study has several limitations that point to opportunities for future research. First, the small
number of participants and the exploratory nature of our design probe limit the generalizability of
our findings. Rather than conducting a full evaluation, we aimed to observe how video creators
interacted with our creative assistant to uncover initial insights into this design space. While our
exploratory visualizations of the survey data suggest some potential trends, larger studies with a
more diverse participant pool are needed to validate the effectiveness of our proposed workflow.
Second, our study only tested one music generation model, and some participants had concerns
about the quality of the generated music. While other models may vary in their ability to interpret
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natural language prompts and quality of their outputs, music generation technology is rapidly
improving in general. Future work could compare different models to better understand their
relative strengths and weaknesses. Finally, we did not directly compare our creative assistant
to participants’ existing music search workflows, nor explore how the two might work together.
Future work should consider when one approach might be preferred over the other, or even
how the two could be blended to combine their strengths—for example, music “outpainting”
technology [209] could be used to generatively extend a short stock song to match the duration
of a user’s video.

More broadly, our design probe represents one point in a broad and largely unexplored design
space. We therefore highlight some of the choices we made to emphasize opportunities for
future work. First, our prototype requires the user to initiate music generation by selecting a
region on the timeline; future versions could enable a mixed-initiative experience by proactively
suggesting regions to add music to based on the video’s structure. Second, our prototype only
provides song-level control over music generation, though some participants wanted to specify
how the dynamics or mood of a song should change over time. Future work could explore
how we might leverage model improvements that enable finer-grained temporal control (e.g.,
dynamics or musical structure [208, 209, 319]) by automatically suggesting temporal parameters
based on the user’s video or providing intuitive mechanisms for users to specify such parameters
(e.g., sketching to specify musical structure). Third, our current method of reusing the same
seed for a modified prompt does not guarantee that the re-generated result will sound similar,
especially if more than a few words in the prompt are changed, because the seed only controls
the start of the generative process. Future systems could use the previously-generated song as
additional input to guide re-generation, and leverage model optimization techniques to provide
specific editing controls such as “inpainting” (replacing a selected region of a song while leaving
the rest unchanged) [208, 209] and adding or removing instruments [338]. Finally, future work
could also explore how AI music tools might apply to other types of videos, beyond our focus
on narrative-style content.

6.7.1 Ethics and Social Impact
While generative AI tools have the potential to democratize creativity, many creative profession-
als are also concerned about the potential of such tools to disrupt their livelihoods [298]. Our
design process and choice to focus on background music for social videos was informed by the
desire to enable more creators to do what they otherwise could not: create and customize unique
music for their own videos. Our hope is that by reshaping the creative process in this way, our
approach might diversify the landscape of music in narrative videos, as creators may be less
likely to reuse the same stock songs in multiple videos.

However, the diversity of a model’s generated music depends on its training data, which often
under-represent non-Western music [308]. In addition, many AI music generation models have
come under recent scrutiny for training on copyrighted music without permission [41, 170], thus
producing music that directly competes with the data it was trained on. While training models
only on licensed music can help ensure that creators have agreed to the use of their music as
training data, questions remain around how this broader shift toward generated content might
impact music creators, and how to ensure that generated music represents a broad range of styles
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and cultures. By addressing these questions, we can build AI tools that empower creators while
fostering equitable and sustainable artistic communities.

6.8 Conclusion
This paper explored the challenges and opportunities of incorporating AI-generated music into
video editing workflows for narrative social video creators. Insights from a formative study in-
formed the design of a vibe-based creative assistant that balances automated guidance with user
control. Using this creative assistant as a design probe, we conducted a user study that compared
it against open-ended text prompting. Our results showed that the creative assistant helped spark
ideas and enabled exploration. However, it also highlighted the need for creators with specific
musical goals to have more direct control. These findings emphasize the importance of flexibility
in the design of text-to-music interfaces for video creators, whose needs of exploration, control,
and creativity can change depending on expertise and video content. As text-to-music mod-
els continue to evolve, our work underscores the need for a design space for music generation
interfaces for video workflows that meet the needs of video creators.

VibeClip was the project in which the thread running through my earlier work became clear
to me. Its vibe recommendations worked because the system drew on the video the creator was
in the middle of making, rather than on descriptors supplied from outside that work. At the same
time, VibeClip read only a single state of that process, the rough cut in front of it, and knew
nothing of the takes, edits, and earlier decisions that had led there. Looking back across V-Light,
MARS, and VibeClip, each system drew on data that creative work was already producing, but
none was designed around that data as an accumulating record of the creator’s process. In Part
II of this dissertation, I begin my formal exploration of creative activity traces and how it can be
used in systems to make trace-aware tools.
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Part II

Creative Activity Traces and Trace-Aware
Tools
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Chapter 7
Tracing Creativity: Mapping Activity Traces in

Creativity Tools Research

Across my doctoral work, I have designed and built creativity tools in three different media
domains, each addressing a distinct challenge faced by creators. V-Light explored how edge
computing could expand the expressive possibilities of mobile AR by removing the technical
constraints that limited co-located multiplayer experiences. MARS introduced a real-time, game-
aware architecture for live streaming, using streamer gameplay data to enable new forms of audi-
ence engagement. Finally, VibeClip supported video creators in generating emotionally aligned
music by analyzing their own video content to infer mood and intent. Working across these sys-
tems revealed a pattern: data, whether from players, streaming stakeholders, or video content
creators, has the potential to align tool behavior with creative goals.

Although these systems targeted distinct problems, each relied on robust data pipelines to
power adaptive, real-time behavior. Notably, by working on VibeClip, I realized that meaningful
adaptation arises when the data utilized in the system reflects the creator’s process. What began
as a technical effort to build efficient data pipelines to help achieve system goals has since become
a deeper inquiry into the nature of the creative process itself. Over time, I came to see that
creative practice inherently generates a trail of byproducts that can reveal how creators think and
work. These byproducts, in turn, can be a powerful data resource for designing tools that natively
understand and adapt to a creator’s personalized practice.

In this chapter, I formalize creative activity traces and examine how they are currently used in
creativity tools, and in the next, I explore what it means to work with traces as a design material.
This chapter is presented largely as published, and it adopts the definition of traces introduced
in Section 1.1. It also establishes the basic building blocks of traces: traces consist of data, but
a trace is not simply the data itself. An individual piece of trace data, such as a single draft,
annotation, or prompt, becomes part of a trace as it accumulates alongside other trace data over
time. The framework’s two dimensions reflect this distinction: its data characteristics describe
the trace data itself, while its trace awareness dimensions describe how systems engage with that
data as it unfolds over time.

This work was previously published: Noor Hammad, David Chuan-En Lin, Amy Smith, Max
Kreminski, Erik Harpstead, and Jessica Hammer. 2026. Tracing Creativity: A Design Space For
Creative Activity Traces in HCI. In Proceedings of the 2026 CHI Conference on Human Factors
in Computing Systems (CHI ’26). Association for Computing Machinery, New York, NY, USA,
Article 1644, 1–24. https://doi.org/10.1145/3772318.3791263

7.1 Introduction
Creativity tools have long been a pillar of HCI systems research across multiple areas, including
Creativity Support Tools (CSTs), computational creativity, and human-AI co-creation [104, 141].
Despite differences in terminology and technical approach, these systems share a common aim:
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to help creators ideate, produce, and share their work in new or improved ways [141, 255]. Today,
such tools are deeply integrated into modern creative production and actively shape how creative
work is organized and carried out [176].

Creative production involves overlapping processes of iteration. Creators make things over
time [117, 267], they grow their skills through the process of making [224], and they develop
workflows that suit their needs [194, 216]. As they work, they generate a range of intermediate
outputs such as reference materials, annotations, partial artifacts, and iteration histories, which
are produced alongside the final products ultimately shown to the world [42, 123, 249, 259].
For example, in creative writing, drafts, comments, outlines, and accumulated feedback trace
the evolution of a polished narrative and allow writers to revisit prior decisions [257]. In time-
based media such as video production, footage, scripts, edits, and sound assets enable creators to
compare versions, reuse material across projects, and explore alternative directions [131, 304].
Although these materials manifest differently across domains, they share a common role: they
capture the creator’s evolving decisions, provide a temporal record of how work develops, and
support key aspects of creative practice such as reflection, backtracking, reuse, and adaptation
across projects [267].

Creator workflows are both supported and constrained by the tools available to them [27,
176]. Although digital tools are fully capable of capturing aspects of the creative process, cur-
rent systems differ widely in what they record, how they represent it, and whether they preserve
its temporal structure. This inconsistency often flattens creative production into atemporal snap-
shots, obscuring the iterative journeys and evolving decisions described above. In doing so, tools
lose information about where creators have been and where they are trying to go, reinforcing the
“normative ground” that implicitly dictates how creators should work [176]. These limitations
point to a broader gap: we lack a systematic way to describe how tools capture, represent, and act
on process data, and have yet to understand how these design decisions shape creative practice.

In this paper, we propose creative activity traces as a construct for examining how creative
processes become encoded within digital tools. We use the term to broadly refer to process-
related data that systems can capture or appropriate, including histories of artifact iterations, ref-
erence materials, annotations, and the ways creators organize and document their assets. Digital
creativity tools, by virtue of being software, are capable of capturing parts of creative evolution
via these traces. Framing intermediate materials as activity traces allows us to analyze, across
systems and domains, how aspects of creative process are captured, represented, omitted, or sur-
faced in creativity tools. In this way, traces serve not only as data, but as a lens for comparing
what different tools attend to, ignore, or make visible about creative practice.

Across creativity tools and related HCI systems, process data already appears in many forms
[211, 229, 267]. However, activity traces have either been used implicitly in system design
without being foregrounded as a critical part of design decision making, or have been examined
in a piecemeal fashion across different research communities. As a result, research that engages
process data often grapples with similar issues, but lacks a shared vocabulary for describing how
such data is captured, represented, or operationalized within tools. This fragmentation makes it
difficult to compare systems or to understand the broader design implications of incorporating
creator process data.

The need for such a unifying construct is especially urgent, as the integration of generative
AI into creative tools has made the capture of complex, multimodal, and fine-grained process
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Figure 7.1: Overview of our methodology

data nearly trivial [218, 220]. Without a clear conceptual framework for how traces are captured
and used, we risk reinforcing assumptions and practices that were never critically examined,
embedding flattened and opaque models of process into increasingly powerful tools. In light of
this, this paper addresses the timely question: How have creativity tools leveraged activity traces
to power system features?

To answer this, we propose a working definition of activity traces within the context of cre-
ativity tool design, and use it as an analytical lens for examining how existing systems engage
with process data. We collected 133 papers from major HCI venues, spanning research traditions
including CSTs, computational creativity, and human-AI co-creation. We analyzed these systems
from a traces perspective, taking stock of: (1) how traces are used to power system features, (2)
where gaps or underutilized opportunities appear, and (3) how trace usage differs across creative
domains. We synthesize our findings in the form of a Living Framework for Trace Awareness,
which characterizes the types of creator data that constitute trace, the degree of ”awareness” that
systems exhibit toward them, and the ways traces are utilized to support system functionality.
From this mapping, we surface underexplored opportunities for integrating traces into system
design more deliberately and responsibly.

With this work, we aim to establish a descriptive foundation for studying creative activity
traces more intentionally. Our goal is not to resolve longstanding debates on creativity, nor to
prescribe a definitive model of what constitutes a trace. Instead, we use the term activity traces as
a deliberately broad construct that encompasses process data ranging from low-level interaction
logs to higher-level intermediate materials. This breadth is intentional, as it allows us to explore
concepts that have been historically studied separately while highlighting opportunities for how
traces can be used as a ”design material” in the future [323]. Ultimately, we argue for more
intentional and principled consideration of how traces shape creativity tools and impact creative
processes, ensuring that creator data is not left as an unexamined encoding of process, but is
intentionally leveraged to represent, support, and align with the evolving richness of creative
practice.

7.2 Related Work

7.2.1 Literature Reviews on Creativity Tools

HCI and adjacent fields have produced a steady stream of literature reviews on creativity tools,
many of which have become touchstones for the community. The most influential are the broad
mappings by Frich and colleagues, which surveyed two decades of creativity research [105]
and offered the first structured overview of CSTs [104]. Follow-up work examined how CSTs
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Figure 7.2: The Data Characteristics Of The Framework

are evaluated, noting short study durations, weak theoretical grounding, and few longitudinal
deployments [232], while others compared HCI with psychology-based creativity research [105]
or scoped creativity support systems in conceptual design [108]. Collectively, these reviews
established taxonomies of domains, roles, technologies, and evaluation practices that frame how
researchers understand creativity tools.

More recent reviews have narrowed to specific domains or technologies. Chung et al. ana-
lyzed 111 art-making CSTs to map intersections of users, roles, interactions, and technologies
[63], while Lee et al. produced a design space for intelligent writing assistants [168]. Other ex-
amples include Fang on AI in story writing [97], Rodrigues on convergent thinking tools [240],
Abi Saad on virtual teams [7], and Zhou on tangible affect [343]. These efforts expand our un-
derstanding of domain-specific creativity tools, but remain focused on interface taxonomies of
systems and not how such tools understand the creative process.

The rise of generative AI has produced another wave of reviews. Hu et al. cataloged 189
interactive GenAI systems for art and creativity [142], Cong Fang et al. examined GenAI in
conceptual design [96], Pang traced the ”LLM-ification” of CHI [218], and Park analyzed HCI
applications of pre-trained models through artifact analysis [220].

Taken together, these prior reviews rarely treat creator data as a primary object of analysis.
When data is discussed, it is typically at the level of input and output modalities (e.g. text, video,
audio) or the data used for model training. The rich creator process data generated within tools,
including artifact iterations, edits, annotations, or AI generated materials, are typically collapsed
into outputs or not discussed. For instance, story-writing reviews describe how AI generates
paragraphs from user input [97], but not how systems capture, represent, or act on intermediate
traces. Our review addresses this gap. Like Park et al. [220] and Lee et al. [168], we adopt a
systems-oriented approach to our analysis, but we explicitly code our corpus of systems from the
lens of activity traces. We analyze what modalities are captured, where traces originate, whether
and how they are surfaced in the interface, and whether systems use them beyond visibility. Our
goal is not exhaustive coverage of all possible trace usage, but a characterization of trace usage
in systems across creative domains.
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Figure 7.3: The Trace Awareness Dimensions Of The Framework

7.3 Method

We conducted a systems-focused literature review to address the lack of a systematic baseline
for how activity traces shape system design. We assembled a corpus of 133 technical papers
published between 2020–2025 across major HCI and creativity tool venues, and analyzed each
paper using a traces-oriented lens. Our analysis focused on characterizing (1) what features are
implemented in the system, (2) what creator process data are captured to constitute an activity
trace, and (3) how these data are used to drive functionality. This approach allowed us to identify
both the forms of data that systems operationalize and the ways traces are mobilized in practice.
Below, we detail our methodology for corpus construction and coding. Figure 7.1 provides an
overview of our approach.

7.3.1 Selecting a Corpus

In assembling our corpus, we draw inspiration from Lee et al.’s design space formulation of cre-
ativity support tools and Chung et al.’s domain scoping of art-making systems, while extending
this approach to focus specifically on creative media contexts [63, 169]. Below, we describe our
choices of venues, timespan, and filtering strategies that shaped our scope.

7.3.1.1 Venues and Timespan

We targeted venues where creativity tools are most often published in HCI, specifically the pro-
ceedings of Conference on Human Factors in Computing Systems (CHI), User Interface and
Software Technology (UIST), Designing Interactive Systems (DIS), Intelligent User Interaces
(IUI), and Creativity and Cognition (C&C). To better capture creative media domains that were
of interest, such as game design and performing arts, we also included International Conference
on Computational Creativity (ICCC) and Foundations of Digital Games (FDG). Together, this
set of venues provides us with disciplinary breadth while remaining closely aligned with HCI.

We scoped the review to papers published between 2020 and 2025, providing us with a con-
temporary and bounded time frame. This time span offers us a window to analyze systems before
and after the rise of generative AI, while still keeping the corpus size manageable.
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7.3.1.2 Search and Filtering Strategy

Because creativity tools are published under diverse labels (e.g. CSTs, creative assistants, domain-
specific tools) [104, 141], a keyword-only search for creativity support tools risks omitting rel-
evant systems. We therefore employed a two-phase process: (1) a broad search to capture all
systems contributions first[315], followed by (2) manually filtering these results using an inclu-
sion checklist (see 7.3.1.3).

In the first phase, we constructed a broad keyword search string including the search terms
”system”, ”tool”, ”assistant”, ”architecture”, and ”implementation” applied to titles and abstracts
of papers in the ACM Digital Library and the proceedings of ICCC. We derived these terms from
CHI’s list of contributions and from Wobbrock et al’s contribution types in HCI [315]. Across
the seven venues and years 2020-2025, this search string yielded 2696 results. For the smaller
venues (UIST, DIS, IUI, C&C, FDG, ICCC), we manually screened the proceedings to validate
coverage and confirm the search string reliably captured all systems contribution papers. This
gave us the confidence that the automated search strategy sufficiently covered CHI, where manual
screening was infeasible.

In the second phase, we manually applied an inclusion checklist (7.3.1.3) against our 2696
results from the previous phase. Because the creativity tool research spans a wide range of
professional domains, including engineering, scientific visualization, productivity software, and
artistic creation, we needed to articulate a clear boundary for this review. Prior work shows
that creativity tools appear under many labels and across heterogeneous practices [104, 141],
which creates ambiguity about which domains should be treated as creative media contexts, and
introduces feasibility complexities with regards to our analysis. To resolve this ambiguity and
produce a coherent analytic scope, we centered our corpus on systems designed for creative
media production, meaning tools that support creators in producing expressive digital artifacts
in domains such as visual art, animation, audio, storytelling, video, or games. As a result of
this scope, systems targeting CAD, product design, or professional software engineering were
excluded because they center functional, structural, or engineering problem solving rather than
expressive media making. Borderline cases were adjudicated by examining the intended creator
population and the practice the system supports. Systems were included when programming or
modeling served an artistic or expressive purpose, such as creative coding environments aimed
at artists [20], and excluded when the primary users were engineering professionals, such as
tools designed to support software developers in analyzing their programs [206]. By selecting
this focused and conceptually coherent subset of creative media domains, we ensured that the
systems in our corpus share a common relationship to creative artifact production and that the
trace analysis that follows is consistent across systems. We revisit the implications of this scoping
in the limitations and future work section (see 7.6).

Each paper was reviewed by the first author, with team consultations for refinements to the
inclusion checklist and on ambiguous cases. This process removed non-systems contributions
(e.g. studies without an implemented tool) and creativity tools that fell outside our scope. This
process resulted in a corpus of 133 papers. This corpus was verified by the research team and
analyzed using the coding approach described below.
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7.3.1.3 Inclusion Criteria

To guide filtering in the second phase, we applied the following inclusion criteria. These criteria
ensured that the systems under consideration were fully implemented and within scope for our
activity trace analysis.

System Contribution
• Papers must describe a fully implemented system
• Only full proceedings papers were considered; shorter formats such as posters or late-

breaking work were excluded.

