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Abstract

Human-Computer Interaction Institute

Computational Design of Morphing Looped Graph Structures
by Jianzhe GU

Over the past few decades, robotics has undergone a transformative evolution, yet cre-
ating machines capable of dramatic volumetric shape changes while maintaining high struc-
tural stability and precision remains elusive. Among various approaches, truss robots and
tensegrity robots - which we term looped-graph structures (LGSs) - offer unique advantages
through their architecture of nodes and length-changeable edges. These structures lever-
age their graph topology with loops, where edges can circle back to their starting nodes,
to achieve extensive degrees of freedom and distinctive shape-changing capabilities while
maintaining structural stability through their distributed network.

LGSs face two fundamental challenges that have limited their practical implementation.
First, as their complexity grows exponentially with size, they encounter the Curse of Dimen-
sionality (CoD), making both physical fabrication and control system design increasingly
intractable. Second, the discrete nature of their graph topology and categorical parameters
like actuator grouping assignments make traditional continuous optimization approaches in-
effective, particularly as the design space grows geometrically with robot size.

We present a systematic progression of solutions that addresses both challenges. To
tackle the CoD in physical implementation, we introduce an actuator grouping mechanism
inspired by biological muscle synergy, where complex movements emerge from coordinated
muscle groups rather than individual control. This enables the fabrication of truss robots with
over 100 actuators controlled by just a few modules, dramatically reducing system complex-
ity while maintaining shape-changing capabilities. Building on this foundation, we develop
an interactive editor with real-time simulation that bridges the gap between conceptual design
and physical implementation.

For complex structures capable of multiple tasks, we first implement a customized genetic
algorithm that navigates the discrete graph space while respecting connectivity constraints.
However, as truss complexity scales up, this discrete optimization becomes inefficient in
the geometrically increasing search space. To overcome these limitations and enable topol-
ogy generation, we develop two complementary approaches using variational auto-encoders
(VAE) that transform the discrete design space into continuous latent representations for more
efficient optimization. We introduce a novel truss grammar that represents designs through
sequential tokens and parameters, enabling translation between discrete structures and con-
tinuous latent spaces. Our graph attention network approach achieves 99.925% accuracy in
reconstructing actuator groupings, while our long short-term memory network successfully
generates complete truss topologies and parameters, creating the first end-to-end framework
for optimizing both discrete topology and continuous parameters of truss robots.

Through demonstrations ranging from quadrupedal locomotion to shape-shifting struc-
tures, we show that our framework enables the practical implementation of complex mor-
phing LGSs. By bridging the gap between theoretical capability and physical realization,
this work establishes foundations for a new generation of adaptive robots that can reshape
themselves to meet diverse task requirements.
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Chapter 1

Introduction

1.1 Motivation

Nature offers countless examples of creatures that dramatically transform their morphology
to adapt to their environment and tasks. From caterpillars that inch through narrow spaces
to octopus that squeeze through tiny openings, this adaptability enables survival in diverse
conditions. Inspired by these remarkable capabilities, robotics researchers have long sought
to create machines that can similarly modify their shape and structure. However, achieving
such versatile morphological adaptation while maintaining structural integrity and control
precision remains a signi cant challenge in robotics. Recent studies have demonstrated that
a robot's morphology fundamentally determines its functional capabilities [1]. A robot that
can actively modify its shape gains remarkable advantages: it can compress itself to navigate
con ned spaces, conform to objects for better manipulation, and even alter its appearance
to facilitate more natural human-robot interaction. These capabilities become particularly
crucial in scenarios where environmental conditions or task requirements can change dra-
matically, from search and rescue operations in collapsed buildings to adaptive furniture that
responds to user needs.

The unique adaptability of living organisms extends far beyond simple compressions or
expansions. Lizards like the frilled-neck lizard dramatically modify their throat structure, ex-
panding dewlaps to intimidate predators or attract mates [2]. The magni cent frigatebird can
in ate its gular pouch to nearly its body size during courtship displays, transforming its ap-
pearance for social signaling [3]. Perhaps most remarkably, octopi can modulate their entire
body shape uidly, not only for squeezing through constraints but also for complex behaviors
like tool manipulation and environmental exploration [4]. These adaptations represent more
than just changes in size or shape - they demonstrate fundamental alterations in body volume
and structure that serve diverse functions from defense and social communication to hunting
and survival. Notably, these transformations often involve body regions that defy simple cat-
egorization into traditional anatomical parts like limbs or appendages. Instead, they represent
integrated, whole-body adaptations that blur the distinction between structural and functional
elements.

The quest for morphological adaptability has led to several distinct approaches in robot
design. Each category offers unique advantages while facing speci c limitations in achiev-
ing versatile shape transformation (Fig. 1.L)mbed robots, which mirror the anatomical
structure of animals and humans [5, 6], utilize a central body with branching limbs [7, 8].
These robots can be equipped with diverse end-effectors such as wheels, grippers, or sensors,
and some feature variable limb lengths [9, 10] or morphing wheels [11]. While effective
for many tasks, their tree-like topology [12—14] constrains their shape-changing capabilities.
They can move limbs but cannot fundamentally alter their volume or overall stru€are.
tinuum robots, inspired by spineless organisms like octopi and worms [15, 16], represent
another approach. These robots employ soft, continuously deformable materials that provide
virtually in nite degrees of freedom in movement and shape adaptation. Much like how an
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octopus can squeeze through openings barely larger than its eye, these robots can theoreti-
cally achieve remarkable exibility. However, this exibility comes at a cost: they often lack
mechanical stability and load-bearing capacity. Moreover, their reliance on complex material
properties presents signi cant challenges in fabrication and precise control, particularly for
larger structures or extended operations.

A robot's morphology fundamentally determines not just its physical capabilities but
also its potential for meaningful interaction with humans and environments. Shape-changing
robots have emerged as a powerful paradigm in human-computer interaction (HCI) and
human-robot interaction (HRI), where their adaptability serves diverse functions beyond tra-
ditional robotics tasks. In HCI, shape-changing interfaces enable dynamic physical affor-
dances, convey information through form changes, and adapt to different usage contexts.
For instance, a single adaptive structure might transform from a at surface for display to
a curved form for ergonomic interaction, or recon gure itself to provide tactile feedback or
physical constraints. In HRI scenarios, a robot's ability to modify its shape can signi cantly
enhance its social presence and functionality - from adjusting its posture to match the so-
cial context, to modifying its form factor to better suit different interaction scenarios. This
expansion beyond conventional robotic applications has driven the development of various
shape-changing systems, each addressing different scales and interaction requirements.

