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Abstract

Training data attribution seeks to identify which training examples are most re-
lated to a model prediction or user query, yet applying attribution methods to modern
foundation models practice often brings difficulties to users as such methods could
be computationally expensive, method-specific, and hard to inspect within a single
analysis process. This thesis presents an interactive framework for training data
attribution that combines live query computation with precomputed training-side
reference representations, enabling users to retrieve, compare, and interpret ranked
training examples for live queries or selected validation examples within a unified
workflow. The framework centers on gradient-based attribution methods, including
gradient similarity, Datalnf-style influence approximation over projected gradient
features, LESS-style low-rank gradient matching, and LoGra-style features. It also
supports multi-query analysis through score aggregation and comparative inspection
across methods, allowing attribution to be analyzed as a workflow rather than as an
isolated score. Demonstrations are conducted on public question-answering datasets
with Pythia-family models, on a multimodal driving-video setting with Qwen3-VL,
and on a medical-domain setting that extends the framework to private and domain-
specific data. This thesis shows that training data attribution becomes substantially
more useful when it is treated not only as a scoring method, but as a practical work-
flow for querying, comparing, and interpreting training examples across models,
methods, and datasets.
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Chapter 1

Introduction

1.1 Background and Motivation

Foundation models have changed how machine learning systems are developed and reused. A
single pretrained model can support a wide range of downstream tasks, and closely related mod-
eling ideas now span language, vision, multimodal reasoning, and domain-specific settings. As
these models become more capable, they also become more difficult to analyze in terms of the
training examples that shape their behavior. In many settings, users are not satisfied with only
the output of a model. They also want to understand which training data appear most related
to a prediction, a retrieved response, or a model behavior that deserves further inspection. This
question appears naturally in model debugging, dataset curation, data valuation, and the analysis
of factual or task-specific knowledge in large models [23, 13,18} 1}, 31].

Training data attribution provides one way to answer that question. At a high level, it con-
nects a model output or query to the training examples that are most relevant to it under an
attribution rule. Classical influence-based methods remain a central reference point in this liter-
ature because they formalize how a training example affects model parameters and downstream
predictions [23]]. Later work has expanded this direction toward methods that are more suitable
for modern foundation models, including projected-gradient methods such as TRAK, efficient
influence approximations such as Datalnf, targeted data-selection methods such as LESS, and
low-rank approaches such as LoGra 31,26, 41, 8]]. Atthe same time, recent work has shown that
attribution is not confined to one algorithmic family. In-context probing, for example, can track
gradient-based attribution under suitable similarity conditions, which broadens the methodolog-
ical landscape and makes comparison between attribution methods especially important [21]].

The importance of attribution also extends beyond post-hoc explanation. In data valua-
tion and data pricing, attribution-style scores can influence concrete decisions about which data
should be selected, purchased, or prioritized for training. Recent work on fairshare data pric-
ing, for instance, uses valuation methods such as BM25, InflIP, and Datalnf to guide purchasing
decisions in simulated large-language-model data markets [43]]. Such applications make the in-
terpretability of attribution rankings more important. If attribution scores support data curation or
valuation decisions, then users need to understand not only aggregate outcomes, but also which
examples are being surfaced by each method and how those rankings differ.
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These developments have made attribution more practical, but they have also exposed a dif-
ferent limitation. In many projects, attribution is still treated mainly as a backend computation. A
method may produce a ranking over training examples, yet that ranking often lives in a method-
specific script, notebook, or offline artifact store. Researchers may still need to rebuild workflows
by hand in order to issue live queries, compare methods on the same input, inspect agreement
near the top of a ranking, or move from a text setting to a multimodal or domain-specific one.
The usefulness of attribution therefore depends not only on the scoring rule, but also on whether
the result can be queried, compared, and inspected in a consistent way.

This practical gap becomes sharper for modern foundation models. Large models and large
training sets make attribution expensive enough that the training side and the current input are
often handled differently. Training-side representations are commonly precomputed, projected,
and stored, while live inputs still need to be processed when the user asks a new question. Con-
temporary use cases also increasingly involve heterogeneous data. A framework that works only
for short text examples is less useful when users need to inspect video clips or structured medical
records. The challenge, then, is not only how to define an attribution score. It is how to turn
attribution into a coherent workflow that supports live use, method comparison, and extension
across settings.

This thesis is motivated by that challenge. It takes the view that training data attribution be-
comes substantially more useful when it is embedded in a framework for querying, comparison,
and inspection across models, methods, and data types. This perspective shifts the emphasis
from isolated rankings toward operational workflows. It also matches the way attribution is used
in research practice: as a tool for understanding why particular training examples surface, how
methods differ, and what those differences reveal about model behavior.

1.2 Overview

This thesis presents an interactive framework for training data attribution in foundation models.
The central idea is straightforward: attribution should be exposed as a workflow rather than as
a standalone score. The framework therefore combines live query computation with precom-
puted training-side reference representations, and uses that structure to support ranked retrieval
of related training examples, side-by-side comparison of attribution methods, overlap analysis,
multi-query aggregation, and inspection of results through a shared interface. Within this design,
a user can issue a live query or select an existing validation example, compute attribution un-
der a chosen method, and inspect the resulting training examples in a form that supports further
reasoning rather than one-off score reporting.

The framework focuses on gradient-based attribution methods suitable for modern founda-
tion models. Its method layer includes gradient-similarity approaches together with a Datalnf-
style influence approximation, LESS, and LoGra [26] 41} [8]. These methods are valuable not
only because they produce rankings, but also because they reveal different notions of training-
example relevance. Some highlight direct gradient alignment, some reflect low-rank or projected
representations, and some behave more like efficient influence approximations. Bringing them
into one framework makes their relationships visible: agreement can be inspected, disagreement
can be interpreted, and method-specific behavior can be studied under the same user interaction
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model.

A second focus of the thesis is breadth across settings. The framework is developed and
demonstrated on public text question-answering datasets with Pythia-family models, on a mul-
timodal driving-video setting with Qwen3-VL, and on a medical-domain pathway built around
codified EHR data and the CatchFM-160M model [37]. Together these settings show that the
same framework logic can support public text tasks, multimodal video records, and domain-
specific assets. That breadth matters because attribution workflows often break when data for-
mats, model interfaces, or result displays change. A framework that remains usable across these
differences is more valuable than a method-specific pipeline tied to one benchmark.

The thesis evaluates the framework primarily through workflow demonstrations and qualita-
tive analysis rather than through a claim that one attribution method is universally best. The re-
sults show how users can inspect single-method rankings, combine several queries through score
averaging, compare methods using full-ranking and top- K agreement, and examine returned ex-
amples across text, video, and medical settings. Additional runtime estimates show that, once
reference artifacts are prepared, the interactive workflow can be used on a single workstation-
class GPU. Preliminary user feedback further supports the central design direction: users found
example-level inspection and comparison mode useful, while also identifying concrete improve-
ments for metric explanation, score calibration, validation search, and method onboarding.

Taken together, the thesis advances a workflow-oriented view of training data attribution.
It shows that attribution becomes easier to use, compare, and interpret under a framework that
supports querying, aggregation, comparison, and modality-aware inspection across settings that
would otherwise remain disconnected.






Chapter 2

Related Work

Research on training data attribution spans several neighboring literatures, and those literatures
do not always use the same language or pursue the same objective. In one line of work, the
goal is contributive attribution: identifying which training examples shaped a model prediction,
generation, or behavior. In another, the goal is data valuation: estimating the utility of a datum or
subset for model performance, data selection, or data pricing. In language-model applications,
similar questions also appear as fact tracing, knowledge provenance, and training-data selection.
A useful starting point is therefore to separate evidence attribution for generated claims from
contribution attribution over training data. Worledge et al. argue that the word attribution has
become overloaded in the language-model literature, where it may refer either to external evi-
dence for a statement or to the contribution of training examples to model behavior [39]. This
thesis focuses on the latter problem: relating model behavior back to training examples and
making that relationship inspectable through a shared workflow.

That framing matters because the practical demands of training data attribution differ from
those of citation or evidence attribution. A contributive attribution method must define what it
means for a training example to matter to a prediction, approximate that quantity at a tractable
cost, and surface the resulting relationships in a form that users can inspect. For modern founda-
tion models, these three requirements are tightly coupled. The core challenge is no longer only to
derive an attribution score, but also to make that score usable across large models, large datasets,
and heterogeneous inputs. The literature has responded to this challenge along several axes: clas-
sical influence-function analysis, scalable gradient-based approximations, data-selection meth-
ods, proxy methods such as in-context probing, provenance-oriented evaluation, and interactive
attribution tools [23} (33, 31, 26, 41, |8, |27]. The present thesis sits at the intersection of these
directions. It studies how attribution becomes more useful when several method families are
exposed through a common interactive framework.
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2.1 Training Data Attribution as a Problem

2.1.1 From local influence to data value

The classical formulation of training data attribution is instance influence. Koh and Liang adapt
influence functions from robust statistics to modern supervised learning and ask how model
parameters, and consequently a target prediction, would change if a training example were in-
finitesimally upweighted [23]. This framing remains foundational because it gives training data
attribution a counterfactual interpretation: a point is influential when changing its role in train-
ing would change the target behavior. The attraction of this view is conceptual clarity. It ties
attribution directly to training dynamics rather than to surface similarity or post-hoc plausibility.

A second strand broadens the problem from local influence on one prediction to the value of
data more generally. Data Shapley defines the value of a training example through its marginal
contribution across subsets of the dataset, importing the axiomatic language of cooperative game
theory into machine learning [13[]. Datamodels move in a different but related direction by asking
whether one can learn a function that maps training-set composition to model behavior on a fixed
target point [[18]. These works are not interchangeable with influence functions, but they make
two ideas explicit that remain important throughout the attribution literature. First, attribution is
not only about explanation after the fact; it is also about understanding how data governs model
behavior. Second, the same methodological machinery can support several downstream goals,
including debugging, data curation, model criticism, and efficient retraining.

This broader view naturally connects training data attribution to data selection. The language-
model community has increasingly treated data selection as a first-class problem, especially in
settings where the available training pool is much larger than what can be used efficiently. Al-
balak et al. survey this space and organize methods ranging from rule-based filtering to model-
aware selection [2]. Within that landscape, some methods estimate the utility of data through
explicit interaction with the target model, while others learn proxies for those utilities. DsDm
uses datamodels to cast dataset selection as an optimization problem over target tasks rather than
as heuristic filtering by human notions of quality [10]. MATES goes further toward dynamic
model-awareness by repeatedly estimating local data influence and training a small influence
model to predict useful data for the next stage of pretraining [42]]. These papers address different
stages of the training lifecycle than the present thesis, but they share a common premise: useful
data analysis depends on understanding how candidate examples affect later model behavior.