Creative Domain
• Systems must be designed to support creative processes in creative media domains, such

as art, audio, storytelling, or games.
• Focus on creative practitioners who produce digital media artifacts, such as art, audio,

storytelling, or games.

Creative Composition / Authoring Orientation
• Included systems focus on supporting users to author or perform creative media.
• Papers where the primary contribution was a digital artifact (e.g., a digital game prototype

rather than a tool for making games) and not a tool to support making such artifacts were
excluded.

Creative Agency
• Systems must preserve meaningful creative decision-making or authorship for users.
• Fully automated tools with no avenue for user control or authorship were excluded.

7.3.1.4 Coding Approach

To analyze the systems described in our corpus, we focused on the paper itself and used any
provided video figure as a supplement to understand the system more. This focus on the paper
and video figures ensured consistency across the analysis. Our approach for analyzing the sys-
tems is inspired by Lee et al’s analysis of intelligent writing assistants and Park et al’s analysis of
genAI prototypes [168, 220]. We adopted an inductive coding approach focused on how systems
capture and use activity traces. A pilot round of the analysis was conducted by the first author,
where 20 systems were randomly sampled from the corpus. This round surfaced preliminary
codes around (1) system features and (2) types of process-related data those features relied on.
The preliminary codes were refined in discussion with the research team and iteratively consoli-
dated into a coding scheme.

The final coding was conducted by two authors, with regular consultations to resolve am-
biguities and ensure consistency. In this phase, we deliberately defined creator data broadly to
encompass any material appropriated or generated during the creative process (e.g., reference
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Figure 7.4: Heatmap distribution of modalities across domains.

materials, intermediate drafts, annotations, AI-generated content). Each system was then ana-
lyzed with attention to the kinds of data captured, the characteristics of that data, and the way the
system utilized the data.

As a result of this coding process, we developed the Living Framework for Trace Awareness,
which distills our analysis into a set of dimensions that characterize traces and capture the degree
to which systems attend to their temporal evolution. We present this framework in the Results
section, where it structures our comparative analysis.

7.4 Results – The Living Framework For Trace Awareness
Our analysis of 133 systems was centered on understanding how traces are being used in system
design. We structure our findings through a Living Trace Awareness Framework that describes
the dimensions of trace usage in HCI in terms of the raw data characteristics of trace data and the
trace-aware capabilities that systems can exhibit. This distinction allows us to examine both the
material that constitutes traces and the ways systems temporally leverage that material in practice.
Figure 7.2 summarizes the codes we used to characterize data within traces, while Figure 7.3
extends this to dimensions of trace awareness, which capture how the temporal features of traces
are utilized. Tables 7.1 and 7.2 provide examples of the data characteristics and trace awareness
dimensions respectively.

Our framework can be used both to analyze individual systems and to identify gaps in trace
usage within and across creative domains. We describe it as a ”living framework”, drawing from
Pais et al.’s terminology [215], to emphasize that this is a preliminary structure that we expect to
refine in dialogue with the HCI community as we continue to study traces.

We grouped the systems in our corpus into 11 mutually exclusive creative domain groups,
ranging from 3D and Animation to Theater and Performance. Figure 7.5 summarizes the do-
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mains and their counts of systems. We also created an additional domain group for ”General
Creative Practice”, which includes systems for general creative ideation [310] and systems de-
signed to support creativity across domains [153, 265]. We use these domains and their associ-
ated systems to illustrate how different dimensions of our framework manifest in system design
and to surface differences across fields.

Our dataset skews toward post-GenAI publications, with 90 systems published in 2022 or
later compared to 43 prior to 2022. This is attributed to both the increase in HCI publications
during that time as well as the ubiquity of GenAI-powered features in the field [218].

7.4.1 Data Characteristics
The first dimension of our framework focuses on the underlying characteristics of data that
are captured within creative systems and that together form activity traces. In our framework,
characteristics describe the raw material that traces are built from and provide the foundation for
understanding what systems are actually capturing. By attending to the properties of the captured
data itself, we can see what kinds of creative activity systems consider worth recording, repre-
senting, and storing. We identified four recurring dimensions of these characteristics: modality,
origin, creation context, and channel.

7.4.1.1 Modality

The modality characteristic describes how trace material is represented in a system. Rather than
treating modality as a simple input or output channel, we define it as the medium that systems
use to capture and store process data. Table 7.1 lists the modalities observed in our corpus.

Across the corpus, text emerged as the most frequent modality, especially in systems pub-
lished after 2022. Conversations with LLMs and transcripts increasingly stand in as representa-
tions of creative activity, even in domains that are inherently visual or multimodal such as video
editing (e.g., [283]) or 3D animation (e.g., [185]). In many cases, multimodal traces are funneled
into textual proxies, such as transcripts, captions, or keywords to enable generative AI models to
operate over them (e.g., [28, 60]). This strategy highlights the growing role of text as a lingua
franca for activity traces, as it is easily understood by users, can capture aspects of intent, and
is highly compatible with LLMs. Yet this same reliance risks flattening richer forms of creative
practice into textual summaries, privileging interoperability over fidelity.

Other modalities remain central within their own domains. Image data (e.g., sketches, ren-
dered stills) dominates drawing and art generation systems, while audio traces structure music
and performance tools (e.g., [46, 107]). Video data is essential in editing and choreography sys-
tems, though often translated into transcripts for system analysis. Motion curves and 3D models
appear in animation and immersive systems, capturing gesture, pose, or spatial form as process
data. Graphical objects refers to vector-based or structured visual elements like shapes, nodes,
or UI objects (e.g., nodes, cubes, interactive objects) and are frequently used in systems where a
canvas layout is used [20, 60].

These patterns reveal clear domain differences: writing and narrative systems overwhelm-
ingly rely on text, video systems on video+text hybrids, music on audio, and animation on mo-
tion curves and 3D (see Figure 7.4). Creative coding tools privilege code and graphical objects,
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Code Examples

Modality

Text Prompts, transcripts, annotations
Image pixel-based visual media, including

photos, sketches, or rendered im-
ages

Graphical object Vector-based or structured visual
elements like shapes, nodes, or UI
objects

Audio Recorded or reference audio
Motion curve keyframe animation
3D Meshes, spatial models
Video Edited clips, captured footage
Code Source code
Multimodal Systems spanning multiple modali-

ties

Origin
User Direct edits, sketches, writing
System AI-generated images, dialogue, or

suggestions
Other External creators or datasets

Creation Context In-tool Data captured within the tool
Out of tool Imported reference material

Data Channel

Artifact Core creative outputs
Metadata Attributes of objects
Prompt User prompts to AI
AI-generated con-
tent

AI-generated material

Reference material Uploaded sources like text, images,
or audio

Layout Spatial arrangement of components
Performance Ephemeral actions, e.g. live impro-

visation
Iteration Versions, edits, or branches
Feedback Peer or AI feedback
Annotation User notes or markup

Table 7.1: The data characteristics of the framework

while general creative practice systems lean on graphical objects coupled with metadata.

Taken together, the modality dimension shows not only what systems record, but also how
they choose to represent creative activity. The prominence of text as a cross-domain standard
reveals both a pragmatic design choice and a potential constraint: enabling system intelligence
while narrowing the expressive modalities that traces can carry forward.
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7.4.1.2 Origin

Code Examples

Capture Agency User-Initiated Quickpose branches created by user
[229]

System-Initiated Immersive Sampling auto-logging
metadata [265]

Context window
Full Trace Rosetta using full dialogue history

in improv [77]
Localized Lotus applying edits only to tran-

script region [28]
User Selected CoColor allowing color palletes to

be save dto library [137]

Visibility Visible VRGit surfacing collaborator edit
histories [335]

Implicit Creative Arc Negotiation using per-
former dialogue for robot agent
behavior[154]

Function

Creative exploration WhatIf’s branching narratives [204]
Historical reflection LyricJam showing creator gener-

ated lyrics [297]
Contextual sugges-
tion

Scones using conversation history
for next-turn generation [143]

Organization D-Graph collecting and linking
ideas [265]

Reuse and remix Spellburst allowing branches to be
merged [20]

Cohesion Improv systems maintaining narra-
tive flow [154]

Style and intent
alignment

StyleFactory aligning to user-
ranked preferences [342]

Comparison BeyondTheChat showing side-by-
side drafts [333]

Backtracking PromptPaint slider to roll back gen-
erations [283]

Collaboration Katika exposing iteration histories
to peers [155]

Transparency Lumimood surfacing intermediate
AI outputs [212]

Memory ChoreoCraft supporting quick re-
call of recorded segments [132]

Table 7.2: The trace awareness aspects of the framework
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The origin dimension is about who created the data, whether it is authored by the user, con-
tributed by another human, or generated by the system itself. Across our corpus, user-authored
data remains the dominant origin, reflecting that most tools still ground traces in the creator’s
direct activity. For example, drawing inputs in WhenIsATool or edit operations in Lotus demon-
strate in-tool origin [28, 165]. At the same time, many systems combine origins. Some rely
on hybrid traces produced jointly by user and system, such as Scones, which logs both user
text and AI conversation history [143], or BlockAndDetail, where each user stroke triggers a
system-generated continuation [242]. Others integrate material from other creators as reference
materials, such as ChoreoCraft, which lets users upload music files composed by others to guide
dance generation [132], and Frid et al’s system which uses example songs as input to generate
new songs [107]. These multi-origin traces highlight how creative practice is rarely bounded
to one actor or dataset. The origin dimension underscores the importance of specifying origin
clearly to clearly delineate whose data is represented in a trace, how sources intersect, and what
counts as part of the creative record.

7.4.1.3 Creation Context

The capture context dimension is about where the data was created, whether it originates within
the tool itself (in-tool) or is brought in from outside (external). This complements the origin code
by showing not just who created the data, but also the environment in which it was produced.
Most systems in our corpus captured data directly in-tool, such as recording edits, prompts, or
generation actions as the creative session unfolded (e.g. [336]). A smaller set drew on externally
created material, such as EuterPen, which lets musicians import audio clips as references [46],
MoodCubes, and and Immersive Sampling, both of which curate inspirational artifacts collected
outside the system. Most video content creation systems such as LAVE and ExpressEdit demon-
strate external data that is user origin, specifically previously recorded video footage [283, 302].
These examples show how capture context can range from session-specific activity to external
material that can be of any origin. Systems that rely solely on in-tool traces emphasize user-
created content, while those that integrate external data expand the creative record to include
prior work, cultural resources, or other creators’ contributions.

7.4.1.4 Channel

The channel dimension describes the contribution that a given data item makes within a trace.
Whereas modality captures how data is represented (e.g., text, image, audio), channel captures
what role that data plays in the creative process. We developed this dimension inductively, as
systems often captured very different kinds of information even when using the same modal-
ity. For example, text could serve as a prompt, a feedback message, or a metadata label, each
representing a distinct channel of contribution. Categorizing data in terms of channel proved an
effective way of distinguishing whether traces were centered on artifacts, iterations, annotations,
or other contributions to creative work.

Across the corpus, the artifact channel was the most prevalent, encompassing direct creative
outputs such as sketches, drafts, or videos which will become part of the final artifact. In cre-
ative coding systems like Quickpose and Spellburst, the artifact channel were complemented by
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Figure 7.5: Distribution of systems across creative domains, with each bar showing the
proportion of trace-aware and non-trace-aware systems (green is trace-aware).

the iteration channel that logged branching edits or runtime versions, emphasizing process over
static outputs [20, 229]. By contrast, general creative practice systems such as MoodCubes and
Immersive Sampling leaned on reference and metadata channels, where imported inspirational
materials and their attributes (e.g., color, type, scale) became the core of the trace and powered
contextual suggestion features [153, 265].

Other domains highlight more specialized channels. Theater and performance systems cap-
tured ephemeral creative actions, namely dialogue, gestures, or choreography, through the perfor-
mance channel, logging live acts rather than durable artifacts [154, 197]. In post-GenAI systems,
prompt and AI-generated content channels became especially prominent, as in ExpressEdit or
StyleFactory, where prompts and generated outputs were central to system behavior [283]. More
rarely, we observed annotation channels, where users explicitly documented their work (e.g.,
TaleStream’s labeled tropes [60] or Quickpose’s annotation of nodes [229]), or feedback chan-
nels, where collaborators or the system itself offered evaluative comments (e.g., Katika for an-
imation feedback, or VISAR for writing critique) [155, 340]. A small subset of systems also
logged layout channels, capturing spatial arrangements of elements such as nodes or interface
objects, which became meaningful design data in themselves [59].

7.4.2 Trace Awareness
In analyzing the systems, we observed a key design distinction: some tools operate on trace data
only as static snapshots, while others make use of traces temporally. We describe the latter as
trace-aware systems, which form the second key dimension of our framework. Data character-
istics apply to any system, since they describe the raw material that is captured. What makes a
system trace-aware is that it treats this material not as isolated records, but as true activity traces,
i.e. data unfolding over time that can shape system behavior. A trace-aware system leverages
this temporality both implicitly, by adapting to prior edits, prompts, or choices, or explicitly, by
surfacing past states for reuse, comparison, or branching (See visibility code below). By con-
trast, non–trace-aware systems may store data, but do not interpret them as part of a temporal
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record; each action is treated in isolation from what came before, and the system is agnostic to
how the process data is yielded temporally. For example, a writing tool that merely uses the
latest saved version of a draft to generate content suggestions is not trace-aware, while one that
looks at a sequence of edits to suggest style improvements or generate alternative continuations
is trace-aware.

Trace-aware systems account for 77 of the 133 systems in our corpus (57%) (Figure 7.5).
This distinction emerged inductively from our coding, as we found many prototypes that truly
modeled or surfaced traces to inform system behavior. In what follows, we treat trace awareness
as a multi-dimensional aspect of system design, unpacked through the categories of capture
agency, context window, visibility, and function.

7.4.2.1 Capture Agency

Capture Agency considers who initiates the capture of trace data. Most systems log data when a
user creates, edits, or saves (user-initiated capture), while a smaller set capture data automatically
in the background (system-initiated capture).

Patterns in our corpus reflect the traditions of their domains. In creative coding, systems such
as Quickpose and Spellburst both rely on user-initiated capture, where traces are logged when
the user creates a new branch or runs code [20, 229]. These systems’ features are built on the
user deciding when the right time is to capture trace data.

Some systems introduce more hybrid cases, especially ones reliant on LLM chat features.
CharacterChat, for example, allows users to pin chat messages, indicating user-initiated agency,
whilst the system automatically lists relevant character attributes that are revealed during the chat
[246].

Overall, capture agency highlights an important fault line in trace-aware design. Most sys-
tems place responsibility on users to initiate the capture of their traces, reflecting a norm where
creative actions drive the record. Far fewer systems capture data automatically in the background,
which suggests an opportunity for future designs to balance user-led and system-led capture in
ways that enrich traces without overwhelming creators.

7.4.2.2 Context Window

The second dimension of trace awareness is Context Window, which describes the temporal scope
of data that a system uses when engaging with a trace. Some systems draw on the full record
of activity, others rely on a localized slice of recent actions, and a smaller set allow users to
define the scope themselves. Context window is important because it determines how much of
a creator’s past activity is available to shape future interactions. In conjunction with the channel
dimension, it tells us a great deal about the richness of a trace and how it can be leveraged in
practice.

Performance-oriented systems often depend on continuous, session-long windows. Improv
and acting systems such as Rosetta and Creative Arc Negotiation rely on dialogue histories across
the full performance to maintain cohesion and narrative flow [77, 203]. In video editing, Lotus
takes the opposite approach by applying a localized window: transcript edits propagate only
within the affected region rather than across the full sequence [28]. In terms of user-specified
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context windows, the most prevalent example is the ”save to library” feature that exists in many
systems as a form of light-weight history keeping [38, 111, 306]. CoColor is one such system,
as it allows users to save generated color palletes to a library for later use [137]. User-set context
windows are limited only to library-saving features, which illustrates a gap in how variable con-
text windows can be more meaningfully leveraged to inform trace-aware system behaviors. This
suggests a design opportunity; giving creators more control over how much of their past work is
brought into play could open new possibilities for reflection, adaptation, and reuse beyond just
saving libraries of content.

Across domains, we found most systems default to either full or localized windows, with
none allowing for user-steered scopes that functioned as anything more than a library of saved
artifacts.

7.4.2.3 Visibility

Visibility captures if a system surfaces traces directly to creators and/or leverages them internally
without exposing them. Visible traces can be presented as part of lists of saved content, galleries
of generated alternatives, timelines of edits, or collections of inspirational material. However,
while most trace-surfacing behaviors in the data are dedicated to saving whole artifacts, AI-
generated content, or reference material, trace surfacing can also serve as a form of material
interaction, giving users something tangible to reflect on, manipulate, or repurpose [229, 267].
By contrast, implicit trace usage shape outcomes behind the scenes. These systems adapt be-
havior based on past actions, propagate changes across artifacts, or align with user style without
necessarily making the underlying data visible.

This distinction is central because it fundamentally changes the role traces play in creative
practice. When surfaced, traces become a creative material in their own right; they can support
reflection, comparison, reuse, and remix (see Trace Function dimension below). In contrast,
implicit traces often function as invisible scaffolding. For example, Creative Arc Negotiation
uses performance history to guide narrative direction in improvisational theater, but participants
never see the trace itself [78].

Domain traditions contribute to how visibility or implicit usage are handled. Writing tools
frequently emphasize visibility, surfacing drafts, annotations, or conversation histories to give
users direct control over revision and reflection (e.g. [257, 333]). By contrast, performance-
oriented systems more often privilege implicit use, because surfacing traces during live impro-
visation would disrupt flow or create cognitive load. Here, the system uses traces internally
to maintain cohesion or style continuity. Creative coding tools like Quickpose and Spellburst
demonstrate a third case: visibility as a rich form of material interaction [20, 229]. Here,
traces are deliberately surfaced as branching versions or annotated layouts, giving creators di-
rect, manipulable histories. Some systems surface all or part of the trace while also using trace
data implicitly. Meanwhile, conversational interfaces such as Scones or MVPrompt embody
both paradigms simultaneously: the chat log is a visible trace for users to scroll and edit, but
also an implicit input for the LLM, shaping output without requiring explicit user intervention
[143, 167].

Both forms of visibility can coexist, but they represent different design implications. Systems
that emphasize visibility position traces as a resource for creators, potentially giving them agency
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over how process history is interpreted and reused. Systems that emphasize implicit use position
traces as infrastructure for adaptation, making the system itself the primary interpreter of process
data.The balance between the two reflects not just technical feasibility, but deeper implications
about how traces should serve creators, systems, or both.

Across our corpus, trace surfacing was more common, though often in lightweight forms such
as conversation histories or saved libraries. Implicit trace usage was comparatively narrower,
typically limited to artifact or prompt histories rather than drawing on richer, cross-channel or
cross-modal traces to drive system behavior.