At room and furniture scales, shape-changing robots demonstrate remarkable potential
for adapting physical spaces to user needs. Recent advances have produced systems capa-
ble of dramatic volumetric transformations while maintaining practical utility. In atable-
Bots [17] and RoomShift [18] enable large-scale encountered-type haptics in virtual reality
through different approaches - the former using in atable structures and the latter employing
furniture-moving swarm robots. These systems can dynamically recon gure spaces, creating
physical affordances that match virtual environments. Similarly, LiftTiles [19] demonstrates
how modular, recon gurable actuators can construct room-scale shape-changing interfaces,
enabling adaptive furniture and environmental-scale haptic feedback. More permanent in-
stallations like the Constraint-Driven Robotic Surfaces [20] show how shape-changing walls
can morph into functional furniture elements, while systems like TRANSFORM [21] and in-
FORM [22] create dynamic physical affordances through arrays of actuated elements. These
implementations reveal a crucial insight: effective shape-changing systems must balance
transformation capabilities with structural stability and practical utility.

At desktop and personal scales, shape-changing interfaces demonstrate even greater di-
versity in their transformation capabilities and interaction modalities. Systems like Chain-
FORM [23] and LineFORM [24] showcase how linear, recon gurable structures can serve
multiple functions - morphing from information displays to wearable devices, or transitioning
between interactive tools and aesthetic elements. PneUl [25] introduces pneumatically actu-
ated interfaces that can adapt their form for different contexts, from shape-changing mobile
devices to responsive wearables that modify their structure based on user needs. More spe-
cialized systems like MorphlO [26] demonstrate entirely soft sensing and actuation modules
that enable programmable shape changes through tangible interaction, while ShapeBots [27]
shows how swarms of small, shape-changing robots can collectively form larger structures
for various interaction scenarios. Even seemingly simple interfaces like Dynablock [28] and
the Fluidic Computation Kit [29] push the boundaries of what's possible, enabling dynamic
3D shape formation and mechanical logic-driven transformations respectively. These sys-
tems highlight a critical advantage of smaller-scale shape-changing interfaces: their ability
to seamlessly transition between different functional states while maintaining close physical
interaction with users.

The role of morphological adaptation becomes particularly crucial in social robotics,
where a robot's physical form directly in uences human perception and interaction. Stud-
ies in social robot morphology [30, 31] reveal how different physical forms evoke distinct
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social responses - from the level of trust users place in the robot to their willingness to en-
gage in various interaction scenarios. This understanding has led to innovations in dynamic
morphological expression, exempli ed by research in texture-changing robot skin [32—-34].
These systems demonstrate how subtle changes in surface morphology can convey emotional
states and social signals, much like the social displays observed in nature. Beyond simple
aesthetic changes, morphological adaptation in social robots can serve functional purposes
- a robot might appear more approachable during casual interactions, then recon gure to
provide physical assistance when needed [35]. The ability to transition between different
morphological states becomes particularly valuable in healthcare and social care settings,
where robots must adapt their appearance and functionality to suit various care scenarios
while maintaining appropriate social presence. This dynamic adaptation capability repre-
sents a signi cant advance over traditional xed-morphology robots, enabling more nuanced
and context-appropriate human-robot interactions.

Among various shape-changing structures such as linear pin arrays [36], in atable blad-
ders [37, 38], and origami [39], meshes and trusses have been widely adopted for their advan-
tages in modularity, recon gurability, and high volume-weight ratiooped Graph Robots
(LGRs), encompassing both truss robots and tensegrity robots, emerge as a promising alter-
native that combines structural stability with shape-changing capabilities. Truss robots con-
sist of joints connected by rigid linear actuators whose varying lengths enable complex shape
transformations [40]. These Variable Geometry Trusses (VGTs) can achieve diverse transfor-
mations including rotation, twisting, linear scaling, and volumetric changes. This exibility
enables a wide range of capabilities: from locomotion [41, 42] and manipulation [43, 44]
to specialized morphological adaptations [45-48]. The unique advantage of LGRs lies in
their graph topology with loops, where edges can circle back to their starting nodes. This
topology provides both structural stability and extensive degrees of freedom, allowing for
dramatic shape changes while maintaining load-bearing capacity. Tensegrity robots [49] fur-
ther extend this concept by combining cables and rods in a prestressed network, offering
exceptional strength-to-weight ratios and natural impact absorption capabilities. Both types
of LGRs share a crucial feature: their sparse internal volume allows for more extensive shape
changes compared to solid-body alternatives, while their discrete structure enables more pre-
cise control than continuous soft robots.

1.2 Background

The quest for morphological adaptability has led to several distinct approaches in robot de-
sign. Each category offers unique advantages while facing speci ¢ limitations in achieving
versatile shape transformation (Figure 1.1).

Limbed robots, which mirror the anatomical structure of animals and humans [5, 6],
utilize a central body with branching limbs [7, 8]. These robots can be equipped with diverse
end-effectors such as wheels, grippers, or sensors, and some feature variable limb lengths [9,
10] or morphing wheels [11]. While effective for many tasks, their tree-like topology [12—-14]
constrains their shape-changing capabilities - they can move limbs but cannot fundamentally
alter their volume or overall structure.

Continuum robots, inspired by spineless organisms like octopi and worms [15, 16],
represent another approach. These robots employ soft, continuously deformable materials
that provide virtually in nite degrees of freedom in movement and shape adaptation. Much
like how an octopus can squeeze through openings barely larger than its eye, these robots
can theoretically achieve remarkable exibility. However, this exibility comes at a cost:
they often lack mechanical stability and load-bearing capacity. Moreover, their reliance on
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complex material properties presents signi cant challenges in fabrication and precise control,
particularly for larger structures or extended operations.