2.1.2 Attribution in foundation models

Foundation models changed the scale and meaning of attribution. In smaller supervised mod-
els, one can often speak about the effect of a training example on a single prediction without
much ambiguity. In foundation models, the same training example may affect a wide range of
behaviors, and the relevant target can be a generated sequence, an answer, a latent representa-
tion, or a downstream capability. The attribution problem therefore becomes less local and more
behavioral. TRAK makes this point explicitly by defining the goal as tracing model behavior
back to training data rather than only explaining one scalar loss value [31]]. This broader framing
is useful for a thesis on workflow-oriented attribution because it fits how practitioners actually
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use attribution results: not as a final causal verdict, but as evidence for understanding model
behavior.

Language models also sharpen the distinction between causal contribution and explicit sup-
port. A model may answer a factual question because it encountered a sentence that directly
states the fact, but it may also rely on examples that reinforce a relation type, an entity pattern,
or a distributional prior. Fact tracing work makes this issue concrete. Akyiirek et al. formulate
the task of tracing a model assertion back to the training examples that supplied its evidence and
show that both gradient-based and embedding-based methods still leave substantial headroom
on this problem [1]. Their benchmark is especially important because it reveals that retrieval of
explicit supporting passages and attribution of causal contribution are related but not identical
tasks. This distinction recurs throughout the literature and motivates the use of lexical retrieval
as a contrast method rather than as a replacement for gradient-based attribution.

2.1.3 Training data provenance and evaluation difficulties

A large part of the modern language-model attribution literature is motivated by provenance
rather than by standard supervised explanation. At pretraining scale, gradient-based influence
can recover examples that appear causally relevant to a prediction, even when those examples
do not literally state the fact in the most direct way [7]. This suggests that provenance has
multiple layers. Some retrieved examples are evidential because they contain explicit supporting
information. Others are influential because they reinforce a concept, entity, reasoning pattern, or
relation that supports the model behavior indirectly.

Evaluation remains difficult for the same reason. A method may retrieve training examples
that are useful for understanding a prediction even when those examples would not be judged as
citations or evidence in the conventional sense. Conversely, examples that are lexically close to a
target may not be the ones that most shaped the model’s behavior. Recent attribution benchmarks
emphasize this tension and show that automatic attribution evaluation remains challenging even
when the target is framed as evidence support rather than contributive influence [28]]. This moti-
vates workflows that let users inspect competing notions of relevance instead of collapsing them
into a single correctness label.

2.1.4 Attribution, selection, and data markets

The connection between attribution and pretraining data selection has become stronger in re-
cent work. QuRating approaches data selection through model-assisted judgments of document
quality [38]], while DsDm and MATES use learned or approximated influence signals to select
training subsets that improve downstream performance [10, 42]. These methods are not direct
substitutes for per-query attribution. They optimize training corpora at a coarser level and usu-
ally target aggregate model quality or specific downstream tasks. Still, they demonstrate that
influence-like signals can guide training decisions at scale. Attribution is therefore not only a
post-hoc analytic instrument; it also participates in training-time decision making.

A related question is what kinds of training examples support emergent behaviors such as in-
context learning. Studies on supportive pretraining data show that certain pretraining examples
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appear especially helpful for later in-context learning ability [[15]]. This is not the same as per-
example attribution for a target query, but it reinforces the broader claim that model behavior and
training-data composition are tightly coupled. It also highlights why connecting behaviors back
to training data is valuable even when the immediate goal is not to score one target output.

Data valuation has also been connected to economic mechanisms for LLM training data.
Fairshare Data Pricing proposes a framework in which buyers use data valuation methods to
decide which training examples to purchase, while sellers set prices based on anticipated buyer
demand [43]. Its empirical studies use tasks such as MathQA, MedQA, and PIQA and compare
valuation methods including BM25, InflIP, and Datalnf. This line of work is relevant because
it shows that attribution scores can influence concrete decisions about training-data acquisition.
At the same time, such work typically reports aggregate outcomes such as buyer utility, model
performance, or cost-performance tradeoffs. An interactive attribution framework provides a
complementary view by making the underlying rankings inspectable at the level of individual
queries and returned training examples.

2.2 Gradient-Based Attribution Methods

2.2.1 Classical and first-order methods
Influence functions

Influence functions remain the canonical starting point for gradient-based attribution. They es-
timate how a training point would change a target prediction through its effect on the learned
parameters, typically via a Hessian-inverse—gradient product [23]]. The conceptual strength of
influence functions is that they approximate the leave-one-out or upweighting counterfactual
that attribution would ideally answer. The practical weakness is that they depend on second-
order information that is difficult to estimate accurately in large, non-convex neural networks.
As a result, influence functions have often been more valuable as a conceptual template than as
a directly deployable method at foundation-model scale.

That tension did not disappear in the era of large language models. Grosse et al. show that
influence functions can still reveal substantial structure in large-model generalization, including
sparsity in influence patterns and qualitative differences across behaviors, but doing so requires
careful approximations to curvature and nontrivial engineering to make the computation fea-
sible [14]. Their work is an important reminder that the limiting factor in attribution is often
not whether the idea is meaningful, but whether the required approximations and infrastructure
preserve enough fidelity to remain interpretable.

Gradient trajectories and checkpoint-based approximations

A major practical alternative to explicit Hessian inversion is to use the training trajectory itself.
Tracln estimates the influence of a training example on a target by tracking how the target loss
changes along gradient descent when that example is seen, approximated through gradient in-
ner products at saved checkpoints [33]. This idea is important for two reasons. First, it shows
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that useful influence estimates can be obtained without explicit second-order computation. Sec-
ond, it frames attribution as something that can piggyback on ordinary training artifacts such as
checkpoints and gradients, a design principle that later scalable methods continue to exploit.

The appeal of checkpoint-based approximations is especially clear in modern deep learning,
where exact counterfactual retraining is infeasible but gradient information is already part of the
training process. Tracln therefore occupies a key middle ground: it preserves a direct connection
to optimization while remaining implementable with standard training pipelines. This lineage
suggests a natural division of labor between expensive offline artifacts and lightweight scoring
on a current query.

2.2.2 Scaling gradient attribution to foundation models
Projected-gradient methods

TRAK is a landmark in the large-scale attribution literature because it changes the practical unit
of computation. Instead of operating directly on full per-example gradients, TRAK uses random
projection and after-kernel approximations to obtain compressed training-side representations
that can be reused across queries [31]. Conceptually, this is a major shift. It turns attribution
from a computation that must be repeated from scratch into one that can be organized around a
precomputed reference store.

TRAK is also important because it shows that random projection is not merely a memory
trick. It is part of a broader rethinking of how attribution should be executed at scale. Once the
reference side is compressed into reusable representations, attribution begins to look more like
retrieval over a specialized feature store. That perspective has shaped much of the later work in
scalable attribution.

Datalnf and efficient influence under parameter-efficient tuning

Datalnf develops a different route to scalability. Rather than building a general projected-
representation framework, it derives a closed-form approximation to the influence function that
is especially well suited to LoRA-tuned models [26]. The method exploits the structure induced
by parameter-efficient fine-tuning, where the trainable space is dramatically smaller than the full
model. This is a particularly important development for foundation models because LoRA-style
adaptation is now standard in many downstream pipelines [[17]. Once fine-tuning is confined to a
low-rank parameter subspace, attribution can target that same subspace rather than the full dense
model.

The significance of Datalnf is both algorithmic and representational. Algorithmically, it of-
fers an efficient approximation to influence. Representationally, it aligns attribution with the
parameter geometry of modern fine-tuning. For a system that compares attribution methods un-
der one interface, this means Datalnf is not simply another similarity score; it encodes a distinct
view of where influence should be measured.



LESS and targeted instruction tuning

LESS addresses attribution from the perspective of targeted instruction tuning. Its key question is
not only which examples influenced a given prediction, but which instruction examples should be
selected so that a model acquires a desired downstream capability [41]]. The method combines
a warmup model, optimizer-aware influence approximations, and a low-dimensional gradient
datastore that can be searched using gradient similarity to a few-shot validation set. This makes
reusable gradient stores central to the method rather than incidental to the implementation.

LESS also sharpens the connection between attribution and data selection. Many attribution
papers stop at ranking training points for explanation. LESS uses the ranking to select a small
subset of instruction data that can outperform training on the full set for targeted skills. That
framing shows why access to attribution rankings is useful: rankings are often most valuable
when they become part of a larger workflow of inspection, comparison, and downstream decision
making.

LoGra and low-rank gradient projection

LoGra, introduced in the context of LLM-scale data valuation with influence functions, tack-
les the storage and throughput bottleneck of gradient-based attribution by exploiting low-rank
structure in backpropagation [8]. Instead of treating projection as an external compression step
alone, the method is motivated by the internal structure of gradients in large transformer layers.
The accompanying LogIX software package is also notable because it lowers the implementation
barrier for influence-style data valuation by helping convert ordinary training pipelines into data
valuation pipelines.

This line of work makes clear that scalable attribution is partly a software problem. A method
may be theoretically appealing, but it becomes practically useful only when its gradient collec-
tion, storage, and scoring can be integrated into a reusable system. LoGra therefore belongs
not only to the literature on low-rank gradient methods, but also to the emerging literature on
attribution tooling.

2.3 Proxy and Non-Gradient Approaches

2.3.1 Retrieval-based contrasts
BM25 and lexical support

BM25 remains an important reference point in the attribution literature. As a probabilistic re-
trieval baseline, it is model-agnostic and depends only on lexical matching between the target and
candidate examples [34]]. On the surface, that seems much weaker than gradient-based attribu-
tion. Yet in fact tracing and provenance settings it can perform competitively, or even outperform
neural attribution methods, when the goal is to find explicit passages that state the relevant fact
[1,7]. This is not an argument against gradient-based attribution. It shows that lexical support
and causal contribution are distinct, and that a useful framework should make their difference
visible.
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Why retrieval still matters

The persistence of retrieval baselines is especially important for a system thesis. If a framework
only exposes one method family, users cannot tell whether a retrieved training example surfaces
because of model-conditioned influence or because of ordinary lexical similarity. A retrieval
baseline provides a strong non-gradient contrast for precisely that reason. It anchors interpre-
tation. When BM25 and a gradient method agree, the result may reflect direct textual support.
When they disagree, the disagreement itself becomes informative.

2.3.2 In-context and prompt-based proxies
Prompt retrieval and demonstration selection

Researchers have also studied how to choose demonstrations or candidate examples for in-
context learning. Rubin et al. learn to retrieve prompts for in-context learning [35]. Iter et
al. propose cross-entropy difference for in-context demonstration selection [19]]. Nguyen and
Wong connect demonstration selection more directly to influence by using influence-style ideas
to guide example choice [30]. These works are not training data attribution in the strict contribu-
tive sense, but they are strongly adjacent. They all ask how a small set of examples should be
matched to a target input so that the model behaves better on that target.