Notably, audio/music systems exhibited the lowest levels of trace awareness overall, and
when traces were surfaced, they were typically limited to basic historical reflection (e.g., showing
generated lyrics or previously played clips). Only SHARP, a live coding system, offered deeper
surfacing by letting users track iterations as part of improvisation. This stands in sharp contrast
to creative coding, where visibility was used to enable powerful material interaction, and to
domains like image/art genration, where implicit traces underpinned predictive features. Figure
7.6 illustrates the trace visibility and implicit usage of music/audio systems, writing, and live
performance systems.

7.4.2.4 Function

Function describes what systems actually enable with traces once they exist. Whereas visibility
describes whether traces are surfaced or used implicitly, function describes the kinds of affor-
dances that become possible through that design choice. These functions support different types
of trace affordances, from users simply seeing their data, to seeing but not directly manipulating
it, to actively working with traces as creative material.

Across our corpus, we identified twelve main functions (see Table 7.2). Taken together, the
twelve functions cluster into three broad interpretive orientations that describe how systems make
use of traces in practice: supporting retrospective understanding, enabling material manipulation,
and guiding future creative action. These orientations are not additional coded categories. Rather,
they are analytical groupings that help illustrate how the functions relate to one another.

Retrospective functions help creators look back on what has been done. These include his-
torical reflection [111, 137, 342], in which users revisit their trace data to understand how their
process evolved. In memory recall [132], the system surfaces prior decisions or reference to
support users in quickly recalling information that may have otherwise been forgotten. compar-
ison lets users compare previous alternatives side by side, a common pattern in tools for image,
video, and music creation [131, 275]. backtracking allows users to return to earlier states, giving
them a mechanism to undo their most recent creative decisions [326]. These functions are often
lightweight but foundational, as they treat traces as evidence of past work and make that evidence
inspectable in ways that support understanding and decision making.

Manipulation functions treat traces as actionable material. Systems enabling reuse and remix
of prior materials position sketches, code snippets, or earlier artifact iterations as building blocks
for new ideas [20, 229]. Organization brings structure to accumulated traces by enabling sort-
ing, grouping, spatial layout, or clustering of trace data [301]. Finally, collaboration is supported
by extending these ideas through shared creative contexts, where traces become a key manipu-
lated material in joint creative work [155, 335]. When traces become manipulable elements that
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can be combined, edited, reinterpreted, or reframed, they then sit at the heart of material inter-
action. Creative coding tools, version control interfaces, and ideation canvases exemplify this
orientation, since their interaction models depend on treating traces as resources that creators
can directly engage with.

Propsective functions use traces to shape what comes next and are focused on supporting
future creative moves. These include creative exploration [204], where prior states or suggestions
act as springboards for creators to explore new alternatives, and contextual suggestion, where
the system uses traces as context to propose likely next steps [221]. Other systems emphasize
maintaining cohesion, drawing on traces to maintain consistency when generating new narratives
[154, 203]. Some go further by aligning system behavior with user style and intent [160], using
accumulated traces to personalize future generation. Finally, transparency lets creators inspect
intermediate results or model reasoning, providing users with insight into how AI generations
were produced [212]. Transparency was especially notable in systems like PromptPaint and
LumiMood, which let users inspect intermediate image generations, an intriguing trace function
that helps users understand LLM-driven functionality [62, 212].

Taken together across these orientations, function is where material interaction and implicit
trace-aware system behavior come together (Figure 7.8). Systems that surface traces but do not
offer manipulation tend to emphasize retrospective functions [111, 137]. Alternatively, systems
which use traces to support manipulation functions treat traces as pliable material, which opens
up richer affordances such as remix or exploration [20, 265, 336]. Systems that use traces implic-
itly, on the other hand, lean more towards prospective functions such as cohesion or contextual
suggestion, since these rely on internal interpretation.

Across domains, we observed uneven coverage of these functions (Figure 7.7). Music tools
rarely went beyond organization and creative exploration, with SHARP as a rare exception [197].
Video systems, despite their temporal and stylistic richness, offered little in the way of style or in-
tent alignment, relying instead on reflection or transcript-driven and prompt-based suggestions to
create content. Creative coding systems provided some of the deepest manipulation affordances,
but in narrow implicit forms rooted in version-control paradigms. These patterns suggest that
traces are still underutilized as a mechanism for future-oriented, prospective creative support.
Expanding the functional role of traces presents an opportunity to move beyond documenting
the past, and instead move toward systems that fully engage with the rich trajectory of creative
work.

7.5 Discussion

In this discussion, we step back from individual findings from our framework to consider what it
means to treat traces as a design material, where the field might go next, and what limitations or
risks need to be addressed. By combining these perspectives, we aim to situate our framework
not only as an analytical tool but also as a generative tool and starting point for conversations
about the role of activity traces in creativity-oriented systems.
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7.5.1 Traces as a Design Material

While we use our framework for analytical purposes, our aim was to shed light on the fact that
activity traces are not just data used in system interaction. We argue that these encodings serve
as the system’s working model of how creators operate, how their processes unfold, and how
their artifacts evolve over time. Capturing trace data is only the first step. Once a trace exists, the
challenge becomes how to make sense of it, which parts to foreground, and how to incorporate
it into meaningful system features [162].

In practice, many systems we reviewed, including those we classified as trace-aware, leverage
traces in a limited and ad hoc fashion. Systems often focus on artifact channel-related data, with
trace visibility often limited to ”save to library” features that nominally preserve history but rarely
go beyond lightweight visibility and historical reflection. In terms of implicit usage, conversation
history with LLM chatbots function as a de facto trace, which offloads trace behavior to third-
party infrastructures and treats the full context window as a homogenous entity. Even within
specific creative domains such as video editing, we see tools providing only narrow forms of
contextual suggestion and rarely using traces for style or intent alignment [302]. Our analysis
suggests that while features across domains recognize the value of traces, they stop short of fully
leveraging them.

Our framework calls for a shift in orientation. Rather than treating traces as incidental, we
argue for treating them as a design material that can be intentionally captured and implemented in
service of creative practice. This requires asking not only what traces are captured by creativity
tools, but also when, how, and for what purpose. Treating traces as a design material introduces
a bottom-up approach to system design, where rather than determining trace data usage after
features have been defined, we instead begin by examining how traces can help align with the
user’s goals.

Even in cases where traces are not directly used as design materials, we believe researchers
and designers should make explicit what forms of creator data their systems rely on, and how
those data influence interaction. This perspective also allows us to situate our findings within and
across prior work. Shneiderman’s principle of history-keeping has long emphasized the value of
retaining past states, but our contribution extends this principle by articulating how traces can
drive a wide range of system behaviors. Our analysis complements earlier work that focus on
creativity support [104, 176], and specific aspects of creativity like version control [267]. We
treat our framework as an additional lens for understanding system design, supporting creator
processes, and context-aware adaptation. Rather than constraining creators to a tool’s predefined
workflow, trace-aware features can be designed to align with the evolving contours of a creator’s
own process. It provides not only a way to expand the vocabulary of system features, but also
a mechanism for thinking more carefully about how systems model, understand, and support
creative processes.

7.5.2 Leveraging Traces In The Future

If traces do have this potential as a design material, how do we go about realizing it? We propose
several directions that build on the gaps and opportunities surfaced in analysis and formulation
of the framework. These are not meant to be exhaustive, but they outline areas where both
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researchers and system designers can advance the state of creativity tools.

7.5.2.1 Personalized Creator Profiles

One striking gap in the systems we analyzed is the lack of serious attention to creator profiling
or designer modeling. Few systems attempt to build models of creators’ styles, preferences, or
working patterns. This is a missed opportunity, particularly for tools that already frame their
contribution around personalization or intent alignment. Alvarez et al. propose one possible
approach would be to cluster design trajectories into personas or ”designer models”, predicting
next steps based on archetypical styles rather than individual edits [15]. Such models would
allow systems to differentiate between creators in meaningful ways and respond to the fact that
people often take different design actions in the same state. Profiling can serve not only as a
mechanism for personalizing creative process, but also differentiation across users, which could
expand possibilities for tailoring system responses [169]. Importantly, this is consistent with
Schneiderman’s long-standing principle that creativity tools should support ”many paths and
many styles” [255]. Trace-aware design could provide the raw material for doing so in ways that
respect the diversity of creative practice.

7.5.2.2 Moving Beyond Project-Based Traces

Another limitation we observed is the overwhelming tendency to capture and use traces strictly
within current projects, with the only exception being mechanisms to upload previously created
material. This project-centric view makes sense in the context of bounded prototypes, but it
constrains how tools can model creative practice over time. What would it mean for a tool to
incorporate long-term trace histories that span multiple projects, or to allow creators to navigate
their processes across months or years? Doing so could open the door to supporting reflection,
reuse, and recombination in ways that current project-bound systems cannot, and can potentially
support creator profiles as discussed above. Sterman et al [267] argued that considering ver-
sions across project boundaries and timescales enables creators to reflect on their growth and
return to ideas that might otherwise be lost [267, 268]. Li et al.’s work on horizontal move-
ment across platforms also points toward the potential of traces that persist and travel not just
between projects, but between platforms as well. Our framework further suggests that future sys-
tems could let creators dynamically set their own context windows or parameters for what traces
should be considered relevant. This kind of flexibility would mitigate risks of opacity, but help
expand opportunities for creator control over their data in the context of long-term trace capture.

7.5.2.3 Untangling User and System Processes

Our framework intentionally folded together user- and system-generated data, treating both as
resources appropriated during creative practice. Yet future work could benefit from making the
distinction explicit. Separating these forms of process data, potentially in the form user activ-
ity traces versus system activity traces could make visible how human and AI traces intersect,
diverge, and influence one another in mixed-initiative contexts. This opens an opportunity to
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study what can be called ”interrelated creative evolution,” where the trajectories of human activ-
ity and system intervention shape one another over time. Such a perspective could also inform
evaluations of human–AI collaboration, since it foregrounds not just outputs but the traces of
interaction that led to them, and our framework already demonstrates that some systems use
traces to surface intermediate generations from AI. Bremers et al’s work on Situated framework
emphasizes that a key task for co-creative systems is to understand not just how to intervene but
also when, and how much [40]. A trace-oriented lens could help us answer those questions by
providing empirical grounding for how interventions ripple through creative processes.

7.5.2.4 Cross-Domain Opportunities

Finally, we see promise in developing activity trace theory as a cross-domain design language.
Our framework allowed us to compare systems across domains, and we believe this comparative
lens is itself a contribution. A trace-oriented vocabulary enables dialogue not only among HCI
researchers but also among creators and designers working in very different media or research
traditions [104]. For example, a system that provides contextual suggestions to musicians based
on text traces has surprising parallels to one that supports visual storytellers through organization
of image traces. Putting these systems side by side makes visible both the shared design logic
and the domain-specific nuances. This opens up possibilities for new forms of interdisciplinary
tool design that are anchored in a common trace-aware language. Specific opportunities include
moving beyond artifact-centric version control to support deep reuse and remix, exploring style
and intent alignment in video creation, and expanding the visible and implicit use of traces in
music and audio tools. Taken together, these directions sketch an activity trace research agenda
for the field. By moving beyond project boundaries, engaging with creator profiling, disentan-
gling user and system traces, refining our frameworks, and pursuing cross-domain applications,
HCI researchers and system designers can move towards realizing the potential of traces as a
design material.

7.5.3 Challenges and Risks Of Trace Usage
So far we have highlighted the potential of activity traces to serve as a design material and
outlined future directions for realizing that potential. Yet there are also real challenges and risks
involved in adopting trace-aware design. Traces are not neutral; they are encodings of process
data that carry assumptions, limitations, and costs. In this section we reflect on several critiques
and challenges that emerged from our work, including normative ground concerns, technical
constraints, and ethical considerations around creator data usage.

7.5.3.1 Reinforcing Normative Ground

Li et al. critically established that creativity support tools impose a ”normative ground” on cre-
ators, shaping how they think and act within a system. While we argued earlier that traces can
help align tools more closely with the contours of creators’ processes, there remains the risk that
trace-aware systems may encode the assumptions of their designers in ways that limit rather than
expand creative practice. It is important to distinguish between traces positively being used to
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adequately support the norms of a creative domain, which can be productive and contextually
appropriate, from traces usage that unintentionally encodes the designer’s assumptions about the
user’s creative process. In our review we saw many examples of the former, namely improvisa-
tional systems that used text-heavy implicit trace usage to support real-time improvisation, video
tools which drew on external material to contextualize edits, and version control systems which
surfaced variations of an artifact to enable reuse. These reflect domain-specific values rather
than misplaced constraints. The danger lies in cases where, in an attempt to approach system
design from a trace-aware perspective, traces are used in a manner which reinforces the norma-
tive ground on the creator rather than support the creator’s inherent process. Addressing this risk
requires intentional design practices where we make explicit what assumptions are embedded in
trace usage, giving creators greater visibility into how their trace data is captured and used, and
allowing them to control or contest any trace usage when they do not align with their practice.

7.5.3.2 Limits of Trace Capture

Another limitation is conceptual; how much can traces feasibly capture about a creative process?
Creative processes are messy, evolving, and often resistant to formalization. Kreminski et al’s
work on intent elicitation suggests that creator intent is often incomplete, which indicates that
trace elements can mean different things at different times. The idea that an entire creative
process can be operationalized in data is unrealistic, and treating traces as a comprehensive record
risks oversimplifying the lived complexity of creative practice.

7.5.3.3 Risks of fixation and overuse

Trace-aware design is not always desirable, especially when the system cannot account for am-
biguity, uncertainty, or shifts in meaning over time. Traces also carry risks when used implicitly.
While systems now have the capacity to collect vast amounts of data, they can also encourage fix-
ation by continually surfacing past states or making inaccurate suggestions. For some creators,
revisiting old processes may even be harmful, reinforcing unproductive habits or reactivating
negative associations with their work. The risks with trace-aware design are also computational
in nature because capturing, storing, and reasoning over traces at scale can be expensive, and sys-
tems with large context windows often struggle to distinguish relevant information from noise.
In this regard, expanding the scope of traces without clear design strategies risks overwhelming
both systems and users.

7.5.3.4 Trace Ethics

Perhaps the most pressing critique concerns ethics. Our review revealed that most systems do
not make explicit what forms of creator data they are capturing or how those data are being
used. This lack of transparency, if carried forward in a trace-aware design future, creates risks
for consent, provenance, and autonomy. Palani et al.’s value framework for creativity support
tools is instructive here with regards to aligning systems with creator values [216]. We extend
this notion to trace-aware design and advocate for systems that respect creator agency, provide
visibility into how data is used, and allow for meaningful control over system state. Without
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such safeguards, trace-aware design risks creating opaque feedback loops where traces shape
interaction in ways that are invisible to the user.

Taken together, these critiques remind us that treating traces as a design material is not a
straightforward path. Traces offer opportunities for richer alignment between tools and creative
processes, but they also risk reinforcing norms, oversimplifying complexity, fostering fixation,
or undermining transparency. A more nuanced conversation is needed in HCI to ensure that
trace-aware systems are designed ethically and intentionally, with clear consideration of when
traces should be captured, how they should be used, and whether they should be surfaced at all.

7.6 Limitations and Future Work

We sought to create the first living framework for understanding activity traces in creativity tool
design. While our work contributes both a framework and a preliminary design language to
analyze and compare trace usage in systems, there are important limitations to our approach that
must be acknowledged, as well as promising directions for future research.

7.6.1 Refining The Framework

We have been deliberate in presenting our framework as a living structure and acknowledge
that there are areas requiring further study [215]. Some dimensions proved difficult to code
cleanly and were excluded from the final version. For example, distinguishing between data
used to create content versus data used to express intent, or clarifying usage agency (who initiates
trace use), remain unresolved challenges. Chung et al’s review of users, roles, and interactions
offers one parallel for thinking about direct and indirect inputs, which could help sharpen the
content–intent distinction.

Our framework also collapses too much nuance into the ”channels” dimension. Richer mod-
eling of user actions could benefit from traditions such as Linkography or Workflow Graphs,
which capture creative processes in more fine-grained ways. Another important area for refine-
ment lies in linking across modalities and channels. The concept of abstraction [176] and ideas of
orchestration [215] provide useful starting points. Abstractions allow for flexible representations
of data fidelity [267], with low-fidelity trace data at earlier stages of the process and high-fidelity
articulation in a later stage of refinement.

7.6.2 Methodological Challenges

Methodologically, our scope has a few limitations. We focused our analysis on creativity support
tools related to creative media, such as art, video, audio, storytelling, and games. This choice
excluded a range of creative domains from our scope that are of interest, including CAD, UX,
and programming-related creativity tools. Activity traces are deeply relevant in these domains
and we believe that our framework can be extended to them. We see the analysis of these kinds
of systems from a traces perspective as an immediate opportunity for future work. Similarly, our
corpus selection excluded several venues that would have enriched our analysis, most notably
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CSCW. The relative absence of collaboration-related insights in our findings can be partly at-
tributed to this gap. Expanding the corpus to include CSCW and related venues would provide a
clearer understanding of how trace-aware systems function in creative-collaborative contexts.

Our coding process also involved trade-offs. We coded the trace data characteristics and
awareness patterns associated with each system in our corpus all at once rather than focusing
on individual characteristics in separate passes. Breadth also came at the cost of depth. Coding
across 133 systems enabled comparative analysis, but necessarily sacrificed thick descriptions
of individual systems in context. Moreover, because our framework is explicitly trace-oriented,
systems that did not articulate trace usage risk appearing less ”rich” than those that foregrounded
it.

In addition, our temporal scope was limited to the past five years of HCI conferences, which
foregrounds contemporary systems but under-represents longer trajectories of trace usage. This
is especially important as our corpus skewed heavily towards post generative AI papers, which
limits our ability to truly evaluate the difference between pre and post genAI trace usage.

Looking ahead, we see several directions for future research. Fleshing out the framework in
accordance with the future directions discussed previously is necessary to truly understand how
traces are manifesting in existing systems and for the establishment of a comprehensive design
language. A deeper engagement with ethical and sociotechnical issues associated with creator
data, specifically with regards to ownership, consent, and power in trace capture, is a crucial step
to legitimize the responsible use of traces as a design material.

Creator-facing studies are also needed to understand how creative process can be modeled in
creativity tools via activity traces. In particular, there is a need to complement our framework-
based coding with empirical studies of creators to assess whether the coded dimensions align
with lived creative practices. Together, these extensions will help refine and formalize trace-
aware design as a concept, enabling both critical reflection and practical system-building.

7.6.3 Applying The Findings to Commercial Products
Our work here is motivated by a broader goal of improving creativity tool design, both within
HCI research and in widely used commercial products. Many of the critiques that motivate this
work apply equally to commercial tools [176, 194], including tools such as Premiere Pro, Figma,
and PowerPoint, which play a central role in contemporary creative practice. Trace awareness
as a design material is therefore relevant far beyond the systems published in HCI literature.
However, for the purposes of this paper, we did not include commercial products in our corpus
because our analysis depends on access to documented system rationale, data flows, and design
decisions. Research papers provide this level of transparency, whereas commercial tools are
proprietary, internally complex, and continually evolving, making it difficult to apply our coding
approach with comparable rigor.