Cubic robots take a different approach, building from repeated modular units. Multi-
material voxel robots [50-53] achieve shape changes by selectively activating speci ¢ voxels
with different material properties. While this approach offers good shape approximation ca-
pabilities, it faces fundamental limitations in scalability and precision due to the inherent
constraints of solid volumes and the complex interactions between connected voxels. Mag-
netic self-recon gurable cubic robots [54, 55] enable voxelated shape reassembly through
magnetic connections but sacri ce structural integrity and continuous motion capabilities.

Looped Graph Robots (LGRs) encompassing both truss robots and tensegrity robots,
emerge as a promising alternative that combines structural stability with shape-changing ca-
pabilities. Truss robots consist of joints connected by rigid linear actuators whose vary-
ing lengths enable complex shape transformations [40]. These Variable Geometry Trusses
(VGTSs) can achieve diverse transformations including rotation, twisting, linear scaling, and
volumetric changes. This exibility enables a wide range of capabilities: from locomo-
tion [41, 42] and manipulation [43, 44] to specialized morphological adaptations [45-48].

The unigue advantage of LGRs lies in their graph topology with loops, where edges
can circle back to their starting nodes. This topology provides both structural stability and
extensive degrees of freedom, allowing for dramatic shape changes while maintaining load-
bearing capacity. Tensegrity robots [49] further extend this concept by combining cables and
rods in a prestressed network, offering exceptional strength-to-weight ratios and natural im-
pact absorption capabilities. Both types of LGRs share a crucial feature: their sparse internal
volume allows for more extensive shape changes compared to solid-body alternatives, while
their discrete structure enables more precise control than continuous soft robots. These char-
acteristics make LGRs particularly suitable for applications ranging from adaptive furniture
to search-and-rescue robots that must navigate varying terrain while maintaining structural
integrity.

The nal category,Looped Graph Robots (LGRSs) represents a distinct approach to
morphological adaptation through its unique topology of interconnected nodes and edges.
This category encompasses two main tyfasss robots andtensegrity robots

Truss robots, also known as variable geometry trusses (VGTSs), consist of joints (nodes)
and rigid linear actuators (edges) arranged in tetrahedral or octahedral structures [40]. By
varying the lengths of their actuator beams, these robots can achieve diverse transforma-
tions including rotation, twisting, linear movement, and volumetric scaling. This exibility
enables VGTs to perform a wide range of tasks: from traditional robotic functions like loco-
motion [41, 42] and manipulation [43, 44], to specialized activities requiring complex mor-
phological adaptations [45-48]. However, despite their advantages in degrees-of-freedom
(DOFs) and versatility, current VGTs face a fundamental challenge: their control systems
scale exponentially with the number of beams [40]. As a result, existing physical implemen-
tations are limited to either simple structures with few tetrahedral units [43, 56, 57] or larger
structures where only a small subset of beams are actuable [45].

Tensegrity robots[49] offer a complementary approach within the LGR family. These
robots combine rigid rods with adjustable cables, achieving dramatic shape changes through
the coordinated length adjustments of these components. While this design offers advantages
in weight reduction and impact absorption, tensegrity robots share similar challenges with
VGTs: they feature discrete looped-graph topologies and must maintain complex rules of
self-balance, making their design and control optimization particularly challenging.

The de ning characteristic of LGRs is their graph topology with loops, where edges can
circle back to their starting nodes. This architecture provides three key advantages: structural
strength derived from the looped graph structure, extensive degrees of freedom due to the
length variability of each edge, and distinctive volumetric shape-changing capabilities. These
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features make LGRs particularly suitable for applications ranging from search-and-rescue
robots that must adapt to challenging environments, to companion robots with customizable
shapes, to dynamic entertainment structures. However, realizing these applications requires
overcoming signi cant challenges in both design optimization and control.

FIGURE 1.1: Examples, topologies and features of limbed robots [5-8], con-
tinuum robots [15, 16], cubic robots [58, 59], and looped graph robots [40,
49].

LGRs derive their unique capabilities from their graph topology with loops, where edges
can circle back to their starting nodes. This architecture offers three fundamental advantages:
structural strength through the distribution of forces across the looped structure, extensive de-
grees of freedom from independently variable edge lengths, and distinctive volumetric shape-
changing capabilities that surpass those of traditional robotics approaches. These character-
istics enable LGRs to achieve complex transformations while maintaining structural integrity
- a combination rarely found in other morphing robot designs.

Both truss and tensegrity robots within the LGR family demonstrate remarkable versatil-
ity through their large degrees of freedom (DoF). This extensive DoF enables precise local
adjustments for manipulation tasks while supporting dramatic whole-body transformations.
The key to achieving such versatility lies in the robots' discrete structure - each edge can be
independently controlled, creating a highly adaptable system that can be precisely tuned for
speci ¢ tasks.

This discrete, edge-based architecture offers another crucial advantage: computational
tractability. Unlike continuum robots that require complex material modeling, or voxel-based
robots that demand intensive computational resources for their solid volumes, LGRs present
relatively straightforward simulation models. Their mechanical behavior, while sophisti-
cated, follows clear principles based on the interactions of discrete elements. This simu-
lability makes LGRs particularly suitable for computational tasks like design optimization,
motion generation, and performance analysis.

The modular nature of LGRs extends these advantages into practical bene ts. By us-
ing a sparse network of edges and nodes rather than solid volumes, these robots achieve
remarkably high volume-to-weight and volume-to-mass ratios. This ef cient use of material
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creates structures that are not only lightweight but also highly functional. The open, lattice-
like architecture serves multiple purposes: it provides natural mounting points for sensors
and actuators, allows for easy access to internal components, and enables straightforward
assembly and maintenance. When transportation or storage is needed, these robots can be
ef ciently disassembled and later reconstructed without compromising their functionality.

These fundamental characteristics - extensive DoF, computational tractability, and mod-
ular design - combine to enable a diverse range of applications. In locomotion tasks, LGRs
can dynamically adjust their gait and body shape to navigate varying terrains, from urban
environments to disaster sites. Their precise control and load-bearing capabilities make them
suitable for practical applications like adaptive furniture or recon gurable workspace ele-
ments. As animated sculptures, they can create engaging kinetic displays through controlled,
dynamic transformations. Perhaps most signi cantly, they can actively adapt to environmen-
tal challenges, such as attening to pass through narrow spaces or adjusting their contact
geometry for optimal friction and stability.