In-context probing as proxy attribution

The closest connection between this line and gradient-based attribution is the in-context probing
literature. Jiao et al. show that in-context probing can act as a fast proxy for gradient-based
data attribution when task type and content similarity between candidate data and the target
task are sufficiently aligned [21]]. Their analysis is especially relevant to this thesis because it
focuses on ranking agreement rather than on replacing one method family with another in the
abstract. The result is nuanced: in-context probing is not a universal substitute for gradient-
based attribution, but it can track gradient-based rankings in appropriate domains and offers a
computationally lightweight point of comparison. That is precisely the kind of relationship a
comparison framework should be able to surface.

2.4 Attribution Beyond Standard Text Benchmarks

2.4.1 Multimodal foundation models
Vision-language and video models

Recent open multimodal models such as LLaVA and Qwen3-VL demonstrate that instruction-
following and reasoning now extend beyond text into images and video [29, 4]]. These models
accept heterogeneous inputs, combine visual encoders with language backbones, and increas-
ingly support long-context video understanding. From the perspective of attribution, this change
is significant. The object being attributed is no longer always a short text sequence, and the
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returned training examples may themselves be media-rich objects such as clips or interleaved
multimodal records.

Implications for attribution workflows

Many attribution systems still assume a comparatively homogeneous interface: text input, text
output, and ranked text examples. Multimodal models complicate every stage of the pipeline.
Query construction may involve frame sampling or multimodal prompting. Reference artifacts
may target only a parameter-efficient subset of the model. Retrieved examples may need to
be rendered as media rather than read as text. This is one of the reasons why an attribution
framework should be discussed not only in algorithmic terms, but also in workflow terms. A
method that is conceptually valid but unusable for multimodal inspection remains of limited
practical value.

2.4.2 Healthcare and EHR foundation models

From sequential risk models to EHR foundation models

Healthcare provides another setting where standard text assumptions break down. Earlier mod-
els such as RETAIN and StageNet showed that temporal structure, visit order, and event history
are essential in longitudinal clinical prediction [9, [11]. More recent work has moved toward
foundation-model-scale pretraining on structured or semi-structured patient timelines. NYUTron
trains health-system-scale language models for diverse clinical prediction tasks [20]. Foresight
models patient timelines with a generative transformer over biomedical concepts and free-text-
derived coded events [25]. MOTOR adopts a time-to-event foundation-model perspective for
structured records [36]. EHRSHOT adds a public benchmark and few-shot protocol for struc-
tured EHR foundation models together with a released pretrained model [40]. Taken together,
these papers show that the foundation-model paradigm has already moved into longitudinal
healthcare records.

Benchmarks and cancer risk prediction

Domain-specific prediction tasks then build on this broader EHR foundation-model landscape.
Placido et al. show that disease trajectories in health records can be used to predict pancreatic
cancer risk [32]]. More recently, CATCH-FM studies large-scale EHR pretraining for cancer pre-
screening and shows that code-based healthcare foundation models can support strong cancer
risk prediction and cross-system transfer [37]. These papers are not primarily about training
data attribution, but they matter for the present thesis because they motivate why an attribution
framework should support structured, coded, and domain-specific settings rather than only public
text tasks. In healthcare, the usefulness of attribution depends heavily on whether retrieved
examples preserve chronology, coding structure, and patient-history context in a readable form.
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2.5 From Methods to Workflows

2.5.1 Interactive attribution tools

Compared with the large literature on attribution algorithms, the literature on interactive attri-
bution tools is still small. LLM Attributor is a notable example: it provides interactive visual-
izations for training data attribution of language-model generations and lets users compare how
attribution changes across selected phrases or edited outputs [27]. Chang et al. also release a
web-based visualization tool for exploring influential examples at pretraining scale [/]. These
works show growing recognition that attribution is most useful when it can be explored, com-
pared, and inspected rather than only reported as a ranked list in a static table.

At the same time, many existing tools remain method-specific, model-specific, or text-only.
They are valuable demonstrations, but they do not yet amount to a general workflow layer
across attribution methods and heterogeneous data settings. This is where the present thesis
is positioned. The literature already offers rich algorithmic ideas for gradient-based attribution,
efficient approximations, proxy methods, provenance evaluation, data selection, and domain-
specific foundation models. What is rarer is a framework that brings several of these ideas into
one interactive environment and lets users compare them across public text tasks, multimodal
video, and a medical record setting. Therefore, what remains underdeveloped is the workflow
layer that connects these methods and settings in a shared interactive system. This thesis takes
that layer as its focus.
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Chapter 3

Design and Setup

3.1 Framework Formulation

Training data attribution is often introduced as a method for assigning a relevance or influence
score to each training example with respect to a model output. In practice, however, attribution
is most useful when it can be queried, compared, and inspected repeatedly under a common in-
teraction model. The framework developed in this thesis is designed around that observation.
Rather than treating attribution as an isolated offline computation, it exposes attribution as an in-
teractive workflow in which a user selects a dataset, a model, and a method, submits one or more
queries, and receives ranked training examples together with comparison-oriented summaries.

For a selected dataset-model pair, let the training set be Dy = {2;}Y,. Given a query ¢
and attribution method m, the framework assigns each training example a score

s(@) = Y (6m(@)s pm(z:)) . i€ {1,..., N}, 3.1)

where ¢,,(q) denotes the representation computed from the current query, p,,(z;) denotes the
stored reference representation for training example z;, and v,,, is the method-specific matching
rule. The ranking returned to the user is the ordering induced by {sgm) (q)}¥,. This formulation
is broad enough to cover lexical retrieval, gradient similarity, influence-style approximations,
and low-rank methods while keeping the system interface stable.

The same formulation also accommodates the two main entry points of the framework. In
live-query mode, ¢ is constructed directly from user-provided input. In selected-point mode,
q is derived from one or more validation examples that already exist in the dataset browser.
Both routes lead to the same scoring pipeline: the current query is normalized into a method-
compatible form, a score vector over the training set is computed, and the highest-ranked training
examples are displayed for inspection.

A distinctive feature of the framework is support for multiple input queries within the same
request. If a user provides a set of queries @ = {qi,...,qu}, the system computes one score
vector per query and averages them elementwise,

1
5M(Q) ==Y s (q)), (3.2)

M
M 4

Jj=1
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then ranks the training set by Egm)(Q). The averaging takes place over scores rather than over
rank positions. This detail matters because it makes multi-query attribution a genuine analytical
operation: the resulting ranking reflects consensus at the level of the scoring rule itself.

The framework is equally centered on comparison. When two methods m, and m;, are ap-
plied to the same query, the system compares their resulting rankings through agreement mea-
sures that emphasize both global rank structure and overlap among the most highly ranked train-
ing examples. Given the top-K sets TopK,, (¢) and TopK,, (q), the framework reports

{Tomea (¢) N TopK,,, (q) |

JaccardQK = )
|TopK,,, (¢) U TopK,,, (q)|

(3.3)

and it computes Spearman correlation over rank positions on the common training-point index
set. These comparison operators are built into the framework because attribution is often most
informative when different methods are applied to the same example under the same conditions.

A final principle underlying the formulation is the separation between the current query and
the training corpus. Modern attribution methods, especially gradient-based ones, are too expen-
sive to rebuild the training side from scratch for every interaction. The framework therefore
computes the representation of the current query live, while storing training-side reference rep-
resentations offline. This hybrid organization keeps the interface interactive while preserving the
structure required by gradient-based and low-rank attribution methods.

3.2 System Architecture and Execution

The framework is implemented as three cooperating services: a browser frontend, an API back-
end, and a GPU attribution backend. This separation keeps interaction, orchestration, and model-
specific scoring distinct, while preserving a single user-facing system. Figure summarizes
the main components. The figure is intentionally simple: the essential design is that the fron-
tend collects user requests and displays results, the API backend coordinates requests and post-
processing, and the GPU backend performs model-side attribution computation against precom-
puted reference artifacts.

The frontend is the interactive surface of the framework. It presents dataset, model, and
method selectors; supports both live-query input and selected validation points; and renders
ranked training examples together with comparison results, histograms, and modality-aware me-
dia. The frontend is intentionally thin. It does not load model weights, training-side reference
stores, or method-specific attribution logic. Its role is to collect structured requests and display
returned outputs in a readable way.

The API backend is the coordinating layer. It exposes the catalog of available datasets, mod-
els, and methods; handles validation-point pagination; transforms frontend inputs into normal-
ized internal requests; sends scoring requests to the GPU backend; aggregates score vectors in
multi-query mode; computes overlap and correlation summaries; and formats the results returned
to the frontend. This layer is central to the framework design because it keeps the user interac-
tion model stable even when the underlying models and attribution methods differ substantially.
Without this middle layer, each modality and each method would require separate handling in
the frontend.
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Figure 3.1: An illustration of the interactive data attribution framework.

The GPU attribution backend performs model-specific scoring. Given a normalized request,
it loads the selected model family, constructs the representation for the current query, retrieves
the appropriate training-side reference store, computes a full score vector over the training set,
and returns that vector to the API backend. The computation required at this stage depends
strongly on the selected method. BM25 requires only text statistics over the reference collection.
Gradient-based methods require a live forward-backward pass for the current query together with
stored training-side gradient representations. Low-rank methods rely on corresponding low-rank
reference stores. The same execution contract nevertheless holds across these cases: the backend
returns one scalar score per training example.

The runtime path through the system is therefore consistent. A request begins in the frontend
with a dataset, a model, a method, and either a live query or a selected validation example. The
API backend normalizes that request and dispatches it to the GPU attribution backend. The
GPU backend computes the score vector over the training set and returns it. The API backend
then derives ranked outputs and, when requested, comparison summaries such as top-K overlap
and Spearman agreement. Finally, the frontend renders the returned ranking and any associated
metadata or media.

This organization supports the main operational goal of the framework: heavy model com-
putation remains server-side, while the interaction model remains lightweight and uniform. The
browser does not need access to models or attribution artifacts. The API backend does not need
to duplicate method-specific scoring logic. The GPU backend does not need to carry presentation
logic. Each service is responsible for a well-defined slice of the framework.
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3.3 Workflow Layer

The framework is built around a small set of stable workflows that remain available across set-
tings. The first is live-query attribution. In this mode, a user enters a query directly, typically as
text, and requests ranked training examples under a selected method. In text settings, the query
can be a full question—answer pair or another task-specific input string. In the video setting, the
query can be a selected validation example or a formatted multimodal record that contains both
textual content and a linked clip. Regardless of modality, the system converts the user-facing
input into the model-specific representation required by the selected method.