Even so, many mainstream tools reveal how the framework can extend beyond research pro-
totypes. PowerPoint, for instance, retains an extensive context window to support large undo
histories, version snapshots, and repeated design actions, yet it does not leverage creators’ traces
to inform future layout, narrative flow, or stylistic decisions. Similarly, Figma provides examples
of trace visibility to support collaboration, such as collaborative cursors, comment histories, and
multi-branch version control, but offers limited trace-aware adaptation that leverages these his-
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tories to provide insights on each collaborator’s preferred working style. Finally, Premiere Pro
captures rich, cross-modal traces of edits, markers, transcript annotations, and timeline manipula-
tions across an entire project, yet does not support cross-project trace functions such as style and
intent alignment or creative exploration. These examples illustrate that the framework’s existing
dimensions can map meaningfully onto commercial tools, while also highlighting substantial
opportunities for trace-aware design in widely used creative software.

Beyond the limitation of transparency, applying our work to production software raises the
potential for additional challenges distinct from those in systems literature. Commercial tools
operate at far greater scales of data and collaboration, often spanning years of work across mul-
tiple projects, teams, and online user communities. Their feature sets are large and intertwined,
making it difficult to isolate the data items or trace interactions that our coding scheme analyzes.
Many aspects of trace awareness in commercial products occur behind the scenes, such as au-
tomated syncing, content-aware editing, or cloud infrastructure, where the underlying processes
are not visible to researchers. These conditions pose new questions about how trace-aware col-
laboration operates at scale, what other trace-aware functions exist, and how systems implicitly
or explicitly reason about creator histories.

Exploring these questions will require different approaches beyond our corpus analysis, in-
cluding reverse engineering, interviews with industry designers, or direct collaborations with
industry practitioners that provide access to internal system insights. We see this as an important
direction for future work, particularly as commercial tools increasingly integrate generative AI
features that rely on creator data. Understanding how traces are captured and leveraged in these
contexts can inform more transparent and creator-aligned design. Our framework offers a struc-
tured vocabulary for beginning this analysis, even though a full comparison with commercial
products lies beyond the scope of the present review.

7.7 Conclusion
Creativity tools shape not just what creators make, but how they make it. In this paper, we utilize
the concept of creative activity traces, i.e. the process-related data generated during creative work
as a lens for examining creativity tool design. Through our analysis of 133 recent creativity tools,
we developed the first Living Framework For Trace Awareness which can describe trace-related
phenomena and compare it across systems and domains. Our work argues that traces are not
incidental byproducts, but core materials that systems can capture, surface, and leverage to power
functionality. By treating traces as design material, we can begin to see how tools implicitly
encode models of creative practice, and how those models in turn structure opportunities for
creators.

In advocating for trace awareness, we call for creativity tools that do more than passively
collect creator data. They should leverage traces natively and responsibly to supporting creators
in ways that respect their processes, foreground their agency, and open new possibilities for
creative practice.
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Trace visibility and implicit usage in Audio/Music
systems

Trace visibility and implicit usage in Writing
systems

Trace visibility and implicit usage in Live
Performance systems

Figure 7.6: Quadrant visualizations for three creative domains showing how they each surface
or implicitly use traces. Red dots indicate non trace-aware systems
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Figure 7.7: Distribution of trace functions across each creative domains.

Figure 7.8: Trace visibility and implicit usage by function
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Part III

Exploring Traces as a Design Material
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Chapter 8
Exploring Traces In Longitudinal Video Content

Creation Practices

8.1 Introduction

In my previous work, I introduced and formalized creative activity traces as a construct for un-
derstanding how tools capture, represent, and leverage the process data generated during creative
work. Through a systematic review of 133 creativity tools, I described how researchers have
leveraged traces to date and synthesized this engagement into the Living Framework for Trace
Awareness. Central to this work, and to this dissertation, is the argument that traces should
be treated as a design material rather than incidental data, and that they require deliberate en-
gagement from tool developers and researchers to align with creator needs. How to effectively
execute a traces-as-material approach, however, has not yet been studied, nor have the “material
properties” of traces been closely examined [238]. Towards this goal, this chapter is a targeted
exploration of what it means to use traces in this manner.

However, meaningfully exploring the use of traces as a design material requires a creative
practice to investigate. Choosing such a problem is also an opportunity to support creators with
the underexplored avenues in the design space laid out in my previous work. Specifically, trace-
aware systems in HCI overwhelmingly operate at the scope of a single project, with little exist-
ing work investigating the value of trace awareness over time. Cross-project, longitudinal trace
awareness is relevant for creators across many domains, as they have both a portfolio of work
and a creative identity that extends beyond the walls of a single project.

Video content creation is inherently portfolio-driven, as successful creators need to sustain
a prolific output of video content over time. To succeed in the long term, video creators must
stand out in the saturated landscape of social media platforms such as YouTube, TikTok, and
Instagram [270, 287]. However, as content creation experts note, developing a recognizable
and consistent personal brand is essential not only for visibility, but also for authenticity and
audience engagement. Personal branding gives creators a way to define what makes their work
distinct, which helps them communicate a coherent identity across videos rather than reinventing
themselves with every upload. Video content creators, in this sense, do not work in discrete,
self-contained videos. They contribute to a continually evolving body of work over months and
years, where each video is influenced by, and in turn influences, the others.

A video content creator’s personal brand can be understood as the identity that communicates
who a creator is, what values they represent, and how they express these through aesthetic and
stylistic choices [270]. This brand becomes recognizable through a creator’s repeated creative
decisions, such as a consistent color palette or thumbnail style, a familiar intro sequence, a
recurring music motif, or an editing rhythm that audiences come to associate with that creator
[198, 270, 286]. These recurring stylistic choices, which I refer to as personal brand markers,
serve as signals of authenticity and creative intent, helping audiences immediately identify a
creator’s work. Personal brand, then, is not simply about marketing. It is the mechanism through
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which creators craft a recognizable creative voice.
However, discovering and maintaining a personal brand is a major documented challenge for

creators [166, 286]. For novice creators, the process often begins with extensive experimentation
or imitation of existing creators to find what resonates with them and their intended audience
[270, 286, 287]. Moreover, once a recognizable brand begins to take shape, maintaining it re-
quires a delicate balance between consistency and evolution: too much unintentional variation
can confuse audiences and result in an incoherent body of work, while too little intentional vari-
ation can stifle creators’ growth and self-expression [270, 286, 287].

Most critically, current tools offer almost no support for managing this ongoing negotiation
from one project to the next, adding friction to an already demanding creative workload [166].
Creators often rely on their memory to track where stylistic assets are stored in their file systems,
or they build ad hoc libraries of intros, fonts, and color schemes to maintain coherence between
videos. While these improvised strategies can preserve short-term consistency, they are tedious
to maintain, offer little visibility into how a creator’s style evolves, and collapse at a longitudinal
scale. As creators juggle multiple projects, audience engagement, and their tools, a personal
brand becomes fragile; it is a moving target that must constantly be reconstructed from past
work rather than being natively supported as a living, traceable part of the creative process.

A trace-aware solution has the potential to address these concerns. This gap aligns directly
with the missed opportunities my previous work identified. Existing video content creation tools
offer limited trace-aware capabilities, with current features relegating trace-aware behavior to
library-saving features, AI chat histories, or revision mechanisms [148, 282, 303]. Few tools
support long-term or cross-project trace use, and almost none help creators maintain or evolve
a personalized creative profile [270]. Personal brand management is thus a well-articulated cre-
ative challenge for creators, and an instance of the cross-project trace awareness my prior work
found underexplored.

To investigate how a trace-aware approach can help video content creators build, evaluate,
and evolve their personal brand across projects, this chapter is guided by the following research
questions:

• What stylistic elements do creators treat as part of their personal brand during post-production?
• How do creators create, manage, and reuse these elements within and across their projects?
• Where do existing tools fail to support creators in cultivating and maintaining personal

brand?
Toward answering these questions, I conducted a trace mapping study with seven video con-

tent creators, combining semi-structured interviews with walkthroughs of their video content
creation and cross-project practice. The study characterizes personal brand markers as trace data
that video creators produce, examines the management strategies employed to deal with their
traces across projects, and addresses the challenges associated with these strategies at a portfolio
level. From this work, I derived a four-stage model of the traces lifecycle for brand markers:
Genesis (how a brand marker is created); Elevation (how it is moved to a cross-project scope);
Maintenance (how it is interacted with across video projects); and Meaning-Making (how it
accumulates with other traces to produce interpretive opportunities for creators). This model
serves as both a structured first account of how traces move through a creator’s practice, and an
instrument for asking more pointed questions about the traces themselves.
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With this model in hand, I turned to a deliberate study of the material behavior of traces. I
conducted a design and development phase that yielded two inspirational bits [277], which are
small, quick, fully working but deliberately partial prototypes, in this case designed specifically
to understand traces as a material.

The findings from this project contribute both to the study of longitudinal trace awareness in
video content creation and to the broader argument calling for traces to be treated as a design
material. The inspirational bits reframed Elevation as a prediction made under uncertainty, as the
evidence for carrying a marker across projects only arrives in future work. At the other end of
the lifecycle, the Meaning-Making stage emerges from the aggregate behavior of accumulated
traces. On a longitudinal timescale, this makes it difficult to isolate the effect of a single trace on
a creator’s evolving practice. This suggests that trace-aware design at cross-project scope can-
not proceed purely by categorizing trace characteristics individually, as the Living Framework
currently does. Furthermore, though this work was scoped around brand markers, the walk-
throughs revealed that participants routinely worked with other trace data, such as scripts, notes,
and inspirational materials, which possess different material characteristics. Participants did not
deliberately elevate this trace data beyond their current project and saw little clear value in doing
so, which suggests that unlocking its cross-project value will require further work on how sys-
tems, rather than creators, might elevate it. Taken together with the inspirational bits, this points
to trace data coming in differing grains, and to its accumulation over time forming a texture, and
it is in this texture that identity and brand-influencing work takes place.

These findings set the stage for the next phase of creative activity trace research and call for
(1) refinements to the Living Framework; (2) better modeling of the relationships among trace
characteristics and system behavior; (3) more formal research methods for engaging with traces
deliberately throughout the research process; and (4) expanded design opportunities in creativity
tools. In concluding my PhD with this project, I demonstrate what deliberate engagement with
traces as a design material looks like when carried through a real creative domain, and identify
questions that a broader trace-aware research agenda will need to address.

8.2 Background

This chapter takes on two goals in service of understanding how to build better trace-aware
tools. The first is to understand how personal brand is created, maintained, and changed in video
content creation, a creative practice that unfolds across projects and an underexplored avenue in
the design space my prior work laid out. The second is to understand what it means to treat traces
as a design material.

Below, I begin by describing personal brand in video content creation, showing that while it
has become a central concern for digital creators and is widely discussed in creator communities,
HCI has engaged with it only obliquely, and existing tool support treats brand-relevant data as
static artifacts rather than as evolving traces of practice. I then turn to the materials literature in
HCI to frame how traces can be worked as a design material.
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8.2.1 Personal Brand in Video Content Creation

Personal brand has become a defining concern for digital creators [166], but the concept has
received little explicit attention in HCI research. Most of what is known about how creators
construct and maintain a personal brand comes from industry-facing blog posts, creator guides,
professional media commentary, and content creator online communities, all of which emphasize
the importance of consistent tone, aesthetic, and values across videos [198, 270, 286]. These
sources neither provide empirical insight into how creators themselves conceptualize and manage
their brand in practice, nor offer a clear picture of which brand markers creators consider most
essential to their identity.

HCI research has engaged more directly with the related question of personal style, though
almost entirely at the level of finished artifacts. Lin et al.’s PseudoClient system computation-
ally modeled a designer’s personal graphic-design style from a small set of examples, enabling
generative systems to learn and reproduce stylistic preferences [178]. Zhou et al.’s StyleFactory
introduced an interactive workflow for aligning AI-generated images with a user’s aesthetic pref-
erences by ranking examples according to “style strength” [342]. Both systems demonstrate that
computational models can recognize and replicate aspects of personal style, but they derive style
from finalized or near-final artifacts rather than from the creative activity traces that produced
them. As a result, they capture static snapshots of style expression rather than its temporal evo-
lution or iterative development through practice. This orientation toward artifact-level style is
characteristic of the broader HCI landscape for personal-style tools, and it leaves personal brand,
which is by nature longitudinal and cross-project, without adequate representation.

A trace-aware approach offers a way to address this limitation. By leveraging the process-
level data already embedded within creative workflows, trace-aware systems can model how
stylistic identity emerges, stabilizes, and transforms across projects. This perspective treats per-
sonal brand not as a fixed entity to be extracted from finished work, but as an evolving set of
traces produced through ongoing creative practice. Grounding this study in a trace-aware view
of personal brand thus offers both a conceptual bridge to the Living Framework and a testbed for
examining what it means to treat traces as a design material within a domain where cross-project
creative identity is central.

8.2.2 Traces as a Design Material

My prior work in Chapter 7 argued that traces have so far been used in an ad hoc manner by
creativity tool researchers, rather than treated as a foundational resource for aligning tools with
creator needs. I argued that traces should become a design material that can be drawn on inten-
tionally when building trace-aware tools. Longitudinal video content creation, together with the
design opportunities around cross-project trace awareness it surfaces, gives me a real creative
practice in which to begin this exploration of the materiality of traces.

In treating traces as a design material, I draw on a body of research, often called the “material
turn” in HCI, that takes materiality as central to how interactive experiences are made [313].
A central commitment of this work is that a material, whether physical or computational, has
properties that cannot be fully specified in advance and are instead learned by working with the
material directly. In this view, where the material resists becomes as informative to a designer as
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what it affords [276]. This is akin to what Schön called being in “a reflective conversation” with
materials, in which a maker acts with the material, reads how the material responds, and lets that
response redirect the next move [249]. My interest is in what that conversation looks like when
the material is in the form of creative activity traces, and in what we as tool builders stand to
learn about their limits and their potential by working them firsthand.

The material turn has examined materials ranging from physical materials to computation
itself, and in studying each has built a vocabulary for the properties that working a material
reveals. Much of the work most relevant here has been developed on digital materials, which
have their own grain: the characteristic behaviors, resistances, and costs that keep a material
from being easily malleable [294, 295]. Vallgårda names one such property directly as temporal
form, the pattern of state change a computational entity enacts over time. She argues that this
unfolding is something a designer must deliberately give shape to rather than leave as a byproduct
of function [293]. Robles and Wiberg name a second, texture, to describe how the surface a
material presents relates to its respective parts, and how readily one material combines with
others as it is composed across a workflow [238].

Because traces consist of data, a relevant subfield for this work is one that treats data itself
as a design material. Feinberg argues that data is never a neutral recording of the world but
is designed at every level, through the vocabularies, schemas, and choices of aggregation that
decide what is captured and in what form [98]. What matters for traces is that data carries the
marks of those decisions into every later use, and so working with data always means working
with something already shaped rather than raw. More recent work goes further, calling for data
to be worked as a craft material with expressive and narrative properties rather than read off as
clinical telemetry and discarded [118]. Traces are data of this kind: they are expressive and
shaped by the tools and practices through which they are captured and kept. What this work has
not asked is what changes when the data in question is not a dataset to be analyzed, but a single
creator’s own accumulating record of practice, kept in order to be built back into the tools that
support it.

What treating traces as a material offers, then, is a way to ask what kind of thing a trace
is and what properties it has, at the scope where a creator builds an identity over time rather
than within a single project. The Living Framework I developed in my prior work began this
inquiry, cataloging the characteristics of traces across existing systems as a first attempt to name
the properties of the material. This chapter builds on that account in two ways: by working the
material directly rather than surveying how systems have used it, and by doing so at a cross-
project, longitudinal scope. Mapping how a trace moves through a creator’s practice becomes
the way I work the material, and the resulting account of that movement serves both as a first
description of a trace’s course through practice and as an instrument for asking sharper questions
of traces themselves.

Along with mapping the trace lifecycle through the trace mapping study, the development
phase in particular was a means of working directly with trace data. To do this, my approach
draws on “inspirational bits”, which are small, quick, fully working but deliberately partial pro-
totypes built to expose a running material’s properties [277]. In its original form, the method
was a coordination device for multidisciplinary teams, a way to build shared understanding of
an unfamiliar technology across people with different skills. I adapt it as a solo researcher and
to a narrower end: to interrogate a single material whose properties I do not yet have an account
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of, with the goal of developing a shared understanding that creativity tool researchers can take
forward.

8.3 Trace Mapping Study
To examine personal brand from a trace-oriented perspective, I first needed to understand how
video creators currently think about their own style and identity, how they manage their as-
sociated brand markers across projects, and where their workflows break down. To do this, I
conducted a trace mapping study with seven experienced video content creators.

8.3.1 Participants
I recruited video content creators who produce content on YouTube, TikTok, and Instagram. I did
not restrict recruitment by content genre, and as such, prospective participants included vloggers,
video essayists, gamers, and short-form creators. My inclusion criteria required participants
to be at least 18 years old, to manage both their own channel and their own post-production
(i.e., they did not outsource editing), to be located in the United States, and to have a publicly
available portfolio of work on at least one social media platform. I posted recruitment flyers on
X, LinkedIn, Facebook, and content creation communities on Discord. Recruitment flyers were
also distributed to email lists for content creation and film clubs at American universities.

Prospective participants completed a screener survey to establish eligibility. The survey col-
lected their video editing experience, links to their public channels, how frequently they posted,
and how long they had been producing video content, which allowed me to confirm both an es-
tablished practice and a visible portfolio before scheduling a session. In total, seven participants
took part in the study. Table 8.1 summarizes each participant’s content type, posting platforms,
editing tools, and the other tools in their workflow.

8.3.2 Procedure
Each study session was conducted remotely via Zoom and consisted of a 45-minute semi-structured
interview followed by a 45-minute task walkthrough. Prior to the study, participants were asked
to prepare an in-progress video project to share during the walkthrough. In total, sessions lasted
approximately 90 minutes and were recorded and transcribed for analysis. Participants received
a $50 Amazon gift card for their time.