1.3 Challenge: Curse of Dimensionality and Discreteness in LGR

Despite their theoretical potential for extensive degrees of freedom and dramatic shape changes,
the practical implementation of LGRs remains constrained. Current physical realizations of
truss robots are limited to either simple topologies with fewer than 40 beams, or more com-
plex structures that exist only in simulation [60]. These limitations stem from two fundamen-
tal challenges: the Curse of Dimensionality (CoD) and the discrete nature of graph structures
(Figure 1.2).

Despite their advantages in degrees-of-freedom (DOFs) and versatility, current VGTs
face scalability issues due to the complexity of their control systems, which scale exponen-
tially with the number of beams [40]. This complexity results in physical VGT implemen-
tations being limited to either a few tetrahedral units [43, 56, 57] or structures where only
a few beams are actuable [45], restricting their achievable motions. Given the same size of
the elements, beam lengths and cable lengths, scaling up the volume of an LGR leads to a
cubic increase in the number of elements. This curse of dimensionality manifests in multiple
critical ways:

First, the hardware complexity grows exponentially. For truss robots, the assembly ef-
fort increases cubically with size. The challenge of individually controlling each actuator
becomes even more daunting - while wireless communication and on-body control systems
could theoretically make the structure untethered, the associated costs become prohibitive,
and the increasing total weight begins to negate the structure’s traditionally advantageous
volume-to-weight ratio.

The second manifestation of CoD appears in the design and optimization space. As the
number of edges in a structure increases linearly, both the possible combinations of actuator
groupings and the complexity of control strategies grow geometrically. For example, a linear
increase in the volume of an LGR typically leads to a cubically increased search space for
combinatorial optimizers.

The other fundamental challenge stems from the discrete nature of the graph structure
of LGRs. While graphs offer advantages in sparsity for storage and compatibility with com-
puter data structures, their discrete nature creates signi cant optimization challenges. Unlike
continuum robots that are inherently suitable for continuous optimization, or cubic robots
that can be optimized in a continuous space and then discretized to a regular grid structure,
the non-regular and non-Euclidean graph structure of LGRs poses unique dif culties. This
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discrete nature proves particularly challenging when combined with actuator grouping strate-
gies, limiting optimization approaches to heuristics-based combinatorial methods that often
prove less ef cient than continuous optimization techniques.

These challenges - the curse of dimensionality and the discrete nature of graph structures
- become particularly acute as we attempt to scale LGRs to more complex tasks and larger
sizes. The optimization becomes exponentially more dif cult as the search space grows larger
with the robot's complexity, often increasing rapidly in size. This makes nding optimal con-
gurations, groupings, and balancing various design parameters an increasingly challenging
task. The situation becomes even more complex when dealing with tensegrity robots, which
must maintain additional constraints for structural stability.

FIGURE 1.2: lllustration of the curse of dimensionality (CoD) challenge in

the fabrication and design of looped graph robots. As the number of edges

increases linearly, the required number of actuable beams and the combina-
tion of beam grouping increase geometrically.

1.4 Thesis Overview

The looped graph structure offers immense potential in robotics through its high degrees of
freedom and shape-morphing capabilities. These structures uniquely combine scalability,
modularity, and lightweight design with the ability to achieve dramatic shape transforma-
tions. However, two fundamental challenges - the Curse of Dimensionality (CoD) and the
inherent discreteness of these structures - currently limit both their fabrication and computa-
tional capabilities.

This thesis presents a systematic progression of solutions to unlock the full potential of
LGRs, focusing particularly on truss robots. Our approach evolves from practical hardware
solutions to increasingly sophisticated computational methods, each building upon the in-
sights of the previous:

1.4.1 Overcoming CoD in Fabrication through Synergy-Inspired Actuator Group-
ing

We rst address the challenge of CoD in fabrication and controller complexity through a
novel actuator grouping mechanism. Drawing inspiration from muscle synergy in biological
systems, our approach mirrors how complex movements in nature emerge from coordinated
muscle groups rather than individual muscle control. In biological systems, this synergy
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mechanism enables sophisticated behaviors like walking or jumping without conscious con-
trol of individual muscles, signi cantly reducing the neural pathway complexity [61, 62].
Details in PneuMesh: Actuator Grouping in Truss Robot.

Translating this biological principle to robotics, we introduce a method to group actu-
ators through customizable connection joints. Each subset of actuators can be controlled
simultaneously by a single control module, signi cantly reducing the redundancy in control
mechanisms while maintaining the system's expressiveness. This innovation represents a
fundamental shift in truss robot design - rather than scaling control complexity linearly with
the number of actuators, our approach enables exponentially more complex structures with
only linear increases in control complexity.

The practical implementation of this concept involves carefully designed joint structures
that can selectively channel actuation signals across multiple beams. This design not only
simpli es the control architecture but also reduces the physical complexity of wiring and
power distribution. By allowing a single control signal to coordinate multiple actuators, we
achieve sophisticated morphological changes with dramatically reduced hardware overhead.
This breakthrough makes the fabrication of complex LGRs more feasible, enabling the con-
struction of truss robots with greater degrees of freedom [63].

However, this solution introduces new challenges in the design space: determining op-
timal topology for speci ¢ tasks, ef ciently allocating actuator groupings, and ensuring that
grouped actuators can effectively coordinate to achieve desired motions. These challenges
motivated our subsequent developments in design tools and optimization methods.

1.4.2 Interactive Editor and Simulator for Forward Design

To support human designers in navigating these complex design spaces, we developed an
interactive editor and simulator that bridges the gap between conceptual design and physical
implementation. This tool enables real-time visualization and iterative design in a virtual
environment, providing immediate feedback on the feasibility and effectiveness of different
design choices. Details in PneuMesh: Actuator Grouping in Truss Robot.