The second workflow begins from stored validation examples. Many attribution analyses
start not from a newly composed query, but from an existing example whose behavior deserves
inspection. The framework therefore allows the user to browse validation data, select one or
more examples, and use those examples as the source query. From the backend perspective, this
workflow is intentionally aligned with live-query attribution: the selected example is reformu-
lated into the same normalized request structure, then processed by the same scoring pipeline.
The advantage is methodological consistency. Live inputs and stored validation examples can be
inspected under the same scoring rules and comparison tools.

The third workflow is multi-query aggregation. Both live-query mode and selected-point
mode support multiple simultaneous inputs. This feature is valuable when a user wants to charac-
terize a concept or behavior through several related examples rather than a single point. Because
the framework averages score vectors as in Equation [3.2] the resulting ranking can differ from
any single-query ranking. The system therefore exposes a natural way to move from pointwise
attribution to group-wise attribution without introducing a separate method or interface.

The fourth workflow is direct comparison. Once a ranking has been produced for one method,
the same query can be passed to a second method and the two results can be compared under
the shared definitions of rank correlation and top- K overlap. The same comparison interface can
also be used to compare models under a fixed dataset and input. In practice, comparison mode
is one of the most important parts of the system because it turns attribution from a one-method
report into a comparative analysis environment. Agreement across configurations suggests a
stable attribution signal, while disagreement reveals that different scoring rules or models attend
to different structural properties of the data.

A few implementation details support the usability of these workflows. Validation points
are paginated so that the user can browse large sets without loading the full validation corpus
at once. Result formatting is modality-aware: text results are displayed as question—answer
records, video results render associated media, and medical records are displayed through field-
aware formatting rather than raw internal representations. These design choices are part of what
makes attribution inspectable as a workflow across heterogeneous datasets.

3.4 Attribution Methods in the Framework

Although the framework supports several methods, they can be described through a common
representation-matching view. Each method computes or retrieves a query representation, com-
pares it with a stored representation for every training example, and returns a ranking over the
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training set. The main differences lie in what is represented and how the match is scored. In
the framework, the central contrast is between a lexical retrieval method, BM25, and a family of
gradient-based or low-rank methods rooted in influence-style reasoning and scalable representa-
tion matching [23} 31, 26, 41,8, 33].

3.4.1 BM25

BM2S5 serves as the framework’s main non-gradient contrast method. It is important in this role
because it provides a ranking based on lexical evidence rather than model-internal representa-
tions. For a query ¢ and training example z;, BM25 scores the overlap between query terms and
the text of z; using inverse-document-frequency weighting and document-length normalization
[34]]. In standard notation, the score can be written as

o5, . tf(t, 2;) (k1 + 1)
sPMP(q) = Y idf(t) - tf(t, z) + ky (1 — b+ b|z|/avgdl)’

teq

(3.4)

Here tf(¢, z;) is the frequency of token ¢ in the training example, |2;| is the length of the training
example, and avgdl is the average training-example length in the corpus.

Within the framework, BM25 plays two roles. Methodologically, it anchors the comparison
between lexical retrieval and model-based attribution. Operationally, it provides a lightweight
scoring path that requires no model weights and no precomputed gradient artifacts. This makes it
an especially useful contrast method in interactive settings, because its rankings can be produced
quickly and interpreted directly in terms of textual similarity.

3.4.2 Gradient similarity: GradDot and GradSim

The core gradient methods in the framework are GradDot and GradSim. Both begin from the
same representation: a gradient-based feature vector for the current query and a stored gradient-
based feature vector for each training example. Let

9(q) = PV@£(Q§9)7 gi = Pvef(Zi;‘g)a (3.5)

where /(-; 0) is the task loss under model parameters # and P denotes the projection or represen-
tation operator used to store the gradients efficiently. The training-side vectors g; are constructed
offline and cached as reference artifacts, while g(q) is computed for the current query when the
request arrives.

GradDot uses the inner product

si ) = 9(a) " g, (3.6)
which measures direct alignment between the current query and training example in gradient
space. This scoring rule is closely related to inner-product influence approximations that drop
explicit Hessian terms while preserving gradient-level alignment [33]]. It is also the framework
counterpart of the Infl[P score used in prior attribution and data-valuation work, where training
examples are ranked by the inner product between target and training gradients [21, 43]].
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GradSim uses cosine similarity,

GradSim g<q)Tgl
, 99 g 3.7
S = Tl G-

which removes scale effects and emphasizes angular agreement. In practice, the two methods
offer a clean contrast between magnitude-sensitive and magnitude-invariant gradient matching
while preserving the same reference-store design. Their inclusion in the framework exposes a
familiar and interpretable gradient-attribution surface.

S

3.4.3 Datalnf

Datalnf is an efficient approximation to influence-based data attribution for large models, with
particular advantages in parameter-efficient fine-tuning settings such as LoRA [23,[26]. At a high
level, it seeks to estimate how much a training example contributes to the loss of a target query
or prediction. In an influence-style formulation, the attribution score between a training example
z and a target example ¢ can be written as

I(z,q) = —g(q) (G + M) ""g(2), (3.8)

where ¢g(-) denotes the gradient of the loss and G summarizes gradient second-moment informa-
tion over the training set. The main contribution of Datalnf is to derive a closed-form approxima-
tion to this quantity that is practical for modern large-model settings without requiring explicit
Hessian inversion [26]].

Within the framework, Datalnf provides an influence-oriented view of training data rele-
vance. This is conceptually different from direct gradient-similarity methods such as GradDot
and GradSim. Whereas similarity-based methods emphasize gradient alignment, Datalnf is in-
tended to approximate the contribution of each training example to the behavior of the current
query. Including Datalnf therefore allows the comparison workflow to place direct similarity and
influence-oriented scoring side by side.

3.4.4 LESS

LESS, short for Low-rank gradiEnt Similarity Search, was introduced as a method for targeted
instruction tuning [41]]. Its goal is to identify the subset of instruction data that is most useful
for a desired downstream capability, rather than treating all candidate training data as equally
relevant. The method begins from an influence-style view of training dynamics, but adapts that
view to the practical setting of instruction tuning, where models are typically optimized with
Adam and trained on variable-length sequences. In the original formulation, this leads to an
optimizer-aware scoring rule defined over a sequence of warmup checkpoints:

sunss (2, DY) = Zm cos (3:(DY), Til2) ) (3.9)
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) is the aggregated gradient feature of a validation subtask D7) at checkpoint i,
[';(z) is the corresponding low-dimensional feature of a candidate training example, and 7; re-
flects the epoch-wise learning-rate contribution [41]. In practice, LESS scores each candidate
example against one or more target subtasks and selects the examples with the highest scores.

LESS is a useful method to include in a unified attribution framework because it broadens
comparison beyond direct gradient similarity. It is still gradient-based, but its interpretation is
capability-oriented: it asks which training examples support the behavior represented by a target
validation set or query. This makes it a natural bridge between attribution and targeted data
selection, and it shows how the same interactive workflow can support more than one notion of
training-example relevance.

3.4.5 LoGra

LoGra is a low-rank gradient projection method introduced to scale influence-based data valua-
tion to large language models [8]. The starting point is the observation that classical influence
methods become difficult to apply at LLM scale because both the storage and manipulation of
per-example gradients are prohibitively expensive. LoGra addresses this bottleneck by exploiting
the structure of backpropagation in matrix-valued layers. For a linear layer with input activation
h and backpropagated signal ¢, the method projects the gradient into a compact space through
separate low-rank projections of the forward and backward activations:

(Vi) = (Py6) ® (P h), (3.10)
where P, and P, are low-dimensional projection matrices and ® denotes the Kronecker prod-
uct [8]. This formulation preserves the influence-oriented structure of the gradient while avoiding
the cost of materializing and projecting the full high-dimensional gradient directly.

Within the method suite, LoGra represents the low-rank end of gradient-based attribution. It
differs from direct gradient-similarity methods because its representation is shaped by a princi-
pled low-rank projection strategy, and it differs from closed-form influence approximations such
as Datalnf because it is built around scalable projected gradients rather than a separate approxi-
mation of the influence computation. Its inclusion broadens the framework from direct gradient
matching to low-rank data valuation.

The framework also includes simple controls such as Random and Flat. These controls are
useful for checking result-page behavior and sanity-testing ranking displays, but the scientific
core of the method layer lies in BM25 and the model-based family described above.

3.5 Supported Settings and Data Processing

The framework currently spans three kinds of settings: public text datasets, a multimodal driving-
video corpus, and a medical record setting built around structured EHR data. These settings differ
markedly in input format and model interface, yet they all participate in the same ranking and
comparison workflows.
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3.5.1 Public text setting

The public text setting combines three established reasoning-oriented datasets with Pythia-family
models [5]. The first is MathQA, which formulates math word-problem solving through operation-
based representations and provides a natural source of structured reasoning examples [3]. The
second is MedQA, an open-domain medical question answering dataset built from professional
medical exam questions [22]. The third is PIQA, a dataset centered on physical commonsense
reasoning [6]. Together, these datasets cover numerical reasoning, domain-specific factual rea-
soning, and physical commonsense, while still admitting a common text interface inside the
framework.

In the system, each text example is normalized into a point representation that can be dis-
played and queried consistently. A typical record includes a prompt-like field and an answer or
target field, which makes the text setting especially well suited to method comparison. Because
all three datasets share the same broad question—answer style interface, the framework can ex-
pose live query input, selected validation points, multi-query averaging, and comparison mode
without changing the interaction logic across datasets.

The underlying text models are Pythia-410M and Pythia-1B [5]. These models are well
suited to a framework-oriented study because they are open, research-friendly, and available at
multiple scales within the same model family. Their shared architecture also simplifies the offline
construction of reference stores and makes method comparisons easier to interpret.

3.5.2 Driving-video setting

The driving-video setting extends the framework to multimodal attribution. It uses a local corpus
of short driving clips organized through train and validation manifests, with sources that include
clips derived from JAAD and A2D2 [24,12]. Each record couples a video path with textual fields
that describe or contextualize the clip. This combination is important for the thesis because it
allows the same framework to move beyond text-only inputs while retaining a query-ranking
workflow that is recognizable from the public text setting.

The underlying model is Qwen3-VL, a multimodal foundation model capable of processing
images, video frames, and text within a shared instruction-following interface [4]. For a selected
video example, the framework samples a fixed set of frames from the clip, rescales them for
processing, combines them with the associated text fields, and feeds the resulting multimodal
record through the Qwen3-VL processor. This produces the query representation required by the
selected attribution method. The training side is handled through offline reference stores built
for the same model and dataset.