Each semi-structured interview focused on participants’ background in content creation, how
they thought about their creator identity, and which markers of that identity they considered
most central to their work. Questions covered how long participants had been making videos
and across which platforms, how they would describe their style to someone unfamiliar with
their work, what elements of their videos felt most recognizably theirs, and how their sense of
identity had evolved over time. I asked participants to distinguish between markers they cared
about deeply and markers they rarely thought about, as well as to describe the tension they
experienced between staying on-brand and experimenting with something new. Throughout the
interview, I probed for the concrete, editable implementations of stylistic choices participants
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Participant Content Type Content Plat-
form(s)

Editing Tool(s) Other Tools in the
Workflow

P1 Vlogs, hauls, re-
view videos

YouTube, Tik-
Tok

Final Cut Pro,
CapCut

Procreate (custom transi-
tions), a Final Cut “edit-
ing toolbox” project

P2 Vlogs, travel and
event series

YouTube, Tik-
Tok, Instagram

CapCut Pinterest, Miro, external
drives, asset/LUT folders

P3 Short-form docu-
mentary, day-in-
the-life

RedNote (Xi-
aohongshu)

CapCut Instagram and RedNote
saved collections, Chat-
GPT

P4 Video essays, stu-
dent podcast

YouTube, In-
stagram

Final Cut Pro,
DaVinci Resolve

Google Docs, Notion,
Procreate, Photoshop,
per-marker project files

P5 Vlogs, day-in-
the-life

Instagram, Tik-
Tok

CapCut Google Docs “ideas list”,
YouTube screen record-
ings for SFX

P6 Educational
STEM “infotain-
ment”

YouTube, Tik-
Tok, Instagram

DaVinci Resolve Ableton Live, Processing,
custom animation soft-
ware, Google Docs, phys-
ical notepad

P7 Gaming let’s
plays, comedy
commentary

YouTube (incl.
Shorts)

Premiere Pro, Af-
ter Effects

OBS, Premiere presets

Table 8.1: Information about the trace mapping study participants, including the types of videos
they make, the platforms they post on, the tools they edit in, and the tools outside the editor

where their trace data accumulates.

described. When a participant used an abstract label like “moody” or “clean,” I asked how that
was translated into specific assets, such as a particular color filter, an exposure setting, a preset,
or a copy-pasted vignette configuration.

Next, participants completed a task walkthrough and think-aloud using the in-progress project
they had prepared. I asked them to show me a brand marker that felt especially meaningful and to
walk through how they had added it to their edit. I interspersed the walkthrough with additional
questions about their asset management practices, including how they kept track of their brand
markers and whether they maintained collections of reusable markers across projects. I also
asked about friction points in the editing process, and about the aspects of their style that lived
in their tools versus in their own memory. When possible, I asked participants to open a second,
completed project so that we could look for the elements that persisted across two otherwise dif-
ferent videos. Throughout the walkthrough, I took observation notes to capture additional data
and to note any new questions that came up during the study.

The session closed with a set of questions about how participants imagined a video editing
tool that understood their personal brand and creative history. These questions covered what
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such a tool would enable them to do, which kinds of feedback would feel supportive versus
intrusive, and, echoing the walkthrough, what a hypothetical assistant would need to know to
keep a handed-off project on-brand.

8.3.3 Results

At the end of the study, I had seven sets of interview transcripts and accompanying observational
notes taken during each session. I cleaned the session transcripts and analyzed them using an
inductive coding approach to identify emerging themes [39]. The first pass of coding was fully
inductive and produced seventeen codes, which clustered around three broad themes: the trace
data participants worked with, the strategies they had developed for managing that data across
projects, and the challenges they faced in doing so. I then made a second pass on a subset of
codes to derive a set of trace-related actions, which led to the formulation of the lifecycle model
I present in the following section.

The findings that follow are organized into five sub-sections. The first describes the brand
markers participants produced and treats them as a form of trace data. I then identify a family of
non-brand-marker trace data which surfaced alongside their brand markers and which behaves
differently on the dimensions of the Living Framework for Trace Awareness. Next, I discuss the
strategies participants had developed for managing their brand markers from one project to the
next, followed by the challenges participants encountered in doing that work. I close with a set
of emergent findings that sit above the single-project scope and that shape how longitudinal trace
data may be studied.

8.3.3.1 Brand Markers

The study revealed the decisions that unfold in video content creation practice in the form of
brand markers. Following the distinction established in Chapter 7, brand markers are a form of
trace data rather than traces in and of themselves. A font sitting in a project file is trace data.
The series of decisions, actions, and reuses that accumulate around that font over time is what
makes it part of a trace. This distinction matters throughout what follows, since the marker types
I describe below are the raw material creators produce, and following them as they accumulate
across projects is what allows me to study them as longitudinal traces.

Table 8.2 summarizes the trace data found in the study. Across the seven participants, brand
markers clustered into three groups. Visual identity includes fonts, titles and on-screen text,
graphics and overlays, logos and icons, memes, animations and motion graphics, color grading,
color palettes, and thumbnails. Video structure includes intros, outros, and transitions. Audio
includes music, sound effects, and voice-overs.

Participants often reached for several of these markers at once when asked what their brand
consisted of. P1 described brand markers as “recognizable elements, when I think of a brand,
there’s certain icons, colors, fonts, and even within that there is some range.” P2 said, “I have a
little intro video that I usually play [at the start of each of my videos]. There’s certain transitions
that I use. I always use the same font style. I have a lot of little background noises. There’s a lot
of typing sounds in my YouTube videos.”
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Mapped onto the data characteristics of the Living Framework, the brand markers found in
this study were concentrated in the artifact and layout channels, and spanned the text, image,
audio, and motion curve modalities depending on cluster.

All seven participants made systematically different stylistic choices across the platforms
they published to, adjusting fonts, pacing, level of polish, and sometimes their overall persona
between YouTube, TikTok, Instagram, and RedNote. Participants described this as matching the
tone and audience expectations of each platform. TikTok and other short-form platforms were
consistently treated as less time-intensive and more casual, while YouTube long-form work was
described as more “buttoned up” (P2) and more attentive to craft and consistency. In practice,
this meant that the marker set enumerated above was not a global property of a creator’s identity
but was indexed by the platform a given piece of content was destined for.

Though there were overlaps in the general usage of brand markers by different participants,
they prioritized and valued them differently, sometimes strikingly. Fonts illustrate this cleanly.
P1 described browsing for fonts as a source of pleasure and identity work: “I can experiment
with fonts, and, I love fonts. So going down rabbit holes and discovering fonts, that’s just fun.”
P5, by contrast, explicitly named fonts as low priority: “I’m not actively exploring, what font
works for me. . . I don’t see the font itself as. . . a way for people to identify me.” A similar
contrast emerged for the intro sequence: P2 spent “maybe two or three days” hand-drawing hers
in Adobe Fresco, while P6 said the intro received some attention but that “a lot more thought
goes into the rest of the video”.

These are not simply differences in stylistic taste. The same marker type carries very different
identity weight for different creators, which suggests that brand markers considered in isolation
tell us little about the creator behind them. A creator’s relationship to their markers (what they
claim, what they reject, and where they spend their time) is at least as informative about their
brand as the markers themselves.

8.3.3.2 Other Trace Data

Alongside their brand markers, participants also described a substantial amount of trace data that
did not directly instantiate a stylistic identity in the finished video, but rather structured how they
approached their work. This included mood boards, inspirational collections, scripts, notes, idea
lists, plans and outlines, annotations, and collaborator notes. P2 described starting a new video
series by first “getting on Pinterest” to ideate, and maintained a set of themed boards (“I have this
one board called [P2 Name] Show. I have a board called TikTok. I have this YouTube board, and
there’s a secret board that I have called New Logo”). P6 called Google Docs his “main scratch
pad,” and elsewhere the place where “a lot of the magic happens,” using it to hold his script
alongside notes and annotations.

This material does not consist of visual assets that can be described as brand markers, but it is
clearly part of the activity traces produced during video content creation. Where brand markers
concentrated in the artifact and layout channels, this second family of trace data spread across
the reference material, annotation, and feedback channels. Where brand markers were almost
uniformly produced in-tool by the creator, non-brand-marker trace data was often produced out-
of-tool (e.g., on Pinterest boards, Google Docs, or Miro whiteboards) and mixed user, system,
and other origins, particularly when audience comments or platform analytics became part of a
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creator’s reference material.

Table 8.2: Brand markers and non-brand-marker trace data surfaced across the seven
participants, grouped by cluster.

Cluster Trace data

Visual identity fonts; titles and on-screen text; graphics and overlays; logos
and icons; memes; animations and motion graphics; color
grading; color palettes; thumbnails

Video structure intros and outros; transitions

Audio music; sound effects; voice-over

Non-brand-marker trace
data

mood boards; inspirational collections; scripts; notes; idea
lists; plans and outlines; annotations; collaborator notes

8.3.3.3 Management Strategies

Beyond the boundaries of a single project, participants developed strategies for carrying their
trace data forward from one video to the next. The reasons they gave for doing so mapped onto
several of the trace functions identified in Chapter 7: predominantly reuse/remix and cohesion,
but also historical reflection, cross-project comparison, and memory recall. P1, for example,
described mechanisms that served both reuse and cohesion, letting her pull known-good styles
and transitions into new work without rebuilding them and maintain a consistent visual grammar
across her channel.

Each participant had developed some strategy for moving markers from one project to the
next. These strategies varied widely, from carefully constructed asset libraries to more ad hoc
approaches, but they consistently served the same underlying purpose: sustaining a consistent
look and feel across a body of work that no single project file could contain. In some cases,
participants only realized how substantial their own management practice had become when we
walked through it together. Midway through showing me his setup, P6 said, “I can’t even believe
I did all of this,” surprised by the accumulated shape of his own workflow.

Several participants had built explicit structures inside their video editors for holding brand
markers across projects. P1 described her strategy as an “editing toolbox,” which she noted “is
literally a video project” rather than a folder: a separate editing project whose timeline held
reusable title styles, custom transitions, and other visual elements available to be copied into
new work. This shape mattered, in her account, because a video project rendered its contents
in the same visual grammar she used elsewhere, making the toolbox both a storage medium and
a browsable reference that matched the conventions of the tool she used in every project: “I’m
able to go in and copy similar title styles at the video.” P4 had a structurally similar practice for
his podcast, maintaining separate projects for reusable elements (“Melvin Life Transitions, it’s
literally just a collection of the transition I made”).

Other participants used folder-based systems. P2 kept an editing assets folder that served
both TikTok and YouTube work, and inside it a LUTs subfolder for color grading. P6 maintained
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a thumbnail folder; P7 kept folders for VFX and for assets that met an “important enough”
threshold to warrant a dedicated location. Time partitioning was another common structure: P2
organized her raw footage into “Noel 2025” and “Noel 2026” hard drives, further subdivided
by month, while P1 built a per-vlog folder containing footage and any related graphics for that
video.

Participants used templates and presets where available, regardless of how they stored mark-
ers across projects. P3 relied heavily on platform-provided templating features for her thumb-
nails (“all my thumbnails. . . they’re low key the same, because. . . you can reuse the template”),
whereas P4 and P6 created their own reusable templates within their editors, whether for pod-
cast episode structure or for audio presets that captured signal chains they had spent time tuning
(“once I did it once, you know. . . I never have to do it again. I just save it as a preset”).

A substantial part of participants’ management practice happened outside the video editor
entirely, across platforms whose primary purpose was something other than video production.
These external practices also held most of the non-brand-marker trace data. Google Docs was
the most common of these. P6 used a single document to hold his script, notes, and annotations
for a video; P4 organized his ideation notes (his “rant,” as he called them), his final script, and
a color-coded “visual script” with brand-marker cues; and P2 kept an ideas list that spanned
video concepts and specific music selections. Pinterest played a similar role for visual brand-kit
work. P1 maintained long Spotify playlists as a vetting-and-storage medium for music, while P3
used screenshotting and ChatGPT as an intermediate step to figure out how to reproduce styles
she encountered online, and P4 described the practice of building mood boards as part of his
brainstorming and color palette selection.

These platforms functioned as containers in the same sense as the in-editor toolboxes and
folders, holding trace data that would inform subsequent work. But they were shaped by the
affordances of each platform rather than by the video editor. Google Docs is worth highlighting
in particular: nearly every participant who used it did so differently, adapting it as a general-
purpose trace container that no video editor gave them.

Not every participant maintained a formal management practice. P7 described his approach
as “a pile of trash, and I know where everything is in that pile of trash.” Though she relied heavily
on folders and external tools to hold cross-project trace data, P2 said much of her process still
“lives in my head,” and P5 similarly kept “mental notes” that surfaced when she began editing a
new video. P4 also kept his inspiration list mentally, noting that “if it sticks in my head, then it’ll
be just something I want to try out.”

A related informal strategy was to copy directly from the previous video rather than maintain
any store at all. P6 described this as his default: “I’m probably just gonna reuse the previous
video.” P1 did the same for smaller series where building a toolbox wasn’t worth the overhead:
“If I’m editing something like a smaller series. . . sometimes I won’t make an editing toolbox,
I’ll just end up copy and pasting between a lot of videos.” In these cases the previous project
itself functioned as the store of brand markers.

8.3.3.4 Challenges

Across the seven sessions, I identified a range of challenges connected to how participants man-
aged their trace data. These challenges spanned tool fragmentation, the mechanics of moving
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markers between projects, the cost of maintaining a management practice at all, and the tensions
surrounding when and how to change a brand over time. They are rooted in the trace data par-
ticipants produced and in the demands of cross-project practice specifically, rather than in the
single-project work of editing any given video.

Even before markers reached cross-project use, participants described difficulties in produc-
ing markers in the first place. Several noted that they had, at various points, been forced to settle
on a marker they were not fully satisfied with, whether because they lacked the skill or knowl-
edge to realize what they had in mind, they ran out of time before landing on something they
liked, or they could not find a tool that supported the specific effect they were after. While these
challenges are rooted in single-project production, they matter for this study because the markers
that creators produce under these constraints are the same markers that enter the cross-project
practice described in this section.

No participant’s cross-project practice fit inside a single tool. Making, managing, and reusing
a brand marker often meant working across several applications, then finding a way to bring the
result back into the editor. P6 captured the shape of this most vividly: “there’s like 20,000 differ-
ent tools I have, there’s Google Docs, there’s Resolve, there’s Ableton Live, there’s Processing,
there’s FFmpeg, there’s ShaderToy. . . a lot of friction of having to like open all these tabs and
like move different things between them.” P1 described the same: “that’s why I’m having like
Chrome open, Final Cut Pro, like Procreate, like all these different tools.” The fragmentation
participants described was not just the tool sprawl any single video project already required.
Cross-project practice compounded it, since management strategies depended on a different sub-
set of the same tools.

Over and above the fragmentation itself, moving a brand marker from where it was made to
where it needed to be reused incurred a translation cost. P3 described a routine of screenshotting
an inspirational style, adding it to her collection on Instagram, selecting a particular one from the
pile, taking it to ChatGPT to understand how to reproduce it, and then implementing it back in
her editor. She noted that this friction discouraged creators from trying to diversify their personal
brand materials at all.

Even for markers that were stored inside some type of template or preset, reuse remained
largely manual. P1 called copying and pasting the same titles across videos “annoying.” P4
said that in past videos he had had to recreate reusable elements from scratch, an approach that
“just [wasn’t] viable.” For markers that had no ready-made template or preset, creators had to
build their own, which several participants found effectively out of reach. P3 named the absence
directly: “one of the things that I’ve found the hardest [is doing this from] scratch. . . there’s no
centralized bank for me to get all these stuff.” P6 similarly observed that although some tools
offered ways to save transitions or presets, none quite matched what he wanted to preserve. This
was not only a retrieval problem but an elevation problem, indicating that even when participants
wanted to elevate a custom marker into cross-project use, the absence of a mechanism that fit
their specific work often left them to build ad hoc storage or leave the marker in the project
that had produced it. As a result, even when creators successfully imported a reusable marker,
additional manual work was often needed to fit it into the new project, such as resizing, adjusting
timing, or fiddling with placement. P1 described this as one of the reasons she avoided over-
committing to any specific version of a marker in her toolbox, since she expected to change it
downstream anyway.
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Beyond the friction of the reuse work itself, the act of running any portfolio-level manage-
ment practice imposed costs of its own. P1 described this most directly: “you’re working on a
project. . . you’re working on two projects at the same time at all times.” Elsewhere she noted that
“the management after a while will not be fun.” P6 named the same phenomenon aspirationally,
saying “I should totally get, like, a common library” while acknowledging that he had not built
one because the overhead had never seemed worth it. Occasional lapses in a management prac-
tice also came up. P1 recalled the recurring “shit, I should have saved that” moment as one of the
triggers that had prompted her to build a toolbox in the first place, so as to avoid the challenge of
vaguely remembering a specific brand marker she had used from a few videos ago and needing
to search through old projects to find it.

The moment of elevation itself was also a source of difficulty. Several participants described
being unsure what was worth keeping in the first place, particularly for material that had no ob-
vious later use. This uncertainty was especially acute for non-brand-marker trace data such as
notes, annotations, and reference material, where creators could rarely tell at the moment of pro-
duction which future project a given piece would inform. The result was that this material often
stayed embedded in the project that produced it, or was saved into a general-purpose scratchpad
such as a Google Doc without any expectation that the creator would return to it. As I return
to in the discussion, this asymmetry between brand markers, which participants elevated delib-
erately and by rule, and non-brand-marker trace data, which resisted the same treatment, has
implications for the treatment of traces as a design material.

Libraries also failed to scale gracefully once they grew. P1, who had the most developed
management practice among the participants, articulated the concern most sharply: “imagine this
gets really long. . . as a user, it’s like, okay, how does it scale gracefully in a non-overwhelming
way?” She noted that browsing a large asset library was not well supported and that storage
size itself became a concern, since “you don’t want to have multiple libraries that take up like
20-30 gigabytes.” P4 similarly flagged that the visual density of some cross-project management
surfaces made them harder to use, describing a wish for better ways “to switch between these
two without having to have this visual clutter.”

Where participants kept much of their process implicit rather than in an explicit management
practice, they described this as a source of cognitive load. P6 named this tension: “so much of
your process actually does exist [in your head, which] is a very, very classic ADHD thing, which
unfortunately tools don’t accommodate very well.” P2 similarly wished for a space in which to
externalize this material: “it’d be cool if there were some type of white space that I could just
like get out all of my ideas on for all of my projects.”

Deliberately externalizing everything in support of a cross-project portfolio had its own costs,
however. P6 noted that “management overhead, whether it’s in the brain or in the real world, has
some real overhead that would be nice to have less of,” and elsewhere described the tradeoff more
precisely: “having [things written] down. . . is like good to keep it out of my head, but also. . . it
takes time to like plan what to write on a to-do list in the first place.”

Of all the challenges participants raised, experimentation with brand markers was the most
pressing. The most straightforward obstacle was skill and knowledge. Several participants ex-
plicitly did not feel that they had the design or editing knowledge needed to experiment with
certain marker types across videos. Even where participants had the knowledge, they often did
not have the time. Several participants described editing itself as expensive enough that exper-
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imentation on top of it was hard to sustain. As P1 put it, “if it was more sustainable, then I for
sure would do more experimentation with my brand.”

Platform pressures exacerbated the tensions around deciding when to remain consistent with
their brand and when to evolve. This was clearest for P7, who described the YouTube algorithm
as effectively rewarding sameness for smaller channels: “YouTube doesn’t really reward exper-
imentation. . . for smaller YouTubers, [it locks you] out of that one game like box.” A related
concern was the tension between remaining authentic to an existing brand and pivoting to follow
viral trends. Several participants deliberately kept a distance from trend-driven markers so that
their work continued to feel like theirs. P5 named this most explicitly: “I rarely use templates
in CapCut because it doesn’t really feel true to myself.” Participants also worried about their
existing audience and were uncertain about evolving their brand out of fears of losing their com-
munity. As P3 put it, “I’m more scared of losing my existing audience because they follow me
because they recognize my style, but if I pivot. . . it’s like betraying them. . . I’m scared for the
feedback if it’s bad.” P4 gestured at a related concern, noting that any change in brand marker
use needed to preserve the audience’s ability to recognize the creator behind it.