Our simulator implements a highly-damped dynamical model that balances computa-
tional ef ciency with physical accuracy. The model captures essential physical behaviors
including length constraints, gravity, ground collision, and friction, while using signi cant
damping to approximate quasi-static behavior. This design choice enables rapid evaluation
of designs while maintaining suf cient accuracy for predicting physical performance. The
editor interface provides intuitive controls for de ning actuator groups, setting control pa-
rameters, and visualizing resulting movements.

Through extensive workshop demonstrations, we validated the tool's effectiveness across
various applications, from simple shape-morphing structures to complex adaptive furniture
designs. The workshops revealed both the potential and limitations of human-driven design.
While designers could effectively create basic locomotion patterns and simple transforma-
tions, more complex requirements - such as precise shape-matching or multi-objective op-
timization - proved challenging for human intuition alone. For instance, designing a truss
robot to achieve speci ¢ target shapes while maintaining structural stability across all con-
gurations often led to suboptimal solutions when relying solely on human judgment.

These insights into the limitations of human design capabilities, particularly when fac-
ing tasks requiring precise shape control (like expressive helmets) or complex manipulation
sequences, highlighted the need for automated optimization approaches. The gap between
human intuition and optimal solutions became particularly apparent in scenarios requiring si-
multaneous optimization of multiple objectives or precise coordination of numerous actuator
groups.
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1.4.3 Search for Optimal Solutions in Discrete Space

The need for automated optimization brought the challenges of CoD and discreteness into
sharp focus. The expansive search space created by CoD, combined with the discreteness and
connectivity constraints of actuator grouping, complicated the use of traditional continuous
optimizers. Our solution emerged in the form of a custom genetic algorithm (GA) speci cally
tailored to the unique constraints and objectives of truss robot design. Details in Muscle
Synergy Inspired Evolution of Actuator Network.

Our GA implementation incorporates several key innovations. First, we developed cus-
tom operators for mutation and crossover that explicitly respect connectivity constraints
while exploring the design space. These operators ensure that all generated solutions main-
tain physical feasibility - a crucial consideration for practical implementation. Second, we
introduced a multi-objective evaluation framework that simultaneously considers factors such
as structural stability, motion capability, and control complexity.

To handle the speci ¢ requirements of actuator grouping, we implemented a hierarchical
optimization structure. This approach rst optimizes the high-level topology and grouping
assignments before re ning individual actuator parameters within these groups. This hier-
archical strategy helps manage the combinatorial explosion of possible designs while main-
taining solution quality.

The effectiveness of this approach was demonstrated across various test cases, from sim-
ple locomotion tasks to complex shape-morphing sequences. However, as we scaled to larger
structures and more demanding applications, we began to encounter the fundamental limita-
tions of discrete optimization approaches. The ef ciency of genetic algorithms diminished
as the search space grew, particularly when dealing with hundreds of actuators or complex
sequences of shape transformations.

1.4.4 Reinforcement Learning for Closed-Loop Control

While genetic algorithm optimization enables effective open-loop control sequences, physi-
cal implementation revealed limitations when facing environmental disturbances and uncer-
tain conditions. Building on our actuator grouping mechanism, we explored reinforcement
learning as a means to enable closed-loop control while maintaining the computational ad-
vantages of grouped actuation.

Our approach frames the control problem as a reinforcement learning task where an
agent learns policies for dynamically selecting actuator group states based on real-time feed-
back. The state space incorporates both geometric con guration of the truss and translation-
invariant environmental information, with the action space de ned by the binary activation
patterns of actuator groups. To develop these policies, we implemented a two-stage opti-
mization process: rst using genetic algorithms to discover effective grouping strategies,
then training control policies through Proximal Policy Optimization (PPO).

This hierarchical approach demonstrated improved adaptability in physical experiments.
For instance, in locomotion tasks, the closed-loop controller maintained consistent perfor-
mance across multiple cycles where open-loop control showed increasing deviation. How-
ever, this work also revealed new challenges, particularly in developing ef cient state repre-
sentations and reward functions that generalize across different truss con gurations.

The insights gained from implementing closed-loop control, especially regarding the in-
terplay between physical structure and control policy, informed our subsequent investigation
into neural network approaches for comprehensive optimization of truss topology and pa-
rameters. The complete implementation details and experimental results are presented in
Chapter Closed-loop Control of Truss Robot using Reinforcement Learning.
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1.4.5 Continuous Representation and Optimization of Topology and Parame-
ters

Despite the effectiveness of our discrete optimizer, scaling up LGRs with increasing com-
plexity revealed fundamental limitations of genetic algorithms. Not only does their ef -
ciency diminish in larger search spaces, but they also cannot generate novel topologies better
suited for speci c tasks. This limitation becomes particularly acute when dealing with multi-
objective scenarios, where unconventional morphologies might outperform human-designed
structures. Details in Truss Topology and Parameter Generation with Variational Auto-
encoders.

To address these challenges, we developed two complementary approaches using varia-
tional auto-encoders (VAE). Our rst solution leverages graph attention networks (GAT) to
optimize actuator grouping connectivity within xed topologies. The GAT architecture's nat-
ural ability to process graph structures proved particularly effective in capturing both local
edge relationships and global structural patterns, enabling shape optimization while main-
taining physical connectivity constraints.

We then introduced a more comprehensive solution using long short-term memory (LSTM)
networks, coupled with a novel truss grammar that can represent loop-containing structures
through sequential tokens. This approach enables simultaneous optimization of both topol-
ogy and continuous parameters - a signi cant advance over traditional tree-based grammars
that cannot handle the complex loop structures inherent in truss robots. The LSTM-VAE
learns to reconstruct complete truss designs while managing the interplay between topologi-
cal structure and geometric properties.

The resulting architecture enables the generation of entirely novel truss robot designs that
meet speci ed performance objectives, with the continuous latent space allowing ef cient
exploration through gradient-based optimization. Our experiments demonstrate successful
generation of actuator groupings for shape deformation and, more signi cantly, complete
truss designs that can transform between multiple target shapes. To our knowledge, this rep-
resents the rstwork enabling continuous optimization and generation of both truss topology
and parameters.