The driving-video setting demonstrates two important properties of the framework. First, the
method layer does not depend on text-only assumptions. Second, the workflow layer remains
stable even when the underlying input becomes multimodal. A user can still select a validation
point, compare methods, inspect top-ranked results, and browse returned examples through the
same interactive structure used in the text setting.
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3.5.3 Medical record setting

The medical setting extends the framework to structured longitudinal EHR data. Its model path-
way follows the healthcare foundation-model design used in CATCH-FM, where patient history
is represented directly in medical code space rather than converted into free text [37]. This
choice is well aligned with longitudinal EHR data such as NHIRD, which provides large-scale
de-identified medical records with standardized coding over long patient histories [16].
A patient record can be written as a sequence

T = [Cage; Cgenders U1, L1, V2, . . ., Uy, [EOS]], v = [c},c?,...,cmjL (3.11)
where demographic tokens are followed by chronologically ordered visits, each visit contains one
or more medical-event codes, and ¢; denotes the time token between visits. This representation is
particularly suitable for attribution because it preserves the structure of the medical history while
remaining compatible with sequence models.

Within the framework, the medical setting is exposed through the CatchFM-160M model
and a structured record interface that shows key attributes of patient records. The same system
mechanisms used elsewhere still apply: the user selects the setting from the catalog, chooses
an attribution method, issues a live query or selects a stored example, and inspects the resulting
ranked training records. The framework can incorporate domain-specific structured data without
abandoning its common workflow contract.

3.6 Implementation Choices and Extensibility

The framework is designed to support multiple datasets and models without rewriting core logic
for each new setting. This is achieved through a resource catalog that specifies dataset entries,
model entries, labels, split paths, point files, media roots, and method-specific reference stores.
The catalog decouples the system inventory from the repository layout, allowing external and
private assets to remain in their own storage locations while still appearing as ordinary options
in the framework.

This catalog-driven organization works together with a dataset-formatting layer. Text datasets
can be displayed directly as question—answer records. Video datasets require media handling
through a backend endpoint and a video-aware renderer. Medical datasets require structured
field formatting so that patient records remain readable. Because configuration and formatting
are separated, adding a new setting has a clear and localized path: define the resource entry,
prepare the required reference artifacts, and implement the formatting rules for the new record
type.

The same principle governs the treatment of training-side artifacts. Gradient-based and low-
rank methods rely on precomputed reference stores, which are constructed offline and then reused
during interactive sessions. The current query is always processed live, but the training side
is stored in method-specific form. This design makes interactive attribution feasible for large
models while preserving the distinction between methods. Generic gradient matching, Datalnf,
LESS, and LoGra each depend on their own artifact family, yet all are exposed through the same
workflow interface.
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The implementation choices also clarify why the framework remains practical for interactive
use. The browser remains lightweight because it communicates only with the API backend
and never loads model weights or reference stores. The API backend remains method-agnostic
because model-specific processing is delegated to the GPU backend. The GPU backend remains
reusable because every method ultimately reduces to computing a query representation, reading
a stored reference representation, and applying a scoring rule. The result is a framework whose
operational surface is stable even as the underlying datasets, models, and attribution methods
vary.

Taken together, the system maintains a common operational contract—dataset, model, method,
query, ranking—across heterogeneous inputs and attribution methods. Architecture, catalog con-
figuration, offline artifact construction, and modality-aware formatting all serve that contract.
This is what turns training data attribution from a collection of method-specific scripts into a
coherent framework for interactive analysis.
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Chapter 4

Framework Demonstrations and Results

4.1 Overview

This chapter presents the framework in use. The goal is to show how attribution becomes an
interactive process: a user selects a setting, issues a query or chooses an existing validation
example, inspects ranked training examples, compares attribution configurations, and extends
the same workflow across text, video, and medical records. The results therefore combine visual
demonstrations, qualitative observations, approximate runtime measurements, and preliminary
user feedback.

The chapter begins with the basic single-method workflow and the result visualization that
accompanies it. This establishes the core interaction pattern: configuration, query submission,
score-distribution inspection, and top-K / bottom-K example review. It then presents multi-query
averaging as a second interaction pattern, where several related inputs are combined through
elementwise score-vector averaging before ranking. The video and medical settings are shown
next to demonstrate that the same workflow can be preserved while the presentation layer adapts
to media clips and structured patient records.

The chapter then turns to comparison mode. This is the most important analytical workflow
in the system because it places two attribution configurations under the same query and exposes
both full-ranking agreement and top-region overlap. The comparison view makes it possible to
inspect not only whether two methods agree numerically, but also which top-ranked examples
are shared and which are method-specific.

The final subsections further extend the results. A qualitative insights section summarizes
what one might learn about the models, methods, and data settings by using the framework.
A runtime section gives approximate time and precomputation costs under a single-GPU setup,
clarifying the practicality of our system and the distinction between offline reference construction
and online interaction. Finally, a preliminary user feedback study conducted with several users
reports how the framework supports users in a typical data attribution task. Together, these results
support the main claim of the thesis: training data attribution becomes more useful when it is
organized as a workflow for querying, comparing, and interpreting retrieved training examples.
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4.2 General Workflow and Attribution Result Visualization

The framework is easiest to understand through its simplest use case. A user first chooses a
dataset, a model, and an attribution method, then submits either a live query or a selected valida-
tion example, and finally receives a ranked list of training examples for inspection. The resulting
page combines two complementary views. The first is local: a ranked panel of the most highly
scored training examples, together with their associated metadata and content. The second is
global: a score-distribution graphic constructed from the full score vector over the training set.

Figure {.1] shows the selection-stage workflow in a representative public text setting. The
upper panel illustrates live-query mode. The user selects a dataset, an underlying model, an
attribution method, and a return size K, then enters a query directly into the interface. In the
example shown here, the framework is configured with MathQA, Pythia-1B, and GradSim.

The page makes the main analytical choices visible before attribution is executed. The
dataset, model, and method selectors determine the attribution setting explicitly, while the sum-
mary cards below them provide a compact view of the current scale of analysis, including the
number of training points and validation points. The lower panel of Figure {.1] shows the al-
ternative validation-point workflow. Instead of writing a new query, the user may browse saved
validation examples and choose one or more points of interest. This mode is especially useful
when the goal is to inspect how the model relates a known held-out example to its training data.
The paginated browser is an important part of that design. Rather than loading every validation
point at once, the framework exposes them in manageable pages, allowing the user to inspect
examples incrementally and select relevant cases without overwhelming the interface. The live-
query and validation-point modes therefore differ only in how the input is specified. Once an
input is submitted, both proceed through the same backend scoring pipeline.

After submission, the framework returns a result page that is meant to support inspection
rather than only score reporting. Figure {.2] shows this page for the same single-method text
setting. The top of the page records the submitted query together with the active dataset, model,
and attribution method, so the context of the current run remains visible while the returned exam-
ples are inspected. This makes the result page self-contained: a reader can interpret the ranking
without needing to return to the configuration screen.

A central element of the result page is the score-distribution graph. This graph is built from
the full set of attribution scores assigned to the training set for the current run, not only from
the small number of examples that are ultimately displayed in the ranking panels. In practice,
this matters because a ranked list alone does not reveal whether the highest-scoring examples are
sharply separated from the rest of the training set or whether they come from a much flatter score
landscape. The graph therefore provides an overview of how concentrated or diffuse the current
attribution pattern is. A narrow high-scoring tail suggests that only a small subset of training
points strongly support the query, while a broader distribution suggests a weaker separation be-
tween returned examples and the rest of the corpus. This global view gives necessary context to
the local ranking shown below it.

The lower half of the page presents two ranked panels: Top-K and Bottom-K. The top panel
contains the training examples that the chosen method considers most supportive for the sub-
mitted query. The bottom panel shows the least supportive examples under the same scoring
rule. Presenting both ends of the ranking is useful because it allows the user to inspect not only
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INTERACTIVE ATTRIBUTION EXPLORER
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if x and y are integers and | x - y | = 10 , what is the minimum possible value of xy ?

Add Query Point

(a) Live-query configuration page.

Validation Point Mode

Select Validation Points O select All

Choose one or more saved validation examples. Multiple selections use the same averaging behavior as live
queries.

#0 a multiple choice test consists of 4 questions , and each question has 5 answer choices . in how many r
ways can the test be completed if every question is unanswered ?

#1 a 3 - digit positive integer is chosen at random . what is the probability that the product of its digits is even
?

#2 if x and y are positive integers and 7 + x +y + xy = 21, what is the value of x + y ?

#3 the hcf and Icm of two numbers m and n are respectively 6 and 210 .if m+n=72,then1/m+1/nis
equal to

#4 in a kilometer race , a beats b by 48 meters or 12 seconds . what time does a take to complete the race ?

#5 in a school of 650 boys , 44 % of muslims, 28 % hindus , 10 % sikhs and the remaining of other
communities . how many belonged to the other communities ?

#6 acan do a piece of work in 4 hours ; b and c together can do it in 3 hours , while a and c together can do it

2 hours . how lona will b alone take to do it ?
Showing 1-10 of 200

(b) Validation-point selection page.

QUERY POINTS
1

Figure 4.1: Selection-stage workflow in single-method mode.
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SINGLE METHOD MODE

Data Attribution Workbench

Submitted Query / Validation Point: if x and y are integers and | x - y | = 10, what is the minimum possible value of xy ?

Response: - 25 Options: ['- 9, '- 18", '- 24", '- 25", '- 48'] Label: 3
Dataset: mathga

Model: pythialb

Attribution Method: GradSim

Returned Points: 3

# Training Points
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. &
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Most Supportive Training Points Least Supportive Training Points
Infl: 0.034 Instruction: 60 percent of movie theatres in town x have 3 screens Infl: -0.029 Instruction: the diagonal of a square is the height in an equilateral
or less . 20 % of those theatres sell an average of more than... triangle . if the side of the square is x , what is the si... Show More
ndexciis252 Show More lodexje2830 Response: ./ (8/3) x x' Options: [/ (2/3) xx™, "2/ /3 xx™ "/
Rank: 1 Response: 18 Options: ['12', 18, '32', '40', '44'] Label: 1 Rank: 29835 3x", "/(8/3)xx"™ "2 /3 xx']"] Label: 3
Infl: 0.03 Instruction: 60 percent of movie theatres in town x have 3 screens Infl: -0.03 Instruction: a 10 meter long wire is cut into two pieces . if the longer
or less . 20 % of those theatres sell an average of more than... piece is then used to form a perimeter of a square , wh... Show More
Index: 16404 Show More Index: 9290 Response: 4 [ 10'] Options: [*1/ 6", "1 /5" "3 10", "1 /3" "4 |
Rank: 2 Response: 12 Options: ['12', '18', '32', '40", '44'] Label: 0 Rank: 29836 10']"] Label: 4
Infl: 0.029 Instruction: amit , sumit and pramit go to a seaside town to spend a Infl: -0.032 Instruction: the sale price of an article including the sales tax is rs .
vacation there and on the first day everybody decides to vi... 616 . the rate of sales tax is 10 % . if the shopkeepe... Show More
ldex2o 807 Show More (EES AT Response: 536 Options: ['500', '334", '555', '536', '5598'] Label: 3
Rank: 3 Response: 1/ 36 Options: ['1/36','1/30', '6 /36", '1/24','1/28'] Rank: 29837

Label: 0

Return to Selection Page

Figure 4.2: Single-method attribution result page.

what the framework retrieves as highly related, but also what it pushes furthest away. The user
can therefore move directly from the abstract notion of attribution to concrete question—answer
records. The result cards also make the ranking itself legible. Each card includes the score, the
example index, and its rank position, together with the formatted example content. This small
amount of metadata is enough to tie together the distribution graph and the returned records.