Complicating the experimentation question further was that participants often could not say
with certainty what had caused a drift in their brand or a sense of inauthenticity in their recent
work. When such shifts registered, they could rarely be traced to a single decision or a single
marker. Instead, participants described the change as something they noticed only in retrospect,
and only against the accumulated body of their prior work. This made it difficult to know what
to correct, since the source of drift was distributed across many small choices rather than located
in any one of them.

The final two challenges played out over a longer timescale than the rest, which made them
harder both to recognize and to address. Underneath all of these more concrete obstacles was a
more foundational difficulty: knowing what to experiment with in the first place, and whether the
resulting changes to brand marker use would remain authentic to the creator. As P3 put it, “you
can’t tell specifically what parts makes your content. . . more authentic to you.” P3 framed the
deeper cost of getting it wrong in terms of long-term brand building: “a lot of people. . . focus
on present, focus on that one video that I want to actually post, but a lot of times building up a
brand [across videos], or actually building up your own, internet persona, it’s like it requires a
lot of like planning, a lot of like intentional decisions over time.”

A related but distinct challenge was projecting into the future at all. P5, still in the process
of discovering her creator identity, said, “As someone who’s still discovering herself as a content
creator. . . it’s pretty hard to conceptualize, like what do I want for my future. . . for these like
personal branding things.” P6 similarly acknowledged that his early plans for what he would
create had turned out very different from where he had ended up.

Taken together, the challenges I describe here clustered at specific moments in creators’ prac-
tice: making new brand markers in the first place, moving from one project to the next, retrieving
and reusing brand markers stored across projects, and evaluating a body of work as it accumu-
lated over time. These moments foreshadow the four-stage trace lifecycle model I introduce
in the next section, which describes how brand markers become full-fledged traces that move
through a creator’s practice, and where existing tools most fail to support them.
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8.3.3.5 Emergent Findings

Beyond my main research questions, participants revealed additional insights around how they
approach cross-project work. In particular, when I asked participants to talk about their practice
as a body of work rather than as any specific video, I saw them draw on a coherent set of con-
cerns: how they thought about themselves as creators, how they worked across multiple temporal
orientations at once, and where they located their creative value. I report these here as emergent
findings. Each of them is directly relevant to a trace-aware account of cross-project practice and
shapes how longitudinal trace-aware support might be designed for content creators.

Identity. Every participant had a distinct sense of who they were as a creator, and each
expected their brand to make that identity legible across their work. Their self-descriptions varied
widely, from “fabulous” (P2) to “a very analytical person” (P4) to “relatable, very real” (P5). P3
had settled into an explicit educational niche, while P7 grounded his channel in welcoming his
viewers as “part of the video.” What mattered for the purposes of this project was not the specific
content of these identities, but that participants treated their brand markers as the vehicle through
which those identities were meant to travel from one project to the next.

Not every participant, however, had a fully settled sense of their brand. P2 described being
in “a creator identity crisis,” having wanted to evolve her brand for some time but being unsure
how. P5 was in a similar position, though she struggled with understanding what her brand was to
begin with when reflecting on her full portfolio of content. Both wished a tool could reflect their
own accumulated work back to them or offer some future-facing support to settle their identity
crises: as P5 put it, “I would want something or someone to tell me what is my personal brand. . .
so hard to think about myself from, like, a different perspective.” This wish is only meaningful
at a cross-project scale. It cannot be satisfied by looking at any single video.

Temporality. Across the interviews and walkthroughs, it became clear that participants did
not work linearly. That is, they do not simply plan, shoot, edit, and publish in a repeated cycle.
Instead, participants operated across three temporal orientations at once; the past work they
returned to, the current project in front of them, and the future arc they were building toward.
With regard to their past work, participants routinely rewatched or browsed their prior content
as a form of reflection, or to mine for previously used brand markers. P6 described a practice
of letting videos “sit in the tank for like a week” after finishing them so that he could catch
things he otherwise would not (“that’s when you really catch the things”). P4 said he got “a lot
of satisfaction from watching my own videos right after they’re. . . uploaded, but given, like, [a
few] months, I’ll watch it again” and would use that later viewing to notice what he might have
said more clearly.

Participants also worked forward, planning against a future arc for their channel or portfo-
lio. P1 spoke of “the channel portfolio. . . and then there’s the little mini series or the travel sub
genre,” actively deciding how new videos should relate to that larger shape. P2 was actively de-
liberating whether her channel should undergo “a season two rebrand,” and P6 imagined a future
in which he had “like 20 videos, and they’re all bangers.” The tensions around experimenta-
tion described in the previous section were, in this light, a symptom of the same forward-facing
orientation. Participants were making brand marker decisions now that they knew would shape
a future they could not yet fully see. Non-brand-marker trace data played a related role, since
participants like P2 maintained idea lists explicitly for revisiting later. In each case, the cur-
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Figure 8.1: The trace lifecycle model for brand markers. Each stage lists its actions (blue) and
frictions (red).

rent project sat at the intersection of reflection on past work and projection into a future one,
and participants understood their videos as accumulating into something larger than any of them
individually.

Creative ownership. A final, briefer thread concerned where in the video production pipeline
each participant located their creative value. Participants held strong and specific views about
what parts of their work they wanted to keep hands-on and what parts they were open to having
tools support or automate. P2 gave the most explicit account: she was “absolutely happy” with
the idea of an editor automating her color grading, but “would probably be upset if the editor
were to somehow edit my intro or outro,” because those were the parts she authored deliberately.
What was claimed and what was open to delegation varied substantially from participant to par-
ticipant. What did not vary was the presence of a boundary. Each creator had one, each was clear
about where it sat, and each expected any future tool to respect it.

These emergent findings, together with the challenges and management strategies described
in the previous sections, motivate the four-stage trace lifecycle model I introduce next.

8.4 Trace Lifecycle Model
The brand markers surfaced in the previous section are the raw material of a creator’s personal
brand, but they are not yet traces. A transition sitting in a project is trace data, as is a sin-
gle thumbnail. What makes any of these part of a trace is what happens to them over time, as
creators produce them, elevate them into cross-project use, revisit and reshape them across sub-
sequent work, and eventually settle them into a legible personal brand. This section develops that
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temporal account in the form of a lifecycle model that describes how brand markers evolve from
single-project artifacts into longitudinal traces that carry a creator’s identity across their body of
work. In doing so, the model brings together two threads from the emergent findings: temporal-
ity, as the mechanism by which brand markers become traces, and identity, as what those traces
come to represent over time.

The Living Framework for Trace Awareness introduced in Chapter 7 defines what trace data
looks like inside a system, via the data characteristics dimensions I used above to describe the
brand markers in this study. What it does not describe is how that data comes to constitute
a trace that systems can then engage with through the trace awareness dimensions, a gap that
became sharp during analysis. The brand markers I had cataloged were static objects, but every
participant described them as things that were elevated into a toolbox once they proved reusable,
pulled back into a new project, reworked to fit different platforms, quietly abandoned, or actively
pruned as their sense of brand shifted. Without a way to describe that movement, I could not
translate the trace mapping study into anything a system could act on, nor into a material that can
be studied. The lifecycle model developed here fills that gap.

To derive the model, I made a second coding pass over the qualitative data, this time coding
for verbs or actions creators reported taking on their brand markers as their work moved between
projects. This produced a corpus of trace-related actions such as saving, presetting, dragging, re-
viewing, reflecting, and pruning. I then affinity clustered these verbs, along with the challenges
derived from the first coding pass, to look for structure. Early attempts drew on journey mapping
to sequence individual actions along a creator’s timeline [115].The model’s eventual form was
influenced by Amershi et al.’s guidelines for human-AI interaction [18], which organize guide-
lines temporally by the moment in an interaction at which they apply. Following that shape,
the clustering surfaced four stages that denote key events in a brand marker’s evolution. Each
stage clusters a coherent set of creator actions and characteristic frictions, making the temporal
structure of the material legible.

The four stages of the model are Genesis, Elevation, Maintenance, and Meaning-Making.
Each stage has its own set of actions on brand markers and its own frictions, as seen in (Fig-
ure 8.1).

8.4.1 Genesis
Genesis is the stage at which brand markers first come into being. A creator selects a font,
records a voice-over, draws an intro frame, chooses a color palette, or settles on a transition.
This is single-project work in the sense that the marker exists as a component of the video being
made and has not yet been treated as anything more. From a trace perspective, Genesis is the
least eventful stage. Brand markers are produced, but they have not yet accumulated into the
cross-project traces that the later stages describe.

Verbs at the time of Genesis cover the range of ways in which brand markers are produced
in the first place. Some are active production: drawing, recording, writing, creating. Others
describe selection or customization from existing options: choosing a font, adjusting a preset,
changing a color, accepting a default. A third, smaller group comprise inspiration-gathering
activities that generate reference material rather than final assets, such as watching other creators’
work or collecting images to draw from. What these verbs share is that they operate inside the
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boundaries of a single project. Creators varied most at this stage in how much investment they
put into any given marker type, from P2 spending two or three days hand-drawing her intro to P5
treating fonts as low-priority background choices. The frictions at this stage are the single-project
production challenges described in the previous section, concentrated at the moment markers are
made. Participants’ accounts of being forced to settle on a marker they were not fully satisfied
with fall here.

8.4.2 Elevation
The second stage, and arguable the most crucial; for understanding longitudinal traces, is Ele-
vation. Elevation is the stage at which a brand marker crosses from a single project into cross-
project use. It is where a font, transition, or template stops being a component of the video it
was made for and becomes something the creator intends to reach for again. In the data, this
crossing over was almost always a deliberate act rather than an accident of storage. Creators had
developed rules, sometimes explicit and sometimes tacit, that governed which markers earned
elevation into their cross-project practice. Elevation is defined by this deliberateness as much as
by the transition in temporal scope.

The verbs that define Elevation cluster around two related activities: assessment and consol-
idation. Participants described the assessment side as reviewing, vetting, flagging for later, and,
in P6’s phrasing, “graveyarding,” the practice of setting things aside in a designated space to be
reviewed or discarded at a later pass. The consolidation side comprises the actions that formally
move a marker across the project boundary, such as dragging it into a shared editing project,
saving a preset, building a template, or moving it into a folder that lives outside any single video.
The two sides usually operated together. Assessment produced the judgment that a marker was
worth keeping, and consolidation gave that judgment a home.

Participants articulated their elevation rules in different ways, but the underlying logic was
consistent. P7 named the criterion as simply “is it going to be reused?” P4 used an importance
threshold, keeping dedicated folders for material that met it and discarding what did not. P1
described her editing toolbox as receiving markers she found herself repeating across videos
(“if I’m like, oh, I really liked how I did this in this video, this deserves to go into the editing
toolbox”). What varied was the mechanism tied to the transition into cross-project scope. Every
participant with a cross-project practice had some criterion for what earned Elevation.

The frictions at this stage are the elevation-side challenges described in the previous section:
the difficulty of judging what is worth keeping; the mismatch between custom work and the
elevation mechanisms available in current tools; and the acute version of both that appears for
non-brand-marker trace data. What the stage structure makes visible is that these are all difficul-
ties of the same kind, arising at the same moment in the lifecycle, and that a tool concerned with
supporting Elevation would need to address them together rather than treating them as separate
problems.

8.4.3 Maintenance
Maintenance is the stage at which brand markers, once elevated, live and are put to work across
projects. It is the nexus between the single-project scope where markers are made and the cross-
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project scope where they accumulate into something larger than any individual video. Where
Elevation is a boundary-crossing event, Maintenance is an ongoing state. It is bidirectional by
nature, as markers move outward from the cross-project store into new single-project work, and
back into the store as creators reorganize, reshape, and prune the material they have accumulated.
These two directions are not sequential. Retrieving a marker often surfaces a reason to update the
store, and reorganizing the store often triggers a fresh round of retrieval. Maintenance is where
the cross-project practice actually lives, and where its running costs are paid.

The verbs at Maintenance cluster around two directions of flow. The retrieval-facing verbs
describe pulling from the cross-project accumulation into new work by recalling, browsing, find-
ing themes, comparing, copy and pasting, reusing, repeating, and guiding. These are the actions
that let a creator draw on their accumulated material when starting or working through a new
project, whether by copying a title style from an editing toolbox, pulling a color palette from a
mood board, or simply reopening a previous project as a template for the next. The curation-
facing verbs describe the work of keeping the store itself in usable shape, namely by organizing,
structuring, sectioning, separating into folders, pruning, and deleting. In practice, participants
moved between these two directions constantly. Experimentation belongs here as well, in the
sense of trying variants of an elevated marker or comparing alternative uses of it across a body
of work, though the broader strategic question of whether to experiment with one’s brand at all
belongs to the Meaning-Making stage.

The frictions at this stage are the cross-project management challenges described in the pre-
vious section, and they concentrate at Maintenance because Maintenance is where creators bear
the running costs of a practice that Elevation only opened. The tool fragmentation, the manual
reuse tedium, the libraries that failed to scale, and the cognitive cost of process that lived in cre-
ators’ heads rather than in any external store all show up here. The stage structure makes visible
that these are not incidental frustrations distributed across the practice, but the standing tax of
running a cross-project store at all.

8.4.4 Meaning-Making
Meaning-Making is the stage at which brand markers, having accumulated across many projects,
come to shape a creator’s sense of who they are and what their body of work is becoming. This
is the longest of the four stages, in the sense that its unit of time is not a single project or a series
of them but the arc of a creator’s practice as a whole. Unlike the earlier stages, Meaning-Making
does not operate on individual markers so much as on the shape those markers make together.
A single intro sequence does not constitute a brand. Nor does the same title style copied across
a short series of videos, as P1 did for her smaller series; that is Maintenance doing its work. A
pattern of intro sequence choices across a hundred videos, considered against the audience that
has grown up around them, does. The stage is characterized by this shift in the object of the
work, from markers as components to markers as evidence of an identity taking shape over time.

The verbs of Meaning-Making differ in kind from those at the earlier stages. Where Genesis,
Elevation, and Maintenance describe operations that creators perform on their markers, whether
making them, elevating them, retrieving them, or curating them, the verbs at Meaning-Making
describe the orientations that creators hold toward the accumulated whole. Some participants
spoke of developing a brand, developing an identity, aligning with a desired theme, making their
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work consistent or familiar over time, and scaling their practice gracefully as it grew. Others
spoke of the outward-facing side of the same activity, of catching viral trends and optimizing
for the platforms they published to. These are not verbs one applies to a single marker for reuse
from one project to another. They describe the longitudinal posture a creator adopts toward the
body of work which their earlier markers have built. The broader question of experimentation
also lives at this stage, in the sense of deciding whether and how to change one’s brand over
time, as distinct from the act of trying out variants within an established brand that belongs to
Maintenance.

The temporal structure of Meaning-Making differs from the earlier stages as well. As I
described in the emergent findings, participants routinely operated across three temporal ori-
entations at once: reflecting on past work, working on the current project in front of them, and
planning toward a future arc for their channel or portfolio. At the single-project and cross-project
scopes, one of these orientations tends to dominate at any given moment. At the long-term scope
of the Meaning-Making stage, all three run simultaneously, and creators’ decisions about their
brand pull on each of them at once. Meaning-Making is where past work is evaluated for what
it has come to mean, present work is calibrated against that evaluation, and future work is pro-
jected against the arc the past and present suggest. This overlap is part of what makes the stage
structurally different from the others, and part of why its content resists the discrete, action-level
description that fit the earlier stages.

The frictions at Meaning-Making are the long-term brand challenges described earlier: the
experimentation tensions around authenticity, audience, and platform pressure; the identity crises
of participants still working out what their brand should be; the way drift and inauthenticity
register only in retrospect and cannot be traced to a single decision; and, underneath all of these,
the difficulty creators had in seeing the value of their accumulated traces at all. What the stage
structure makes visible is that these frictions share a common shape. They are difficulties of
acting under delayed feedback and confounded attribution, arising at a timescale where cause
and effect are separated by many projects and where the object of the work is the accumulated
whole rather than any individual marker.

Because Meaning-Making sits at the longitudinal end of the lifecycle, its outcomes depend
on what happened at the earlier stages. What was elevated shapes what accumulates. What was
maintained shapes what is available to draw on. Frictions at Elevation, such as being unsure what
was worth keeping or being unable to elevate custom work into a durable form, propagate forward
as gaps in the material which a creator has to make meaning from years later. Furthermore,
frictions at Maintenance, such as libraries that failed to scale or process that lived only in creators’
heads, propagate forward as retrieval failures at the moment Meaning-Making would draw on
them. This cascading structure is part of what the model makes visible. Because the earlier
stages feed the later ones, interventions targeted at earlier stages may improve Meaning-Making
without acting on it directly, which is a design implication I return to in the discussion below.

Taken as a whole, the model surfaces what the results alone could not. The stages make
visible that the challenges participants described are not scattered across their practice but rather
concentrate at specific moments in a brand marker’s evolution. The model also makes visible
that these stages feed each other. That is, what happens at Elevation shapes what is available at
Maintenance, and what happens at Maintenance shapes what a creator has to draw on at Meaning-
Making. Perhaps most importantly, brand markers that move through Genesis, Elevation, and
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Maintenance eventually do the identity work of Meaning-Making, carrying a creator’s sense of
who they are across a body of work that no single project can contain. Rather than treating this
shape as a specification for a system to build, I use it as a set of entry points for studying traces
as a design material. In the following section, I describe a set of inspirational bits targeting two
stages in this model, each designed to expose what it is like to work with traces at those points
in time.

8.5 Inspirational Bits

The trace lifecycle model made the temporal evolution of a creator’s brand markers legible
through a visual account of how brand markers become traces. More importantly for the purposes
of this thesis, it offers a set of entry points for studying traces as a design material.

To use those entry points, I turned to inspirational bits, a form of material-driven prototyping
introduced by Sundström et al. [277]. A bit is a small, quick, fully working but deliberately
partial prototype. Its goal is not to solve a user’s problem but to expose the properties of a design
material through direct, hands-on encounter with it.

This project has thus far surfaced no shortage of opportunities to design trace-aware support
for creator needs, and a system assembling them would certainly be needed in the future. Build-
ing it, though, would mean committing to those features before earnestly exploring the nature of
traces. In adopting the method described by Sundström et al, I reorient prototyping away from
developing trace-aware features and toward asking specific questions about the trace material.
Designing full trace-aware systems is thus left to future work.

Toward that goal, I began by generating questions that emerged from the trace mapping study
and the modeling stage. These questions were then used in a low-fidelity generative sketching
process to produce as many bit ideas as possible. These ideas ranged from a “fresh eyes” bit
which would lock a video editor after a project is complete to force reflection on its traces after
a certain amount of time has passed, to a “ghost” bit of a video editor whose deleted brand
markers do not disappear but drift into the margin as faint sediment, so that a finished video sits
surrounded by a visible cloud of everything the creator decided against. In the end, I selected
two ideas, one focused on Elevation and one on Meaning-Making. Specifically, the questions I
sought to answer in this phase of the project are:

1. What happens to a brand marker when it is elevated past the project boundary?

2. What happens to traces at the long-term scope required at the Meaning-Making stage,
where identity concerns form and no single trace can be isolated as their cause?