1.5 Key Contributions and Insights

1.5.1 Biological Inspiration for Control Complexity Reduction

Our work demonstrates how biological principles can inform robotics design beyond mere
morphological mimicry. The muscle synergy principle, where complex movements emerge
from coordinated muscle groups rather than individual control [61, 62], provided both the-
oretical foundation and practical direction for our actuator grouping mechanism. This bio-
logical insight led to a fundamental advance in truss robot design - achieving exponentially
more complex structures with only linear increases in control complexity. The success of this
approach suggests broader applications of biological control principles in robotics design.

1.5.2 Hierarchical Approach to Design Optimization

Through developing increasingly sophisticated optimization methods, we discovered the ef-
fectiveness of a hierarchical approach to truss robot design. Beginning with discrete opti-
mization through genetic algorithms, then progressing to continuous latent space optimiza-
tion via neural networks, each method revealed different aspects of the design space. The
genetic algorithm proved effective for optimizing within xed topologies but highlighted the
need for topology generation. This led to our VAE approaches, which showed that separating
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topology generation from parameter optimization allows for more ef cient exploration of the
design space. This progression suggests that complex robotics design problems may bene t
from similar hierarchical decomposition.

1.5.3 Novel Capabilities in Volumetric Shape Change

Our work reveals unique advantages of LGRs in achieving dynamic volumetric shape changes,
distinct from other morphing robot approaches. Unlike in atable structures that permit only
preset transformations [64], or limbed robots lacking internal volume, LGRs enable con-
trolled, reversible shape changes with precise timing. Their sparse network structure over-
comes the resolution and expansion limitations faced by cubic robots [53], while maintain-
ing structural integrity throughout transformation. This capability opens new possibilities for
adaptive robotics in con ned spaces and dynamic environments.

1.5.4 Fundamental Trade-offs in Complex Robot Design

Our most signi cant insight concerns the relationship between control complexity and func-
tional capability. Our experiments reveal that performance improvements diminish beyond a
certain number of control groups, suggesting an optimal balance point that varies with task
complexity. This nding challenges the common assumption that more degrees of freedom
necessarily lead to better performance, instead pointing toward the importance of strategic
actuation grouping. This principle could inform the design of other complex robotic systems
where control complexity poses signi cant challenges.
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Chapter 2

Background

Recent advances in robotics have driven the development of diverse morphological approaches,
each offering unique advantages and limitations. To contextualize the signi cance of Looped
Graph Robots (LGRs), we rst examine the broader landscape of robotic systems, followed
by an analysis of static truss and tensegrity structures, and conclude with an overview of their
dynamic counterparts and optimization approaches.

2.1 Non-LGR Morphological Approaches

2.1.1 Limbed Robots

Limbed robots, which mirror the tree-structured anatomy of biological organisms, represent
the most prevalent category of robotic systems. These robots feature appendages branching
from a central body, with each limb potentially serving distinct functions. Notable imple-
mentations include robots with variable limb lengths [9, 10], morphing wheels [11], and
traditional legged systems [5, 6]. The topology of these robots follows a tree structure, where
each node represents either the body or a limb, characterized by both discrete attributes (e.g.,
wheel vs. gripper) and continuous parameters (e.g., length, motion range) [7, 8]. While this
architecture excels in speci c tasks, it inherently limits volumetric adaptability since limb
movements do not alter the robot's core volume.

2.1.2 Continuum Robots

Inspired by organisms lacking rigid skeletons, continuum robots employ soft materials to
achieve continuous deformation. These systems offer nearly in nite degrees of freedom in
their movement and environmental response [15, 16]. However, they face signi cant chal-
lenges in mechanical stability and strength. Their fabrication, typically relying on specialized
3D printing processes, presents scalability issues. Additionally, the non-linear physical mod-
els governing their behavior make accurate simulation particularly challenging, especially
for complex geometries or extended temporal sequences.

2.1.3 Cubic Robots

Cubic or voxel-based robots represent another signi cant category, characterized by their
regular, repeating units. Multi-material voxel robots [50-53] achieve shape transformation
through selective activation of speci c voxels. However, their solid volume nature and non-
linear inter-voxel interactions pose challenges for scalability and precision in real-world ap-
plications. Magnetic self-recon gurable cubic robots [54] enable voxelated shape reassembly
through magnetic connections but struggle with structural integrity and continuous motion
capabilities.
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2.2 Static Structures: Foundation for Dynamic Systems

2.2.1 Truss Structures

Traditional truss structures, composed of rigid rods and linkages forming tetrahedral and
octahedral con gurations, provide foundational insights for dynamic systems. Their key

advantages include structural stability, high volume-to-weight ratios, and ef cient material

utilization [40, 65, 66]. These properties facilitate easy transportation, assembly, and dis-
assembly while maintaining structural integrity. The inherent modularity of truss designs
allows for straightforward integration of additional components and functionalities.

2.2.2 Tensegrity Structures

Static tensegrity structures, utilizing a combination of rigid rods and tensioned cables, demon-
strate unique mechanical properties. Their design ensures that rigid components never di-
rectly connect, instead relying on a network of cables under tension to maintain structural
integrity. This architecture results in exceptional volume-to-weight ratios and impact absorp-
tion capabilities. While these structures excel in certain applications, their reliance on cables
can limit load-bearing capacity and impose speci ¢ material requirements. The complexity
of maintaining self-balancing tension adds another layer of algorithmic challenges.

2.3 Dynamic Systems: Truss and Tensegrity Robots

2.3.1 Truss Robots

Truss robots represent a dynamic evolution of static truss principles, replacing traditional
rigid rods with linear actuators capable of length variation. The fundamental tetrahedral
and octahedral topology of these systems ensures that shape changes remain deterministic as
actuator lengths modify. This predictability stems from the inherent geometric constraints of
the structure, allowing precise control over morphological transformations.

The capabilities of truss robots extend far beyond simple structural support. In the realm
of manipulation and locomotion, these systems demonstrate remarkable versatility. Research
by Spinos et al. [57] and Liu et al. [42] has shown how truss robots can achieve complex
maneuvers through coordinated actuator movements. Their high degree of freedom enables
them to execute intricate shape transformations while maintaining structural stability, a cru-
cial feature for advanced robotic applications.