4.3 Multi-Query Averaging

In addition to single-input attribution, the framework supports multi-query analysis. This feature
allows the user to submit more than one input within the same run and obtain a single aggregated
ranking over the training set. Figure 4.3 shows the two ways in which this functionality appears
in the interface. In live-query mode, the user may enter multiple free-form inputs under the
same configuration. Each query occupies its own input field, and the interface keeps track of
how many query slots are currently active. In validation-point mode, the same functionality
is expressed through multi-selection of saved validation examples, and the system displays the
indices of the current selected points for easier tracking.
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Enter up to 10 query points. Rankings are computed from the average score vector Validation Point Mode

across all non-empty queries

Select Validation Points O select All
Query Inputs 2/10 active Choose one or more saved validation examples. Multiple selections use the same
Use complete prompts, questions, answers, or short descriptions . . = .
averaging behavior as live queries.
y?
a multiple choice test consists of 4 questions , and each question has
5 answer choices . in how many r ways can the test be completed if #3 the hcf and Icm of two numbers m and n are respectively 6 and 210 . if m + n =
every question is unanswered ? 72 ,then1/m +1/nis equal to
i .
a 3 - digit positive integer is chosen at random . what is the probability #4 in a kilometer race , a beats b by 48 meters or 12 seconds . what time does a
that the product of its digits is even ? take to complete the race ?
2 #5 in a school of 650 boys , 44 % of muslims , 28 % hindus , 10 % sikhs and the
remaining of other communities . how many belonged to the other communities ?
Remove
#6 a can do a piece of work in 4 hours ; b and c together can do it in 3 hours ,
a while a and ¢ together can do it 2 hours . how long will b alone take to do it ?
Add Query Point #7 in a aroun of 1680 neanle A0 have an aae of mare 30 vears  and the others
Showing 1-10 of 200
Run Attribution
Selected validation points: 0, 2, 4
(a) Live-query multi-input configuration. (b) Validation-point multi-input configuration.

Figure 4.3: Multi-query configuration in the two input modes.

The backend treats these inputs through a shared aggregation rule. Each query produces its
own attribution score vector over the training set, and the framework averages these score vectors
elementwise before constructing the final ranking. As a result, the returned examples reflect the
joint behavior of the selected inputs rather than the output of any one of them in isolation. This
makes multi-query mode a natural extension of the single-query workflow introduced earlier: the
same result page is used, but the ranking now summarizes a set of inputs instead of a single one.

From the user’s perspective, multi-query support broadens the role of the framework. The
system is no longer limited to analyzing one example at a time, but can also surface training
examples that are repeatedly relevant across a small collection of related points. This makes the
interface more flexible while preserving the same overall interaction pattern of configuration,
submission, and inspection.

4.4 Video and Medical Settings

The same workflow extends beyond the text setting to additional data modalities. In particular,
the framework supports a multimodal driving-video setting and a medical setting based on longi-
tudinal EHR sequences. These two setups show that the system can preserve the same attribution
workflow while adapting the display and input handling to non-text records. The interaction pat-
tern remains recognizable across settings: the user selects a configuration, chooses or submits an
input, runs attribution, and inspects returned training examples through a modality-aware result
view.

Figure shows representative views of these two settings. The video workflow uses the
driving_videos dataset together with Qwen3-VL, and presents the validation-point mode through
a media-aware interface. Rather than listing only text descriptions, the configuration page in-
cludes a preview panel for the currently selected video and displays the surrounding validation
entries in a selection list. This design supports multimodal inspection by allowing the user to
identify the current query point visually before running attribution, rather than relying only on
clip identifiers or metadata.
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DATASET MODEL METHOD TRAINING VALIDATION QUERY POINTS Autibution Mothod: Gradsim
. Les POINTS POINTS .
(e S 243 35
Uses projected gradients from a warmup LoRA model to estimate data influence. "
Validation Point Mode ©
Select Validation Points O Select All B :
Choose one or mare saved validation examples. Multiple selections use the same o o o
averaging behavior as live queries.
y . Top K
Video Preview Point #12
Most Supportive Training Points
Infl:0.009 _ Instruction: Driving scene video from
reviewFron{CanterClps: 20180810150607 camera
Index: 18 frontcenter 000000103 Source: AZD2Previ... how More
Rank: 1
00:04 emm— 00:04. 2! > Responsa: Clp:crving videos 000020 | Spi:rain
Select a row below to preview a different video nft Instruction: Drving scene video from
'oo0a  AZDZPreviewsrontCanterClps: 2018010150607 camera
frontcenter 000000092 Sowrce: A202Pravi... Show More
#11 Driving scene video from JAAD_clips: video 0002 Source: index:7
JAAD clips Rank: 2
#12 Driving scene video from JAAD_clips: video 0007 Source
JARD clips
#13 Driving scene video from JAAD_clips: video 0011 Source:
JAAD clips Response: Cip: driving videos 000003 | Spit:trin
ot Instruction: Driving scane video from
#14 Driving scene video from JAAD_clips: video 0020 Source: {0o1s  A2D2PreviewFronCenterCips: 0190401145936 camera
frontcenter 000018007 Source: AZD2Previ... Show Mor:
JAAD clips ders 106
—— Rank: 3
Selected validation points: 12
Run Attribution
K:
Dataset: Model:
ehr pancreatic sample < CatchFM-160M < 3

Attribution Method:

SINGLE METHOD MODE

Data Attribution Workbench

Submitted Query | Validation Point: Driving scens video from AZD2PraviewFroniCenterClips: 2019040121727 camera fronicenter 000013487

Source: A2D2PreviewFroniCenterClips

Rasponse: Clip: driving videos 000067 | Spit: vaidation
Dataset: driving vidsos
Model: quienzvl

((=-Select Attribution Method--

DATASET MODEL METHOD TRAINING POINTS VALIDATION POINTS
ehr pancreatic CatchFM-160M Not selected 28510 200 None
sample
Select a method to see how the ranking will be computed
Validation Point Mode
Select Validation Points () selectAll

Choose one or more saved validation examples. Multiple selections use the same averaging behavior as live

queries.

#0 EHR patient sequence | Tokens: 178 | Visit/time steps: 45

#1 EHR patient sequence | Tokens: 323 | Visit/time steps: 84

#2 EHR patient sequence | Tokens: 413 | Visit/time steps: 65

#3 EHR patient sequence | Tokens: 385 | Visit/time steps: 58

#4 EHR patient sequence | Tokens: 33 | Visit/time steps: 5

#5 EHR patient sequence | Tokens: 85 | Visit/time steps: 14

#6 EHR patient sequence | Tokens: 42 | Visit/time steps: 16

#7 EHR patient sequence | Tokens: 223 | Visit/time steps: 27

#8 EHR patient sequence | Tokens: 626 | Visit/time steps: 96

Figure 4.

Showing 1-10 of 200

(c) Medical configuration page.

4: Video and medical workflow views.
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i Instruction: Driving scene video from JAAD_clps: video
0092 0248 Source: JAAD clips
Index: 339
Rank: 441
Response: Clip: driving videos 00036 | Splt: train
i Instruction: Driving scene video from JARD_clps: video
0,003 0100 Source: JAAD clips
Index: 201
Rank: 442
Response: Clp: ariving videos 000221 | Spit: rain
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(o095 0195 Source: JAAD clips
Index: 200
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(b) Video result page.
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The corresponding result view for the video setup follows the same overall logic introduced
earlier. The page records the submitted point and the active dataset, model, and method, then
summarizes the score distribution and displays the top-ranked and bottom-ranked training exam-
ples. The main difference is that the returned examples are now rendered as video items rather
than as text records. This makes the ranking easier to interpret in a multimodal setting. A user
can inspect not only which clips are retrieved, but also what visual content those clips contain.

The medical setup illustrates a different kind of extension. Here the framework is configured
for the a sample EHR for pancreatic cancer dataset and the CatchFM-160M model. The config-
uration page presents validation examples as patient sequences, together with compact structural
information such as the number of tokens and visit or time steps. This representation is help-
ful when individual points are not naturally viewed as short text prompts or media clips. The
interface therefore surfaces the information needed to browse and select patient trajectories in a
readable form without exposing the full record immediately on the configuration page.

Taken together, these views illustrate the broader scope of the framework. The system pre-
serves a common attribution workflow while adapting the presentation layer to different modali-
ties, which is one of its practical strengths.

4.5 Comparison Mode

A single attribution run is useful for retrieving training examples under one chosen configura-
tion, but many of the most informative questions arise only when two rankings are examined
together. In practice, a user often wants to know whether two attribution methods identify sim-
ilar evidence, whether a change of attribution configuration changes the retrieved examples, or
whether agreement holds only globally or also among the highest-ranked points. The comparison
mode is designed for this purpose. It keeps the dataset and the submitted query fixed, executes
two attribution configurations under the same setting, and presents the relationship between the
resulting rankings in a form that can be inspected directly.

The most common use of this interface is method comparison. In that setting, the framework
compares two attribution methods on the same model and the same query or validation point.
This makes the source of variation easy to interpret: differences in the returned ranking come
from the attribution rule rather than from the input. The same interface can also be used to
compare two models on the same dataset with the same attribution method. That second use
is equally valuable because it reveals whether model choice changes which training examples
appear most relevant even when the comparison logic itself is held fixed.