I developed the bits using Claude Code with Claude Opus 5 and Claude Sonnet 5. Below, I
describe the bits that were created towards answering the above questions, and outline the design
process and lessons learned throughout.
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Figure 8.2: The Elevation Palette’s reuse panel, asking whether a marker will be used again.

8.5.1 Bit 1: Elevation Palette
8.5.1.1 Premise

Elevation is the point in the model where a marker stops simply being a component of the video
and becomes a cross-project entity. In this sense, Elevation is the stage in which the transition to
a longitudinal trace occurs. What exactly happens to the material at this transition?

The Elevation Palette is a small Electron panel that runs beside Final Cut Pro and watches
the projects a creator works on. The first time a brand marker appears in a project, the panel
surfaces it once and asks a single question: will you use this again in a future video (Figure 8.2)?
The creator answers yes or no. This repeats for each new marker, one at a time, after which the
panel falls silent. A few projects later, at a distance that is itself an adjustable parameter, the
panel returns and reveals what the creator actually reused in their projects thus far (Figure 8.3).
A marker that was elevated and recurs is a hit; a marker that was elevated but never recurs, or
that recurs without ever being elevated, is a miss. In this manner, the palette is built to feel like a
“quiz” whose answers arrive later, often as a surprise.

8.5.1.2 Architecture

The bit consists of an Electron front end that relies on a set of Python components communi-
cating through a single append-only JSONL log. Markers are read from Final Cut Pro’s native
FCPXML. Final Cut Pro writes FCPXML only on an explicit export and not on save, and ac-
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Figure 8.3: The Ledger Panel, revealing which markers were reused across videos

cessing it in real-time was difficult to implement. Instead, the bit watches a folder into which the
creator exports the FCPXML at chosen checkpoints. To mimic real-time use, the export is bound
to a hotkey that quickly writes the project’s FCPXML for the prototype to read. The extractor
keys each marker found in the FCPXML on the coarsest value the format exposes such that Hel-
vetica Bold and Helvetica Regular, for example, are treated as the same marker. Each marker the
extractor finds is written as a single item extracted line to the log, tagged with the project
it came from and its identity key. The panel then appends each elevation query and the creator’s
response as asked and answered lines against that same key. Recurrence is never recorded
on its own. It is inferred at scoring time whenever a key reappears in a later project’s export.

The “ledger” or scoring panel renders results by a single fold over the log. In one pass it
collects, for each marker key, the ordered list of projects the marker appeared in and the first
prediction made about it, then judges that against whether the marker recurred in a later project.
Evidence is counted only from projects after the prediction, and a negative verdict is withheld
until a two-project lag has elapsed, while a recurrence is credited whenever it occurs. The fold
emits the two columns the panel displays: markers elevated but never reused, and markers that
recurred but were never elevated.

Because cross-project traces cannot be examined without a meaningful catalog, and I had no
longitudinal creator Final Cut Pro projects to work with, I manually created three Final Cut Pro
video projects and automatically generated ten variant FCPXML projects. The generator emits
real FCPXML parsed by the same extractor as the authored data. This catalog was sufficient to
exercise the bit across a project sequence, but it is a thin substitute for a real longitudinal corpus.
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I treat this as a central limitation of this approach to studying traces and return to it in Section 8.7.

8.5.1.3 Design Process and Lessons Learned

The Elevation Palette exposes a property of brand markers that only becomes visible once the
panel is used across a run of projects. That is, the information that would tell a creator whether
a marker is worth elevating does not exist at the moment they are asked to elevate it. Answering
the panel’s question project after project, I was committing to markers with no way to see what
any commitment would come to. Whether a marker recurs, and so whether elevating it was
warranted, is settled later, in work that has not happened yet. Elevation is therefore a prediction
made under uncertainty. The creator places a bet about their own future practice at a point where
the evidence that would settle the bet is unavailable, as a marker can be elevated and never recur,
recur regularly without ever being elevated, or be stranded in the project that produced it. Read as
a claim about the material, a brand marker’s value as a trace is temporally blocked at the moment
of elevation.

The ledger makes a second property visible: the set a creator elevated and the set that actually
recurs do not necessarily coincide. In other words, the deliberately elevated library is a biased
sample of what persists in a creator’s work rather than a faithful record of it. What a creator
can curate and what their practice retains pull apart. There is a further reading of the elevation
itself. When a creator elevates a marker they are predicting its reuse, but they are also recording
a judgment, made at that moment, that the marker was worth carrying forward. The elevated set
is thus a record of what a creator valued at each point in their practice.

Because elevation runs on prediction and the elevation set is already skewed, the conse-
quences do not stay local to the project where a marker is decided. The markers a creator com-
mits to, warranted or not, become entities that Maintenance curates and that Meaning-Making
must later make sense of. A misidentified building block can thus have cascading consequences
at every later stage of the lifecycle.

8.5.1.4 Bit 1.5: Applying the Same Instrument to Non-Brand-Marker Data

The study and the model were scoped to brand markers, and deliberately so. Brand markers
are discrete, nameable assets, which allowed me to examine cross-project trace behavior without
first having to resolve what counts as a meaningful trace unit. But brand markers were only part
of what the study surfaced. Creators also produced trace data that belonged outside the artifact
and layout channels, namely scripts, planning notes, idea lists, and annotations. These forms of
trace data resisted the model. A script draft has no clear passage through Genesis, Elevation,
and Maintenance, so its life as a trace is hard to locate, yet it is unmistakably part of a creator’s
activity.

Rather than build a second instrument for this, I used the Elevation Palette on it unchanged,
reasoning that where the instrument broke would reveal where the differences lay. To examine
these other forms of trace data, I used video planning documents akin to those described by the
participants in the study in conjunction with the Elevation Palette panel. The architecture did not
require major changes to function with a video planning document: a second extractor reads an
exported .docx document in place of an FCPXML file. The Electron panel is left intact, and, as
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with the brand-marker catalog, I automatically generated a small set of planning documents to
run the bit across projects.

The question the brand-marker case had let me sidestep, what counts as a meaningful trace
unit, now had no obvious answer. A sentence, a paragraph, the whole document, or its section
structure are each a defensible unit to treat as a candidate for elevation. Furthermore, from
a traces perspective, the document offers no reason to prefer one over another. I keyed the
extractor to the sentence level for the sake of running the test, and the panel fired its reuse question
hundreds of times per document, compared with the handful of times it asked per project in the
video case.

The deeper failure concerned the elevation criterion itself. Reuse was the wrong question
to ask, and the scoring logic from the ledger broke as a result. A brand marker is elevated
deliberately, and the act of elevating it is itself a prediction that it will return. No one elevates a
planning document in that sense, and creators do not set out to carry these files forward the way
they carry an outro or a transition. In this manner, the actual value of this data within a trace is
something that creators cannot foresee.

None of this is to say that such data is not a critical part of the trace or is without longitudi-
nal value, especially since creators clearly lean on these documents from one video to the next.
From a trace function perspective, this trace data is likely most useful for prospective functions,
such as contextual suggestions or ones that have yet to be identified (see Section 8.6). Materially
speaking, the two cases suggest that traces do not have a uniform grain. In the material turn,
grain names the characteristic behaviors and resistances that shape how a material can be worked
[294, 295]. Applied to traces, grain describes what individual trace data is made of, the data char-
acteristics that shape what it affords and what it resists. Brand markers and planning documents
share key temporal characteristics, but their grains differ: brand markers readily afford deliberate
elevation and reuse, while the cross-project value of planning documents is not yet clear and will
require treatment suited to their grain.

8.5.2 Bit 2: The Oracle
The second bit interrogates the meaning-making stage, the stage least accessible to study and,
for that reason, the one most in need of a way to examine it. Until this point, my research had
concentrated on the most fundamental building blocks of traces. Meaning-making sits at the
opposite end. Here, traces have accumulated for long enough that they begin to contribute to
identity-forming behavior, and the individual trace stops being the useful unit of analysis. A
single color palette choice, or even the evolution of that choice over time, no longer explains
much on its own. What carries a creator’s identity is the way their traces have accumulated and
woven together, not any one of them in isolation. At this stage a creator’s traces can only be
reasoned about through the shape they have taken on collectively, and it is this shape that the
Oracle sets out to render.

8.5.2.1 Premise

The Oracle is an “all-knowing” entity that claims to know the creator’s future (Figure 8.4). Upon
opening the bit for the first time, the user is greeted with an invitation to understand what lies
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Figure 8.4: The Oracle Bit’s opening screen

ahead for them. Behind this intro sits three views of the “shape” of the creator’s traces, presented
as separate tabs in the interface (Figure 8.5). Each view renders the shape of the traces differently
and pronounces its own single, confident sentence about who the creator is, with nothing offered
to justify it. That unearned certainty is deliberate. Identity at this scale is precisely the thing
a creator cannot see plainly in their own work, and the Oracle’s flat assurance is a deliberately
blunt way of putting that on screen rather than pretending to resolve it.

The first view, spread, draws the trace of each brand marker type as a “thread” running the
length of the creator’s history. A thread’s tightness shows how settled that marker type is: a
type whose markers recur steadily across projects reads as a tight, near-straight line, while one
whose markers are unsettled and inconsistent is frayed and torn. Here the Oracle speaks in the
tone of a stable reading, telling a creator with tight threads “you have known who you are for
a long time.” Spread is the view where the traces are still separable, and where the creator can
tie the Oracle’s statement most clearly to the shape of the traces; the creator can, for example,
look at the music/audio thread, see it holding steady, and find in it the ground for what the Oracle
claimed.

The second view, investment, keeps the same trace threads, but thickens each in proportion
to how heavily the creator has invested in that marker type across their history. Thickness and
spread can disagree. Transitions used constantly but never the same way twice read as thick yet
frayed, while sound effects used sparingly but identically read as thin yet tight. Here the Oracle
speaks to what the creator pours themselves into, naming the heaviest thread as a source of their
enjoyment, whether or not it is the most consistent. Inspection now only half pays off. The
creator can see which threads are thick, but not why weight should mean what the Oracle says it
does.

The third view, authenticity, pulls the separate threads into a single knot. The threads are
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still there, but they are now wound through one another so densely that no single one can be
followed from end to end. Here the Oracle makes its most confident and least accountable claim,
pronouncing on whether the creator’s body of work still feels like theirs.

8.5.2.2 Architecture

Unlike the Elevation Palette, the Oracle is a one-shot session rather than a live tool. It opens,
reads, and renders from a single precomputed file, and is a separate Electron application that
borrows the Elevation Palette’s extraction logic. The file it reads is produced ahead of time from
the same simulated catalog used in Bit 1: FCPXML taken from three manually created video
projects and ten variant projects.

A crucial design constraint placed on this bit is that it does not attempt to measure or quantify
any real trace shape. The numbers it computes are crude, and exist only to render something from
the available FCXML. This precomputed file holds two values per brand-marker type. Spread
measures how consistently a marker type recurs: a type with a marker that appears in every
project scores near one, while a type whose markers are all one-offs scores near zero.

Investment is simply how many times markers of that type are placed across the whole run,
counting every placement rather than collapsing repeats. The two diverge because one tracks
recurrence and the other tracks sheer volume, which is what lets a brand marker type read as
thick yet frayed. Investment is the harder of the two to represent, since how much a marker type
matters to a creator is not a quantity easily derived from brand markers alone.

The third view computes nothing, as the knot takes no argument and reads no field of the file.
It is a fixed, hand-drawn image. This is not an expedient but a consequence of the design process,
in which I ran into the limits of trying to distill meaning-making into separable traces. The whole
the knot represents cannot be reconstructed from the threads beneath it, so at this scale the whole
is an authored image rather than a computed one.

8.5.2.3 Design Process and Lessons Learned

Of the four stages, meaning-making was the one I least knew how to study, and also the one I
most wanted to. It occurs only once traces have accumulated over time, as a creator’s identity
forms across more work than any single project holds. What I wanted from this bit was a concrete
way to grapple with what traces become at this scale, and the lessons came almost entirely from
the ways the material refused the instruments I built for it.

My earliest iterations of the Oracle bit operated on a single trace at a time, and their purpose
was to show that the single trace is the wrong thing to operate on here. In one, the Oracle
delivered a confident but flawed reading and let the creator dig through their traces to find where
it had gone wrong. In another, the creator pruned individual traces, cutting a font or a transition
and watching the Oracle’s pronouncement shift. Both did what I designed them to do, and
both made it plain that a creator’s identity cannot be reached by isolating disparate traces. But
a demonstration that the parts cannot be operated on is only a negative result; on its own, it
says nothing about what the material has become. Accumulated to this scale, the traces had
reorganized into something that could no longer be read off any one of them, a whole with a
shape of its own, and rendering that shape is what the three views set out to do.
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(a) The spread view

(b) The investment view

(c) The authenticity view

Figure 8.5: The Oracle bit’s three shape views
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Taken in order, the three views are a single experiment in how much of that shape a creator
can still reach by inspecting the parts. Spread is the baseline, and it is the one view where
inspection holds. The threads are still separate, and a creator can pull the music thread, see
it running steady, and find in it the ground for what the Oracle claimed. The whole is legible
through the parts here, because in this view the parts still stand for it.

Investment is where that begins to fail. I designed it knowing how hard investment would be
to quantify, and built it anyway because creators plainly value their markers unevenly. In building
this view, I had wanted to see whether a trace-based instrument could reach that relationship at all.
The threads are still there to grab, thickened by use, but what the Oracle reads off their thickness,
how much of themselves a creator has put into a marker type, is not a quantity the brand marker
traces ever recorded. Two creators can build on the same font and value it entirely differently,
one indifferent and one deeply invested. This is a difference my study surfaced directly, and
nothing in the brand marker traces I had collected thus far tells them apart. I stood the view up
on a crude placement count precisely because the real quantity was never there to measure in the
grain I was reading.

Authenticity is where the shape of the traces becomes too difficult to discern. This was the
view I most wanted to work, because creators care about authenticity enormously and can almost
never locate it. Drift in tone, and the slow slide of a body of work away from itself, is something
they reported noticing only long after it has set in. But authenticity is not a property of any trace.
It lives in the relations among them and in the pattern they make together. In the material turn’s
terms, this is a matter of texture: how a material’s parts relate to the whole it presents, and how
readily it combines with others [238]. Where grain describes what a single piece of trace data is
made of, texture describes how individual traces weave together as they accumulate, and it is in
this texture that identity lives.

In this view the threads are wound so tightly that none can be followed end to end. When a
creator tries to inspect it as they could in the first two views, there is nothing to take hold of, no
thread to pull, no part to which the verdict can be traced. The hand-drawn knot is what remained
after the attempt to quantify, or even categorize, the traces failed.

Through Genesis, Elevation, and Maintenance, the creator acts on the traces: making mark-
ers, elevating them, curating them. In this manner, traces as a material are constructed and are
worked on by the creator. At meaning-making the relation inverts. The accumulated work begins
to act on the creator, settling into an identity that shapes how they see themselves and narrows
what they can become. This is where the challenge of the stage finally shows itself. A creator
who wants to change how their work reads, to pull out of a drift they have noticed and dislike,
still has to reach for individual markers, because the parts are the only handles there are. Yet
the thing they are trying to move exists only in the texture, where no single edit can be isolated
from the rest. The same gap makes the change almost impossible to judge, since its effect can-
not be read until the traces have settled into a new whole, by which point it is confounded with
everything else that shifted.
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8.6 Discussion
This chapter set out to achieve the following: to understand how video content creators build,
maintain, and evolve a personal brand, a longitudinal, cross-project problem that trace-aware
systems have so far left alone; and to work with traces as a design material and ask what that
material is like. Through this work, I move toward building better trace-aware tools that leverage
traces more effectively and address the design challenges creators face.

The trace mapping study showed that video content creators care about their personal brand
a great deal, but they approach their brand differently from one another. Asked what their brand
consisted of, participants reached for similar inventories of fonts, intros, transitions, color, and
sound, yet the same marker type carried very different weight from one creator to the next.
Underneath these differences sat a self-concept that each creator held, or wanted to hold, and
that lived beyond any particular marker. The markers served as the vehicle through which that
self-concept was assembled and carried from one video to the next. Creators were, in this sense,
highly opinionated, and they could articulate their brand and the obstacles to sustaining it with
real precision. A personal brand, then, is not simply a set of assets a system could read off
finished videos. It is a stance a creator holds toward their own material, and that stance is what a
trace-aware system must reach.

However, these perspectives and maintenance behaviors did not necessarily extend to the rest
of the trace data their practice produced. More specifically, the scripts, notes, and mood boards
they leaned on constantly were rarely recognized as carrying cross-project value at all. From a
traces perspective, this data may hold value of a kind the brand markers cannot. In the Living
Framework, the trace functions the brand markers support lean toward material interaction, such
as reuse, remix, and cohesion, whereas scripts, notes, and boards sit closer to how a creator
works than to what they produce. This in turn points toward workflow-oriented functions, such
as workflow alignment, that the current framework has not yet captured.

Much of the difficulty of sustaining a brand across projects sat in creators’ tools. No partic-
ipant’s cross-project practice fit inside a single tool. What matters for this thesis is not only the
particular frictions but the stages at which they occur. The trace lifecycle model synthesized from
the study data provides a map of how traces evolve and where trace-aware support is best suited.
Read across its four stages, the scattered challenges participants reported resolve into a single
trajectory: a brand marker coming into being at Genesis, crossing into cross-project use at Eleva-
tion, being kept and reused at Maintenance, and accumulating into identity at Meaning-Making.
Because traces accumulate over time, a marker wrongly committed at Elevation surfaces its cost
later, at Maintenance and again at Meaning-Making.

This cumulative behavior makes Elevation the most promising place for a trace-aware system
to act. Elevation is where a single marker enters a creator’s cross-project trace and where the
temporal scope shifts. In the case of brand markers, elevation occurs deliberately on a per-
marker basis. Creators must assess each marker’s cross-project value before committing it, and
as the Elevation Palette showed, that assessment is a prediction made under uncertainty, since the
evidence that would settle it only arrives in later work. Addressing deliberate elevation practices
is thus key for making creators’ “palette of materials” more aligned with their needs [267]. The
other trace data found in this study is not deliberately elevated at all, and instead accumulates in
disparate folders and documents with no clear path into longitudinal cross-project practice.
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Both of these challenges point to a form of support I call system-supported elevation, as
opposed to user-driven elevation. By this, I mean mechanisms that carry a trace forward when
the creator will not, or cannot, do it themselves. For the first case, system-supported elevation can
take the form of trace-aware features that watch what a creator actually reuses across projects and
prompt them to elevate a recurring marker they never deliberately saved. The Elevation Palette
gestured at what that evidence might be, since the markers a creator actually reuses and the ones
they deliberately elevate may not line up. For the second case, system-supported elevation might
instead surface workflow-facing trace data, such as a note or idea list, when later work makes
it relevant, since creators could rarely tell at the moment of production which future project it
would inform. What that relevance looks like remains an open question, given how unsettled this
data’s grain is. What to elevate, when, and toward what end remains a fruitful avenue for future
trace-aware support in this area.