Environmental adaptation represents another signi cant capability of truss robots. Za-
gal et al. [67] demonstrated how these systems can navigate through irregular terrain and
con ned spaces by modifying their morphology in response to environmental challenges.
This adaptability proves particularly valuable in exploration and rescue operations, where
the ability to change shape can mean the difference between success and failure in accessing
restricted areas.

The structural integrity inherited from traditional truss designs enables these robots to
manage substantial loads while maintaining their shape-changing capabilities. Usevitch et
al. [68] explored this dual capacity, showing how truss robots can distribute loads effectively
across their structure while still executing complex movements. However, as Kovacs et al.
[69] noted, these systems face a signi cant challenge in scalability. The control system
complexity increases proportionally with structural complexity, as each additional actuator
typically requires independent control.
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2.3.2 Tensegrity Robots

Tensegrity robots advance the principles of static tensegrity structures by incorporating active
elements in both their rigid components and cables. This dynamic adaptation of the tensegrity
principle creates systems with unique capabilities and characteristics. These robots maintain
the fundamental tensegrity requirement that rigid components never directly connect, instead
relying on a network of cables under tension to maintain structural integrity.

The distributed tension network in tensegrity robots provides natural shock absorption
capabilities, as demonstrated by Caluwaerts et al. [70] in their work on space exploration
applications. This inherent resilience makes tensegrity robots particularly well-suited for
navigation across rough terrain or environments where impact resistance is crucial. The
structure dissipates forces throughout its network of tensions and compressions, rather than
concentrating them at speci ¢ points.

The biomimetic properties of tensegrity robots, explored by Lessard et al. [71], reveal in-
teresting parallels with biological systems. These similarities lead to more natural movement
patterns and improved adaptability to various environmental conditions. The integration of
rigid and exible elements mirrors biological structures, suggesting potential applications in
bio-inspired robotics and medical devices.

Deployability represents another signi cant advantage of tensegrity robots. Sabelhaus et
al. [72] investigated how these structures can ef ciently collapse and expand while main-
taining their structural integrity. This capability proves particularly valuable in applica-
tions where transportation or storage space is limited, such as space exploration missions
or portable rescue equipment.

The application spectrum of tensegrity robots continues to expand. Bruce et al. [73]
demonstrated their potential in planetary exploration, where the combination of structural
resilience and adaptability proves invaluable. In the medical eld, Liu et al. [74] explored
applications in rehabilitation devices, leveraging the unique combination of rigidity and ex-
ibility inherent in tensegrity structures. These robots can provide controlled support while
maintaining compliance, making them suitable for direct human interaction.

The development of tensegrity robots faces distinct challenges in control system design
and fabrication. The interdependent nature of tensions and compressions within the structure
requires sophisticated control algorithms to maintain stability during shape changes. Addi-
tionally, the selection and integration of appropriate materials for both rigid components and
tensioned elements remain active areas of research, as these choices signi cantly impact the
robot's performance and capabilities.

2.4 Neural Network Approaches for Robot Design

The optimization of robot designs, particularly those with graph-based structures, has seen
signi cant advancement through neural network approaches. Traditional optimization meth-
ods often struggle with the discrete nature of robotic structures, leading researchers to explore
techniques that can bridge discrete and continuous representations. Variational Autoencoders
(VAEs) have emerged as a powerful tool in this domain, offering the ability to transform dis-
crete structural representations into continuous latent spaces suitable for optimization. This
approach has proven particularly valuable in molecular design and robot morphology gener-
ation [75].

Graph Neural Networks (GNNs) and Graph Attention Networks (GAT) have demon-
strated particular promise in processing graph-structured data, with Kim et al. [76] showing
their effectiveness in condensing complex kinematic structures into lower-dimensional rep-
resentations. These networks excel at capturing both local connectivity patterns and global
structural features, making them well-suited for robotic design optimization. The integration
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of GAN-based approaches with evolutionary algorithms, as demonstrated by Hu et al. [77],
has further expanded the possibilities for generating and optimizing modular robot designs.

2.5 Grammar-Based Robot Representation

The challenge of representing complex robotic structures in a form suitable for computational
optimization has led to the development of various grammar-based approaches. RoboGram-
mar, introduced by Zhao et al. [7], demonstrates how discrete representation combined with
grammar-based procedural generation can effectively guide the search process for optimal
robot designs. This approach has proven particularly effective for tree-structured robots,
where components branch from a central body in a hierarchical manner.

However, the representation of robots with cyclic or looped structures presents unique
challenges not addressed by traditional tree-based grammars. While researchers have suc-
cessfully applied grammar-based approaches to limbed robots [8, 78] and CAD models [79],
these methods typically rely on having a unique root node from which the structure can grow.
The extension of grammar-based representations to handle looped structures, while maintain-
ing the advantages of sequential token representation, remains an active area of research.

The success of transformer-based approaches in processing these grammar representa-
tions, as shown by Gupta et al. [78], suggests promising directions for future development.
These methods offer the potential to learn universal controllers for modular robot design
spaces, while maintaining the ability to handle complex topological constraints and symme-
try requirements.
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Chapter 3

PneuMesh: Actuator Grouping in
Truss Robot

From transoceanic bridges to large-scale installations, truss structures have been known for
their structural stability and shape complexity. In addition to the advantages of static trusses,
truss structures have a large degree of freedom to change shape when equipped with rotat-
able joints and retractable beams. However, it is dif cult to design a complex motion and
build a control system for large numbers of trusses. In this paper, we present PneuMesh,
a novel truss-based shape-changing system that is easy to design and build but still able to
achieve a range of tasks. PneuMesh accomplishes this by introducing an air channel con-
nection strategy and recon gurable constraint design that drastically decreases the number
of control units without losing the complexity of shape-changing. We develop a design tool
with real-time simulation to assist users in designing the shape and motion of truss-based
shape-changing robots and devices. A design session with seven participants demonstrates
that PneuMesh empowers users to design and build truss structures with a wide range of
shapes and various functional motions.