Figure [4.5] shows the two main views of this workflow. The left panel presents the ranking
comparison page. At the top of the page, the framework reports the full-ranking Spearman cor-
relation between the two configurations and visualizes the relationship through a scatter plot of
rank positions. This view summarizes the agreement of the two rankings over the entire training
set. Spearman is computed over rank positions rather than raw attribution scores, so it measures
whether the two configurations impose a similar ordering on the training data. The figure gives
the reader an immediate sense of whether the two compared rankings are globally aligned or
structurally different. Below the scatter plot, the page continues with the same result compo-
nents introduced in single-method mode, but now arranged in parallel. The user can therefore
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Figure 4.5: Comparison mode views.
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move naturally from a global summary of agreement to the concrete examples that each configu-
ration promotes or suppresses. In the example shown here, this makes it possible to see not only
that the compared rankings are strongly aligned overall, but also which examples appear at the
top or bottom of each side and how similar those sets actually are.

The comparison mode also includes a dedicated overlap view, shown on the right side of
Figure4.5] This tab shifts the focus from the entire ordering to the shared structure of the upper-
ranked region. The overlap view contains three layers of information. First, it reports top-percent
overlap across several thresholds, which shows how much of the upper-ranked region is shared
as the cutoff becomes more or less selective, making the difference between narrow and broad
agreement immediately visible. Second, it reports compact summary statistics, most notably
Jaccard @K, which measures the overlap between the two top-K sets relative to their union.
Third, the page explicitly separates returned examples into shared points and points unique to
each configuration, which reveals exactly which training examples are jointly emphasized and
which are specific to one side of the comparison.

These components separate two kinds of agreement that are often conflated. Spearman sum-
marizes the full ordering, while Jaccard and the shared/non-shared panels focus on the examples
a user is most likely to inspect first. By exposing both views in one workflow, the framework
makes attribution stability visible at the level of concrete training examples. A user can identify
points that are shared across configurations, points that are specific to one method, and cases
where broad rank agreement does not translate into identical top-ranked examples. This is the
main value of comparison mode: it turns two score vectors into a comparative analytical view.

This comparison workflow also connects the system to prior data-valuation work. Fairshare
Data Pricing uses valuation methods such as BM25, InflIP, and Datalnf to guide purchasing de-
cisions in simulated LLM training-data markets, including settings based on math, medical, and
physical reasoning tasks [43]]. Such studies evaluate attribution or valuation methods through ag-
gregate outcomes, for example whether selected or purchased data improves model utility under
a budget. The interface here provides a complementary local view. Since GradDot corresponds
to the gradient inner-product idea used by InflIP, the same comparison mechanism can place a
lexical valuation principle such as BM25 beside a gradient-based one and expose the retrieved
examples behind the aggregate decision. The existing comparison view demonstrates this local
interpretability layer: rankings can be inspected, their overlaps can be measured, and their shared
and method-specific examples can be read directly.

4.6 Qualitative Insights

The demonstrations above and additional sample runs also suggest several qualitative insights
about the models, methods, and data settings tested in the framework. These observations are
not intended as a large-scale benchmark of attribution quality. Rather, they illustrate the kinds
of questions that become easier to ask when attribution outputs are placed inside an interactive
workflow.

In the text QA setting with Pythia-family models, gradient-based of GradDot and GradSim,
typically show signs of high agreement including Spearman correlation of above 0.9. Since
both methods use the same underlying gradient representation, their high full-ranking Spearman
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correlation is expected. At the same time, high global agreement does not necessarily mean
that the same examples appear in the small set a user actually inspects when using the system.
GradDot and GradSim are strongly aligned in full-ranking terms, but their top-K overlap could
be smaller for individual queries. This distinction is visible in the comparison workflow of
Figure 4.5} Spearman summarizes broad rank structure, while top-K overlap and shared points
show whether the inspected examples are actually the same for the interested query.

The returned text examples also suggest that gradient-based methods often retrieve exam-
ples with similar task form and question structure rather than only exact lexical overlap. In
the MathQA setting, highly ranked examples often share properties such as comparable question
length, multiple-choice formatting, and word-problem structure. Figure 4.2|shows why the result
cards are useful for this kind of inspection: the user can see the problem text, answer format, rank,
and score together. This makes it possible to notice when attribution reflects model-conditioned
task structure rather than only keyword matching.

BM?25 would provide a clear contrast. Because it is driven by lexical overlap, it often re-
trieves a different neighborhood from gradient-based methods. In the sampled text bank, BM25
is largely separated from GradDot, GradSim, and Datalnf. This makes BM25 useful as a non-
gradient reference point. When BM25 and a gradient method agree, the result may reflect both
surface similarity and model-conditioned relevance. When they disagree, the framework helps
the user inspect whether the gradient method is surfacing structurally similar examples even
when lexical overlap is weak.

Influence-style approximation provides another source of method-specific behavior, with
more differing attribution retrieval results suggesting that they can define a different attribu-
tion neighborhood from raw gradient alignment. The practical effect is especially visible at the
level of individual queries: changing from a similarity-oriented method to an influence-oriented
method can substantially change which training examples appear at the top. This is one reason
the framework emphasizes shared and non-shared top points rather than only aggregate agree-
ment.

Under the settings with video-based dataset, the framework also shows that method behavior
can change across modalities. In the sampled video bank, GradDot and GradSim remain related,
but they do not collapse as strongly as in the text setting, with Spearman correlation dropping
to the range of below 0.75 typically. One plausible interpretation is that normalization matters
more for multimodal examples, where video content, text metadata, and representation scale vary
more substantially. BM25 is also mostly weakly aligned with gradient-based video attribution,
which is expected because it mostly uses textual metadata associated with a clip.

The video consensus results further show that there is no single universal top-ranked neigh-
borhood. Across the sampled video queries, a smaller number of top-ranked examples are shared
by multiple methods, while many are method-specific. This makes comparison mode especially
useful for multimodal attribution: shared clips suggest a small consensus signal, while method-
specific clips reveal how different scoring rules emphasize different aspects of the same video
collection.

The medical setting suggests a different kind of inspection. After closer examination of raw
data, non-gradient methods often retrieve patient records with overlapping medical codes or sim-
ilar sequence summaries, which is not the same as model-conditioned patient-history similarity.
In addition, the EHR display also makes visible confounding factors such as token count, visit
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count, and time-step structure. These quantities matter because a long patient history may con-
tain more overlapping codes and more opportunities for model interaction. Thus, retrieved EHR
examples should be interpreted not only by score, but also by whether similarity comes from
clinically meaningful trajectory structure or from broader utilization patterns.

4.7 Runtime and Practicality of the Workflow

The runtime behavior of the framework follows the design principle used throughout the thesis:
expensive training-side computation is moved offline, while the user-facing workflow remains
interactive. The relevant question is not whether all compute work can be rebuilt instantly, but
whether a user can browse examples, submit queries, compare configurations, and inspect results
within a normal research workflow once the reference artifacts are available.

Under a single NVIDIA RTX 3090 GPU with sufficient CPU and network support, basic
interface operations are effectively immediate from the user’s perspective. Loading the catalog,
changing dataset or model settings, and browsing paginated validation points happen at sub-
second scale. The main visible delay begins when the user submits an attribution request that
requires model-backed scoring.

For the full-sized text-based QA dataset settings, the runtime depends on model size and
method family. With Pythia-410M, a single-query run using ordinary gradient-based methods is
generally within 10 seconds, with a representative average around 6.2 seconds for the sampled
runs. Low-rank gradient methods are faster in the same setting, typically around 2—4 seconds,
with an average near 3.3 seconds. With Pythia-1B, the same workflow is slower but remains
usable: ordinary gradient-based methods are expected to take within 20 seconds for warm query,
with an average around 13.9 seconds, while low-rank gradient methods are closer to an average
around 7.1 seconds. The first live request after backend startup can be slower because model
and runtime state may need to be initialized, but repeated requests are closer to the warm-query
estimates.

Comparison mode adds cost because two attribution configurations must be evaluated be-
fore the backend computes agreement and overlap summaries. For Pythia-410M, a single-query
comparison between configurations typically 8—15 seconds, with a representative average around
11.7 seconds. The rank-correlation, Jaccard, and overlap computations are lightweight; most of
the time is spent obtaining the two score vectors. This places comparison mode above the single-
method in terms of latency, but still within a practical exploratory range: a user can run a com-
parison, inspect shared and method-specific examples, and adjust the method or input without
rebuilding the training-side artifacts.

The driving-video setting has a different profile. Although with fewer samples, each query
involves multimodal processing with Qwen3-VL. For the current 443-video sample collection,
a warm single-query attribution run is expected to still take under 15 seconds typically, with a
representative average around 9.8 seconds. This makes the video setting practical for inspection,
especially because the returned examples are rendered as clips and can be judged visually rather
than only through metadata.

Offline reference construction is more expensive and at a higher scale. As an example, for
MathQA, MedQA, and PIQA datasets together, ordinary gradient-reference construction takes
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approximately 12 hours for Pythia-410M under the same single-GPU setting. For the current
Qwen3-VL driving-video collection, reference construction is around 5 hours for 443 videos.
However, we would like to emphasize that these are one-time setup costs for the backend server,
which does not affect per-query runtime for users who use the data attribution system and interact
with the frontend. Furthermore, such backend computation times are still suitable for the typical
research workflow for foundation models.

The runtime estimates of our system support the practicality of the framework as an ex-
ploratory attribution workbench. The hardware setup for our runtime measurements involves
only a modest workstation-class GPU for foundation-model experiments, but once the reference
artifacts are prepared, the interaction loop is in the seconds to low tens-of-seconds range. This is
appropriate for the thesis goal: enabling users to efficiently query, compare, and inspect training-
example attributions without rerunning expensive training-side computation during the session.

4.8 Preliminary User Feedback

To obtain some preliminary user feedback on our framework, we have asked 4 users with com-
puter science and machine learning background to complete a short attribution-inspection task.
Before the task, they are first provided with a short demonstration of single-method attribution
using a sample question from another question-answering dataset. The demonstration showed
how to select a dataset, model, and attribution method, run attribution, and inspect the returned
training examples. After this demonstration, users were asked to use the system to find highly
influential MathQA training examples for a given mathematical question-answering problem,
compare results from two attribution methods, inspect the returned top examples, and explain
what the comparison metrics indicated. The goal of this exercise was formative rather than sta-
tistical. It was intended to test whether the central workflow of the thesis—selecting a setting,
running attribution, inspecting examples, and comparing methods—was understandable and use-
ful to users. Table d.T|reports the anonymous user feedback from this task.

The most consistent positive feedback concerned direct example-level inspection. Users
found the returned training-example cards useful because the system displayed the original in-
struction or question directly on the result page. This made the attribution output immediately
inspectable. Rather than seeing only an example index or a raw score, users could read the
returned problem and judge whether the top examples were related to the query. This was es-
pecially important for the assigned task, because users were asked to find influential training
examples and explain whether the returned examples made sense. The feedback therefore sup-
ports one of the main design choices of the framework: attribution results should be presented as
readable training examples, not only as score vectors or ranked identifiers.