Meaning-Making is where this logic reaches its limit. It is the stage at which traces be-
come inseparable entities, and where feedback for creators arrives many projects later. System-
supported elevation can help ease these issues by reducing mistakes that cascade into later stages.
This does not fully address the challenges faced in Meaning-Making, however. Because the dif-
ficulty here is that no single trace can be isolated as the cause of how a body of work reads, the
support a system can offer is not corrective but reflective, surfacing the accumulated shape of
a creator’s traces back to them, so that a drift they can feel but not locate becomes something
they can at least see. How to conceptualize and model this shape is a harder and more open
design problem than elevation, and exploring how traces weave into the texture that gives rise to
meaning-making concerns will require deeper study.

None of the above findings were reachable from the Living Framework on its own. That
framework was drawn from a corpus of creativity systems that operate almost entirely within a
single project. The framework says a great deal about what a trace is made of and what a system
can do with it, but it has no way to represent what becomes of a trace over time, especially once
traces accumulate past the boundary of one project. It characterizes trace data one piece at a
time and has no account of how traces combine, yet it is their texture, the way a creator’s traces
weave into something none of them carries alone, that does the identity work that creators are
concerned with over time. The lifecycle model offers one way to begin filling that gap, as a lens
that sits between the framework’s data characteristics and its trace awareness dimensions, though
it is unlikely to be the only lens needed.

What kind of material, then, are traces? Working with them across the study, the model, and
the bits, the clearest thing I learned is that they are not a uniform material that can be treated
consistently throughout the design process. The differences between trace data found in this
study, and how they were applied in Bit 1 and 1.5, show this nuance. Traces share key temporal
characteristics and can consist of different building blocks. These differences affect the actions
a creator applies to them, the value a creator locates in them, and even what counts as a single
unit of the material. Traces, it appears, are less a single material than a material of differing
grains [294, 295], whose individual trace data weave together into a texture [238]. A brand
marker, for instance, can be seen as a coarse, discrete, artifact-facing grain a creator can name
and hold. A series of planning documents for videos, on the other hand, can be seen as fine,
diffuse, workflow-facing grain whose unit, whether a sentence, a section, or the whole file, has
no settled boundary. This difference in grain tracks how differently the two moved (or failed to
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move) through the lifecycle. Traces are therefore not a material a developer can work uniformly.
Different grains serve different goals, and each has to be handled on its own terms rather than
captured and surfaced the same way.

Working the material also showed the difference between what a single trace omits and what
it merely holds out of easy reach. The Oracle could render how consistently a marker type
recurred, since recurrence is written into the markers themselves. It could not, however, render
how much a marker mattered to the creator. But that signal is not absent from a creator’s traces so
much as absent from the grain I was reading. Reaching it is a matter of working a finer grain, not
of information the material never had. Authenticity, on the other hand, is a case of the individual
threads of the material being inadequate on their own. No richer reading of an individual trace
recovers it, because it lives in the texture: how a creator’s traces combine, in the pattern the
body of work makes as a whole. The lifecycle model let me see how individual brand marker
traces can evolve, but not how traces weave. Fully leveraging traces in system design therefore
requires studying both the varying grain of individual trace data and the texture traces form as
they combine across creative practice.

Methodologically, inspirational bits rest on the premise that a designer comes to know a
material by making something quick and partial with it by hand. However, the defining property
of a trace, that it accumulates over time, cannot be easily held in hand without first acquiring high
quality “ingredients” for the material. A material whose behavior appears only across months or
years is one that current ways of prototyping, and current ways of evaluating, are poorly equipped
to reach. Treating traces as a design material therefore asks for more ways to model the texture
traces form as they combine, and ways to work the material without waiting out the timescale
over which its value emerges.

8.7 Limitations
Though this work advances the understanding of longitudinal trace awareness and of working
with traces, it has limitations that shaped its outcomes and that future work will need to address.
The most significant of these was the lack of real longitudinal data. Traces accumulate over
projects and years, which is exactly the property I could not observe directly. Both bits ran
on a simulated catalog of three Final Cut Pro projects and ten generated variants rather than
a creator’s actual body of work, which meant I could not deploy them against creators’ own
histories or encounter them, as the method intends, with the real material. The same difficulty is
part of why the exploration centered on two bits rather than a wider set. As a consequence, most
of what I learned came from designing the bits rather than directly using them.

The formative study and the model were also limited in scope. Seven experienced creators
cannot capture the full range of video content creation, and my focus on brand markers left the
rest of creators’ trace data examined only in passing. The model reflects this same emphasis,
and the Maintenance stage in particular received less attention than the stages the bits were built
around. Eliciting trace data through interviews and walkthroughs was also limited, since much of
the trace data creators produce is difficult for them to articulate, and better elicitation techniques
will be needed before cross-project practice can be studied more fully.

Finally, I applied a method designed for multidisciplinary teams on my own, so the bits
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reflect a single designer’s conversation with the material rather than the shared understanding the
method was built to produce.

164



Chapter 9
Conclusions

In the six years of research that have gone into this dissertation, a trajectory was formed around
how we might develop tools that align with the reality of creative work. This has taken me from
developing tools to mitigate the constraints existing platforms place on creators, to asking how
we might design process-aligned tools more broadly.

My early attempts to address the challenges creators face were domain-specific, centered
on making tools that stream data as a means of circumventing known bottlenecks in existing
platforms, with a particular interest in building data pipelines for real-time rendering. With V-
Light, I did this through an edge computing architecture that offloaded pose estimation to the
edge. What I learned here is that giving a tool better data-driven capabilities can change the kind
of designs, and by extension the kind of work, a creator can do.

MARS is where I spent most of my PhD. This research arc began as an effort to open up
an ecosystem that placed heavy constraints on how creators and their audiences could interact.
Developing MARS to use live gameplay data showed how existing live data can be used for new
purposes, and in turn to reshape the relationship between a streamer and their viewers. Most
importantly, through follow-up projects, I learned that this data is never neutral, but a dynamic
material that acts as both a resource and a constraint depending on which stakeholder engages
with it. This recognition, that creators’ data is a material they value, was the turning point toward
my current trace-oriented lens.

VibeClip, similarly, was an effort to put emerging generative music models to work in a
way that suited how creators preferred to express themselves when adding music to their videos.
Building its context-aware pipeline taught me how much narrative context can be drawn from
the very artifacts creators are in the middle of making, and how that context can be used to align
a tool with the story a creator is trying to tell.

Looking back, my PhD has been a sprawling story full of its own dead ends, iterations, and
problems to solve on the way to helping creators. Reflecting on this trajectory, and my own
traces, if you will, led me to reorient my approach to creativity tool research away from building
domain-specific tools and toward studying how we can align tool behavior with the individual,
often bespoke workflows through which creators actually work.

In my latter PhD work, I examined the commonalities across the creative workflows I have
studied and formalized creative activity traces as the key construct anchoring this orientation.
Through a systematic review of 133 creativity tools, I categorized the data these tools use and
synthesized it into the Living Framework for Trace Awareness, defining trace-aware tools in the
process. My final project, a trace mapping study of longitudinal video content creation, produced
a trace lifecycle model for brand markers and, through two inspirational bits, a first account of
traces as a design material. Trace data is not uniform but comes in differing grains, and its
accumulation forms a texture in which a creator’s identity lives, one that no individual piece of
trace data carries on its own. The study also showed that Elevation, the moment trace data is
carried across projects, is a prediction made under uncertainty.
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9.1 Personal Brand and Beyond
Although the trace mapping study was scoped to personal brand in video content creation, it was
also an exploration of longitudinal trace awareness and of using traces as a design material. As
such, its findings generalize along both of these lines. The longitudinal concerns participants
described are not unique to video. Illustrators, designers, game developers, and even academic
researchers all build portfolios of work that take shape over years [27]. One of the central findings
of the trace mapping study was that a creator’s identity does not reside in any single project, but
emerges from the accumulated body of work, and this holds for any practice organized around a
portfolio.

What, then, of personal brand itself? The concept of a brand is not unique to video. Design-
ers, illustrators, and game developers often cultivate recognizable personal brands across their
portfolios. Even researchers build a recognizable scholarly identity through the questions they
return to and the ways they frame them. I described personal brand in Chapter 8 as the identity
a creator communicates through repeated aesthetic and stylistic choices, and what distinguishes
it from pure style is its orientation toward an audience; a brand is shaped as much by what a
creator believes others expect of them as by their own preferences. Brand is therefore one of sev-
eral identity-bearing qualities that matter to creators across a body of work, alongside a creator’s
style, voice, or taste. Its most relevant inward-facing counterpart is perhaps self-expression. That
is, the value a creator places on making work because they enjoy it or because it feels like their
own, regardless of how it reads to others. Participants’ accounts from the trace mapping study
suggest that brand and self-expression do not always move together. P1 browsed fonts simply
because she enjoyed it, while P5 avoided templates because they did not feel true to herself,
and the drift participants noticed in their work only in retrospect may reflect exactly this kind of
divergence between a consistent brand and a changing sense of what feels like one’s own. This
tension is unlikely to be specific to video content creation, since any creator who presents a body
of work to others must weigh the identity that work has come to signal against what they want to
make next, whether that is a designer balancing client-facing work against personal projects or
a researcher deciding whether to pursue a new interest that departs from an established agenda.
The lifecycle model does not depend on the commercial framing of brand, however. It depends
on creators deliberately carrying the same choices from one project to the next, and it is therefore
better understood as a model of how trace data accumulates into identity, with brand markers as
the instance this study followed.

Seen this way, the concerns of the Meaning-Making stage are likely to arise wherever creators
build a body of work over time. The insights on Elevation should likewise hold wherever creators
deliberately decide what to carry forward into future work, and they extend to the trace data
creators do not elevate deliberately, where system-supported elevation might surface a designer’s
discarded explorations or a researcher’s reading notes when later work makes them relevant.
What changes across domains is what kind of trace data gets elevated and how it is maintained.
An illustrator, for example, might carry forward a set of custom brushes, a designer a component
library, and a researcher a signature figure style, each kept and reused through tools particular to
its field.

The findings about traces as a material generalize in a similar way. In the trace mapping
study, brand markers were concentrated in the artifact and layout channels and were produced
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almost entirely within the video editor, while scripts, idea lists, and mood boards spread across
the reference, annotation, and feedback channels and were often produced outside it. These are
the same data characteristics the Living Framework identified across systems in eleven creative
domains, which suggests that differences in grain arise wherever trace data of different channels
and creation contexts accumulate side by side, and that the framework offers a vocabulary for
describing them in any domain. Texture generalizes for a related reason: wherever trace data
accumulates across a body of work, it interweaves into a whole that no individual piece carries
on its own. Testing these findings in other portfolio-based practices, where both the units creators
elevate and the grains of their trace data will differ, is a natural next step within the trace-aware
research agenda that follows.

9.2 Towards a Trace-Aware Research Agenda
I conclude this dissertation with a call to action: to establish a clear trace-aware research agenda
for creativity tool researchers. Such an agenda concerns how we collect, model, and evaluate
the traces that power our tools, and, critically, how we can do so responsibly, given what this
data represents about the creators who produce it. Any such agenda begins with the definition of
traces that anchors it.

Throughout this dissertation, I defined creative activity traces as the process-related data
generated as creators work, forming an evolving record of the decisions, explorations, and re-
finements that unfold over time. Treating this definition as a deliberately broad construct was
advantageous for this work. It allowed me to bring together bodies of research that had stud-
ied process data separately, and to survey how creativity tools engage with that data without
prescribing in advance how it should be structured or attended to. It also allowed me to begin
working with traces directly as a material before settling what does or does not count as a trace.
That breadth, however, left several decisions about the nature of traces to be made in the course
of the work itself. The most fundamental of these is that trace data becomes part of a trace only
as it accumulates over time, a commitment that runs through every chapter and that I consider
non-negotiable in future work involving traces and trace-aware development.

A trace-aware research agenda, as well as any future set of best practices for building trace-
aware tools, will require more precision than this broad working definition. However, that pre-
cision, I argue, is unlikely to come from a binary definition that sorts data into what is and is
not part of a trace. In principle, a creator’s traces encompass everything involved in producing
their work, from low-level interaction logs and cursor coordinates to the drafts, references, and
decisions that accumulate across a body of work. What differs is how much of that record, and
at what granularity, a system or a researcher can meaningfully leverage. Precision therefore de-
pends less on drawing a single boundary around traces than on being explicit about which part
of the trace a given study or system engages, at what granularity, over what span of time, and for
what purpose. Developing ways to make these choices explicit is a central aim of the trace-aware
research agenda I lay out in the remainder of this chapter.

I first discuss the short-term agenda that is an immediate follow-up to my previous work.
This is followed by what I find to be the most pressing direction for the community to chart:
creating a trace-aware research toolkit, grounded in an account of trace ethics. Finally, I discuss
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future applications of trace-aware tools beyond the domains investigated here.

9.2.1 Framework Refinements
The Living Framework for Trace Awareness I introduced in Chapter 7 was built to describe trace
usage in existing single-project systems, and the longitudinal study in Chapter 8 exposed where
it needs to grow. Several of its dimensions warrant sharpening. The channel dimension, for one,
could be renamed and restructured to better denote the different grains within the trace material.
The distinction between artifact-facing trace data, such as brand markers, and workflow-facing
trace data, such as video planning documents, can be captured cleanly at the level of data charac-
teristics, but its consequences are not carried through to the trace awareness dimensions, where
a dimension like trace functions does not yet reflect how differently these two kinds of data be-
have. Refining the existing dimensions so that they accommodate shifts in temporal scope is a
further necessary step, without which longitudinal traces cannot be properly incorporated into
the framework.

The deeper limitation Chapter 8 exposed is that the framework does not model how trace
data evolves into traces, offering instead the building blocks of data characteristics on one side
and trace-aware feature possibilities on the other. Accounting for how trace data evolves into
traces, and how those traces weave together into a texture, is the missing intermediate layer in
our understanding of traces. This includes refining the trace lifecycle model from Chapter 8 to
understand individual trace evolution, and also modeling how different traces interrelate over
time. Closing this gap will require multiple lenses for modeling traces and their relationships,
rather than a single one. Because traces encompass data that can be meaningful at very different
granularities, such as a sequence of clicks within a single editing session versus a series of videos
published across a long-running YouTube channel, each lens is best understood as attending to
a particular part of the trace for a particular goal. The trace lifecycle model is one such lens,
following brand markers at the cross-project scope in order to understand how they accumulate
into a creator’s identity. Linkography and its recent computational extension, Fuzzy Linkogra-
phy, offer a lens at a much finer granularity, representing a creative process as a structure of links
between individual moves rather than a set of isolated actions [117, 259]. Behavior Latticing
[341] offers another source of inspiration for modeling how different trace data relate. It infers
identity and motivation from behavioral traces, however, a larger interpretive leap than linkog-
raphy’s structural summaries, and it was developed for personal-AI user modeling rather than
creativity tools, so it is best treated as adjacent-domain evidence rather than a method to adopt
directly.

9.2.2 Trace-Aware Research Toolkit
A key argument of this dissertation is that researchers need to engage deliberately with traces
throughout the research process. In this sense, trace awareness is not only a property of the tools
we build, but also a stance that researchers, tool builders, and creators can take toward the traces
that creative work produces. The work in Chapter 8 was a firsthand attempt at that engagement,
and its lessons point toward a methodology. My work studying and building with traces made
clear that specialized methods are needed to do this. To engage with traces this way, we need
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methods to elicit traces from creators, to model them, to design with them, to develop systems
around them, and to evaluate the tools that result.

For elicitation, better methods are needed, since the interviews and walkthroughs I relied
on in Chapter 8 were poorly suited to surfacing trace data that creators themselves struggle to
articulate. Participatory methods such as journey mapping and co-mapping with creators, and
in-situ methods such as experience sampling that pair logs with in-the-moment explanations, are
promising starting points.

For modeling, the Living Framework and the lenses described above offer a starting point
for characterizing and comparing traces. For design, a deliberate engagement approach works
bottom-up, starting from traces rather than features, and calls for generative frameworks that
connect feature behavior to trace data. To develop future trace-aware tools, we need scalable
trace-aware data pipelines that would make trace-aware features practical to build. A critical
aspect of the toolkit that was not addressed in this dissertation is evaluation. The field has almost
no way to isolate a trace and measure its effect on a system or a creator. One path is akin
to an ablation study: holding a feature fixed while swapping in trace data of different grains,
or accumulations with different textures, and observing what changes. Establishing metrics,
evaluation frameworks, and simulation or experimental designs for doing so is essential. Taken
together, these pieces begin to form a trace-aware research methodology and a systematic way to
conduct creativity tool research in this space while keeping traces at the center.

9.2.3 Trace Ethics

None of the above should be pursued without an intentional account of what I call trace ethics.
Traces are intimate creator data, intertwined with the people who produce them, and those cre-
ators already feel their work and livelihoods under threat. This concern is not hypothetical: most
systems in the Tracing Creativity review did not make clear what they captured or how it was
used. Collecting creator data is now almost trivial, but the trace-aware future I advocate for is
a pro-creator one, with consent, ownership, and control built in. This means using traces inten-
tionally and within a genuine ethical structure.

This includes meaningful user control over what is captured and how it is used, customizable
rather than blanket trace collection, and a habit of interrogating capture itself by asking, for any
trace-aware feature, when we should collect, what we should collect, for what purpose, and at
what cost. Answering those questions well will mean working with creators and developers
to build real ethical frameworks around ownership, consent, and power, rather than prescribing
them from the outside.

9.2.4 Future Applications

Finally, trace awareness has the potential to reach well beyond the creative communities this
thesis studied. The trace lifecycle model should offer some purchase wherever identity accretes
across projects, including not only other creative media but writing, software and game devel-
opment, data visualization, and more. Two shifts make this reach pressing rather than merely
possible. As generative systems absorb more of the creative pipeline, agent experience design
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becomes a trace-aware problem in its own right, one that calls for trace-aware user profiles, adap-
tive agent behavior grounded in a creator’s history, and ways of disentangling a human’s traces
from an agent’s. The same orientation can also be turned on agents themselves, treating what
an agent does as traceable activity that could support transparency in human-agent collaboration.
As creative work grows more collaborative, trace awareness may help translate across disciplines
and hold a shared body of work together, provided it does so without collapsing collaboration
into hyper-individualized workflows. Across all of these, the through line is the question this
dissertation began with. Traces are how we keep the creator visible in the systems we build, and
designing those systems around traces is how we ensure the tools of the future align with the
reality of creative work, supporting creative practice rather than merely its outputs.
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Streams with enhanced communication channels: A case study. In Proceedings of the
2017 CHI Conference on Human Factors in Computing Systems, CHI ’17, pages 1571–
1576, New York, NY, USA, May 2017. Association for Computing Machinery. 5.1, 5.2.2,
5.4, 5.5, 5.5, 5.5

[174] Pascal Lessel, Alexander Vielhauer, and Antonio Krüger. CrowdChess: A system to in-
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