3.1 Introduction

Among various shape-changing structures such as linear pin arrays [36], in atable bladders
[37, 38], and origami [39], meshes and trusses have been widely adopted for their advan-
tages in modularity, recon gurability, and high volume-weight ratio. Mesh or truss-based
shape-changing structures have been seen as modeling toolkits computationally augmented
for both sensing [80] and actuation [81, 82]. Mesh or truss-based structures have been used
to construct dynamic [69] and static [83] artifacts and devices through different actuation
and morphing techniques as well. Beyond HCI, truss structures are also commonly used in
industry and architecture due to their structural stability and modularity [84—86]. A truss typ-
ically consists of multiple triangular units constructed from straight beams whose ends are
connected at joints. By replacing passive beams with linear actuators that can change length
independently, researchers enable a truss structure to locomote, change shape drastically, or
manipulate objects [87]. Truss devices do not have speci ¢ morphology or motions: they
can be assembled into arbitrary shapes, and each part of their bodies can be an actuator. By
changing the body shape with a large number of actuators, truss devices can execute various
motions, including linear or volumetric scaling, rotation, twisting, and adapting to different
environments.

Despite their versatility and adaptiveness, truss devices suffer from an increasingly scaled
complexity of the control system. As each beam is controlled independently, the number of
control units (e.g. air tubings, wires, motors) is proportionally scaled with regard to the
complexity of shape and motion. To reduce the control complexity, researchers use a small
number of beams [68], or set most of the beams as passive units [69]. However, these design
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FIGURE 3.1: PneuMesh consists of a computation design platform and a
set of novel hardware design improvements for Truss-based morphing and
locomotion robots.

strategies often compromise the resolution of the shape (i.e., the number of the truss units),
or the complexity of the motion. In this paper, we seek an approach that can give us a certain
degree of control over every individual beam but still keep a relatively simple physical setup.

We propose PneuMesh, a pneumatic truss-based shape-changing system that can achieve
multiple tasks with a small number of control units (Figure 3.1). PneuMesh is composed of
adjustable pneumatic linear actuators (beams) with air channels inside, multi-way joints that
direct air to separate channels, and air ow valves controlling each channel. We introduce
1) a partial connection strategy of dividing the entire truss structure into muéi@anel
compartmentswith each compartment containing multiple beams that share an air ow valve
and connect through algorithmically generated joints, and 2) a replaceable stopper structure
that controls the minimum beam length under negative air pressure by restricting contraction.
The interconnected beams within one compartment are actuated simultaneously yet have in-
dividually recon gurable contraction ratios. By carefully designing the connection strategy,
we allow users to actuate a large number of beams (up to more than 118) with only a few air
channel controllers (fewer than or equal to four in this paper), but still create rich motions
through the combinations of stopper locations and air ow signals. For example, a six-leg
walker can achieve forward motion plus left and right turns with only two air ports and two
tubings (Figure 3.2). Trussformer [69] showed a similar design with 12 individually control-
lable linear actuator units with correspondingly higher wiring and control complexity, cost,
and weight.

As the number of beams and time span increase, the search space of the stopper positions,
channel connectivity, and control signals scales up proportionally. Thus, we build an online
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FIGURE 3.2: A six-leg walker with only two channels compartments can

move ahead effectively, designed in the PneuMesh platform. In contrast,

most typical six-legged robots have more control units (12 linear actuators
in TrussFormer [69])

design tool that allows users to edit and simulate the device motions without try-and-error in
the physical world.
Our main contributions are as follows:

« A multifunctional truss-based shape-changing system with small numbers of air chan-
nels as the control. The system can act on various motions through adjusting beam
contraction ratio, channel con guration, and air ow control signals.

» A computational design tool that assists users to edit, simulate and export the shape-
changing device.

« Digital designs and physical prototypes that demonstrate the design potential of the
system.

3.2 PneuMesh System

We present PneuMesh, a pneumatic truss-based shape-changing system that can achieve mul-
tiple tasks with a small number of control units. To change beam lengths on the same channel,
we rst introduce a passive stopper structure that stops the contraction of the beam at a spe-
ci c length. The stopper can be manually replaced to adjust the contraction ratio of the beam
without any controller modules. Second, to reduce the complexity of the control system
of traditional truss devices without losing shape-changing capacity, we introduce the partial
connection strategy: each air channel connects a portion of the beams through multi-way
joints, where the interconnected beams are actuated simultaneously but independently from
beams on other channels. The combination of air channel connection, stopper locations and
air ow signals enable PneuMesh to achieve multiple complex motions with a limited number
of air channels. Below we will describe the four main design features in more details:

(1) Adjustable Contraction Ratio of Active Bean@ur linear actuators are constructed
with a shell, a piston, an adapter, and a stopper structure that can be relocated on the piston
(Figure 3.3a). Each stopper can be manually plugged in to one of three grooves on the 3D
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printed piston such that the contraction of the piston will be stopped at the stopper location
(Figure 3.3Db). In short, when being in ated, every beam actuator will extend to the same full
length. When de ated, they will contract by a certain percentage based on the constraint
position. Based on our design and measurement, the actuator can be set to one of four
different contraction ratios under de ation as shown in Figure 3.3c. Figure 3.3d, e show the
designed and fabricated single actuator unit, respectively. We demonstrate how the adjustable
contraction ratio of each beam can be leveraged to transform a tetrahedron in Figure 3.4a, b.

FIGURE 3.3: (a) Each pneumatic linear actuator is composed of a shell, a

customized piston, and a tubing adaptor. Flexible rubber tubing connects

the adapter to the multiway joints. (b) The stopper structure can be placed

onto any of the three grooves on the piston to control the contraction ratio in

(c). (d) The physically fabricated structure. (e) The computer model of the
actuator unit.

(2) Passive BeamslTo accommodate complex geometry while simplifying the fabrica-
tion tasks, we allow users to convert actuation (active) beams that have been set with full
contraction into geometrically equivalent passive beams, Figure 3.4c.

(3) Recon gurable Channel Compartmehe design 3D printable multi-way joints each
allowing different channels to go through separately.

(4) Control Signals.Since we allow recon gurable channel compartments, each com-
partment can be actuated separately. Users can design a set of motions or transformations
sequentially by merely changing the control signals which change the state (ON or OFF) of
each compartment (Figure 3.5).

Through 3D printable multi-way joints, our system allows multiple channel compartment
design. Users can individually actuate each compartment, or combine multiple compartments
at the same time. Users can also manually adjust the contraction of every single beam with
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