Several comments also support the top-K and bottom-K result design. One user noted that
showing both ends of the ranking made it clearer that the method was not merely returning
superficially similar questions, but was ranking examples in opposite directions. Another user
found the small summary visualization for the top-K results helpful because it made it easier
to see whether highly ranked examples were concentrated around a similar answer pattern or
label. These comments suggest that users benefited from having both concrete examples and
lightweight aggregate summaries on the same result page. The framework therefore helps users
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move between two levels of interpretation: reading individual returned examples and observing
summary patterns among the returned set.

The comparison workflow received particularly strong feedback. Users repeatedly identified
the shared versus method-specific layout as one of the most useful parts of the system. In the
comparison task, the Shared column gave users a direct way to see which examples were retrieved
by both attribution configurations, while the method-only columns showed how the rankings di-
verged. This was useful both for experienced and less experienced users. One user interpreted the
shared examples as “core supporters” that both methods considered important, and suggested that
such examples could be candidates for data selection or dataset distillation. Another user, who
had not used data attribution methods before, still found the comparison view understandable
because it connected abstract method differences to actual returned question-answer examples.
This confirms that comparison mode is not only a metric display. It is an example-level interface
for understanding where attribution methods agree and where they differ.

Users also found the Spearman scatter plot useful as a visual summary of ranking agreement.
The scatter plot helped users see whether two methods ranked the training set similarly, while
the shared and method-specific panels helped them inspect the concrete examples behind that
agreement or disagreement. One user explicitly noted that seeing full-ranking Spearman corre-
lation and Jaccard overlap together helped distinguish broad ranking agreement from agreement
among the top examples they would inspect first. This feedback aligns with the motivation for
including both global and local comparison metrics.

At the same time, the feedback revealed several usability issues. The most common issue
was that comparison metrics need clearer explanation at the point of use. Some users could not
immediately distinguish Spearman from Jaccard when both were displayed together. Although
the demonstration helped, the interface would benefit from short descriptive labels. This feed-
back suggests that the system could benefit from making the interpretation of its metrics more
explicit. A second issue concerned score calibration. Users found raw influence scores difficult
to interpret without additional context. A natural improvement would be to display percentiles,
normalized values, or z-scores alongside raw scores. The existing score-distribution histogram
indeed gives part of this context, but the user feedback suggests that the result cards themselves
should also connect each score to the full distribution.

The feedback also identified onboarding and navigation improvements. Users suggested
search or filtering over saved validation examples, especially when browsing a validation set
by pages. One user needed a moment to distinguish Live Query Mode from Validation Point
Mode, even though the demonstration made the difference clear. Another user wanted more in-
context guidance when choosing attribution methods, such as recommended starting methods,
labels distinguishing lexical baselines from gradient-based methods, or suggested method pairs
in comparison mode. These are not changes to the core attribution logic, but they would make
the workflow easier for users with less foundation in data attribution.

Overall, the preliminary user feedback supports the workflow framing of the thesis. Users
valued the features that turned attribution scores into inspectable objects. The most important
negative feedback concerned explanation and guidance rather than the core workflow itself.
Such observations point to concrete future work: adding metric tooltips, score percentiles or
normalization, validation-point search, guided task presets, and recommended comparison pairs.
The main lesson is that attribution workflows are most useful when they make model-specific
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training-data relationships visible through examples, while also helping users understand the
metrics and method choices that structure those examples.

38



User

What worked

What did not work

User 1

I like that the system directly showed the original instruction
or question for each returned training example. For the QA
tasks, this makes the result immediately useful because I can
read the top few examples and quickly judge whether they
were related to the query. I don’t have to open another dataset
file or map an index back to the original data. The top and
bottom layout also helps me understand that the method was
ranking examples in opposite directions, not just returning a
list of similar-looking questions. The comparison mode helps
me understand which examples both methods agreed on and
which examples came from only one method. The scatter
plot is also intuitive because I can visually see whether the
two methods ranked the training set in a similar way.

When I first look at the comparison page, Spearman and Jac-
card were shown close together, and I can’t immediately tell
what each one measured. Short labels such as “full-ranking
agreement” and “top-k overlap” will help. The raw influence
score is hard to benchmark; a percentile, normalized score,
or z-score makes it easier to judge whether a value is unusu-
ally high.

User 2

The shared column in comparison mode was the most useful
part for completing the task. Since the task asked me to com-
pare two attribution methods, the Shared column gave me a
concrete set of examples that both methods considered im-
portant. I interpreted these shared examples as core support-
ers for the query. They felt more reliable than examples re-
trieved by only one method, and I could imagine using them
as candidates for data selection or dataset distillation. I also
liked that the page showed both full-ranking Spearman cor-
relation and Jaccard overlap. Seeing both metrics together
helped me understand that two methods might agree over the
broad ranking but still disagree on the examples I would ac-
tually inspect first.

For the validation-point task, browsing saved examples
would be easier with search or filtering. Pagination works,
but finding a specific type of problem still requires man-
ual browsing. I also wanted more context for raw influence
scores, since their magnitudes are hard to compare across
methods. A normalized score, percentile rank, or z-score
would help. It would also be useful to save or export the
shared examples from comparison mode for later inspection.

User 3

The system makes the task much easier than what I would
normally do manually. If I want to know which similar train-
ing examples the model may have seen when answering a
question, I usually need to combine embeddings, retrieval
outputs, or dataset search by myself. With this system, I can
select the dataset and model, run attribution, and get a ranked
list in a few clicks. This makes the workflow feel much more
direct. I also like that the returned examples were displayed
on the page with their instructions, responses, scores, and
ranks. For the task, this helped me compare the query with
the top-ranked examples immediately. The small summary
visualization for the top k results is useful, because it let me
quickly see if the top examples were concentrated around a
similar answer pattern or label, instead of requiring me to
count them manually. The demonstration before the task was
also helpful because it gave me a clear example of how to go
from a question to returned training examples before I try the
mathqa task myself.

At first, I need a moment to distinguish live query mode from
validation point mode. I understand after the demonstration
that one mode lets me type a new query and the other selects
an existing validation example, but the toggle is not visually
prominent enough. Larger labels or short descriptions such
as “enter a new question” can help. A guided task preset will
also make the first interaction smoother for new users.

User 4

Even though I had not used the data attribution methods be-
fore, the comparison view helped me understand the task.
The most useful part was that the system connected abstract
method comparison to actual returned examples. I could then
look at the method-only columns and see what each method
retrieved differently. This helped me reason about whether
the methods were operating in a similar space, even without
fully understanding the math behind the methods. Seeing the
actual mathqa problems made it possible to decide whether
the results made sense for the query. The initial demon-
stration also helped me understand the basic single-method
workflow before using comparison mode.

The method choices were still somewhat difficult for me as
a first-time attribution user. The demonstration and method
descriptions helped, but I still wanted more in-context guid-
ance near the selector, such as “recommended first method”,
“lexical baseline”. It would also help if comparison mode
suggested common method pairs and briefly explained what
kind of difference to expect, such as lexical overlap versus
model-based relevance.

Table 4.1: Preliminary user feedback from the attribution-inspection task.

39



40



Chapter 5

Conclusion

This thesis presented an interactive framework for training data attribution in foundation mod-
els. The central idea was that attribution becomes more useful when it is treated not only as a
score assigned to training examples, but as a workflow for querying, comparing, and interpreting
model behavior. The framework supports this view by combining live query computation with
precomputed training-side reference artifacts and by exposing the resulting attribution outputs
through a unified interface. Within the same system, a user can issue live queries, select existing
validation points, aggregate multiple inputs, compare attribution configurations, inspect overlap
among highly ranked examples, and apply the same workflow across several data settings.

The framework was demonstrated on public question-answering datasets, a multimodal driving-
video setting, and a medical record setting based on structured EHR sequences. Across these
settings, the same operational pattern remains intact even though the input formats and re-
sult displays differ substantially. Text examples are presented as readable question—answer
records, video examples are rendered through media-aware browsing and result views, and med-
ical records are surfaced through structured sequence summaries. This consistency is the main
contribution of the thesis: it shows that training data attribution can be organized as a reusable
workflow framework rather than as a collection of method-specific scripts.

The demonstrations also show the analytical value of comparison and aggregation. Compar-
ison mode makes it possible to move between full-ranking agreement, top-region overlap, and
shared versus configuration-specific retrieved examples. Multi-query support extends attribution
beyond single-example inspection by allowing a small group of related inputs to define the rank-
ing through elementwise score aggregation. The qualitative observations in Chapter {4| further
show that this workflow can reveal method- and modality-specific behavior: gradient methods
can agree globally while differing in top examples, lexical and model-based methods can surface
different neighborhoods, video attribution requires visual inspection of clips, and EHR attribu-
tion requires attention to sequence structure.

The practical and user-facing additions also support the workflow framing. Runtime esti-
mates show that, once reference artifacts are prepared, the system can support seconds-to-low-
tens-of-seconds interaction on a single workstation-class GPU. Preliminary user feedback sug-
gests that users especially valued the parts of the system that made attribution concrete: displayed
training examples, top-K result cards, shared comparison columns, and rank-agreement visual-
izations. At the same time, the feedback identified interface improvements that would make the
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workflow easier to use.

Limitations and Future Work

The current framework leaves several directions for future work. First, the system relies on
precomputed training-side artifacts for gradient-based and low-rank methods. This design is
essential for interactive use, but it also means that attribution behavior depends on the quality,
dimensionality, and construction procedure of the stored reference representations. Future work
could study these artifact choices more systematically, including how rankings change under
different projection dimensions, gradient targets, or influence approximations.

Second, the demonstrations in this thesis emphasize framework behavior and workflow func-
tionality rather than exhaustive benchmark-scale attribution evaluation. A broader empirical
study across larger models, larger datasets, and more varied modalities would clarify how the
framework behaves as the scale and heterogeneity of the attribution problem increase.

Third, preliminary user feedback suggests several concrete interface improvements. Users
found the example-level and comparison views useful, but they wanted clearer metric labels,
better score calibration, search or filtering over validation examples, stronger distinction between
live-query and validation-point modes, and more guidance when choosing attribution methods.
These improvements point toward a more guided attribution workbench with metric tooltips,
score percentiles or normalized scores, saved comparison outputs, suggested method pairs, and
example task presets.

Finally, the framework can be improved as an interactive system. Query caching, approxi-
mate retrieval over reference stores, batched processing for multimodal inputs, and more efficient
server-side execution would improve responsiveness in larger deployments. User-facing studies
would also be valuable: researchers and practitioners may use comparison mode, overlap analy-
sis, and multi-query inspection in different ways when debugging models, curating datasets, or
studying training-data behavior. These directions would extend the thesis contribution from a
working framework to a more complete environment for practical data attribution research.
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