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Abstract

Biomechanically-Informed Reinforcement Learning for Fatigue-Aware VR Interface
Design

Harshitha Voleti

Prolonged mid-air interaction in virtual reality (VR) can lead to physical discomfort and arm
fatigue, commonly referred to as the gorilla arm effect. This phenomenon negatively affects user
performance and experience, highlighting the need for ergonomically informed interaction design
in immersive systems.

Incorporating ergonomic considerations into VR user interface (UI) design typically requires
extensive human-in-the-loop data collection to assess physical effort and fatigue. Such evaluations
are costly, time-consuming, and difficult to scale, limiting their usefulness during early-stage de-
sign exploration. As a result, there is a need for alternative methods that can support ergonomic
evaluation without relying exclusively on repeated human studies.

Biomechanical user models offer a promising direction, as they represent complex, muscle-
actuated human motion and can estimate physical effort and fatigue during interaction. While these
models have been used to simulate human movement and behavior in human—computer interaction
(HCI) research, their potential role as surrogate evaluators for ergonomic VR UI design remains
largely unexplored.

This work presents a framework that leverages biomechanical user models as surrogate users
to evaluate and optimize VR interfaces for mid-air interaction. A biomechanical motion agent is
trained using reinforcement learning (RL) to perform sequential button-press tasks in VR, gen-
erating realistic movement strategies and estimating muscle-level fatigue using a validated three-
compartment control with recovery (3CC-r) fatigue model. The simulated fatigue estimates are
then used as a feedback signal for an interface optimization agent that learns spatial UI layouts

through RL, with the objective of minimizing cumulative user fatigue.
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The approach is evaluated by comparing RL-optimized layouts against a manually designed cen-
tered baseline and a Bayesian optimized baseline. Results show that fatigue trends predicted by the
biomechanical model align with those observed in a human user study, and that interfaces optimized
using RL lead to lower perceived fatigue. The framework’s extensibility is further demonstrated

through a use case involving longer sequential tasks with non-uniform interaction frequencies.
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Chapter 1

Introduction

Virtual reality (VR) is commonly described as an interactive and immersive experience in which
users are situated within a responsive virtual environment [32]. With advances in technology, VR
has been widely adopted across domains such as entertainment, gaming, training, and robotics, of-
fering increasingly natural and engaging interaction paradigms. Unlike traditional interfaces, VR
interaction extends beyond screens into spatial environments, where users directly manipulate vir-
tual content through modalities such as hand tracking, eye gaze, and voice input.

Despite the availability of these interaction techniques, many VR applications continue to rely
on mid-air arm movements, either through direct interaction or controller-based input, due to their
perceived naturalness and intuitiveness. However, prolonged use of unsupported arm movements
where the user’s arms are held without any physical support can lead to physical discomfort and
fatigue. This phenomenon is commonly referred to as the gorilla arm effect [33]. As a result,
ergonomics plays a critical role in the design of effective and sustainable VR interfaces.

Despite its importance, interface design in VR has largely prioritized visual appeal and user en-
gagement over ergonomic considerations. Understanding user behavior in immersive environments
remains a complex challenge, as it involves analyzing evolving arm postures, movement patterns,
and interaction strategies over time. Unlike traditional interfaces, interactions in VR are inherently
dynamic and sequential, where user actions unfold over extended periods and are influenced by
prior states.

While certain design heuristics (e.g., placing frequently used elements within comfortable reach)



provide useful guidelines, they often fail to generalize to long-duration interactions or complex task
sequences. A layout that appears ergonomically feasible for isolated interactions may lead to accu-
mulated fatigue when used repeatedly over time. Evaluating such effects typically requires iterative
human-in-the-loop studies, which are time-consuming, costly, and difficult to scale. Consequently,
ergonomic assessment is often deferred to later stages of development or overlooked entirely in
favor of rapid design iteration.

This gap highlights the need for computational methods that can provide early-stage insights
into user behavior and ergonomic outcomes, enabling designers to anticipate and mitigate discom-
fort before deployment. One possible direction is to leverage data-driven approaches, where Al
models learn interaction patterns and inform interface design based on observed user behavior.
However, such approaches rely on large-scale, high-quality datasets that capture diverse and long-
duration interactions, which are often expensive and impractical to collect in VR settings.

An alternative is to replace reliance on real user data with computational user models that simu-
late human behavior. These models can generate interaction patterns without the need for extensive
data collection, enabling scalable and controlled evaluation. Computational user models have been
explored in domains such as gaming and animation to produce realistic motion and interaction.
A particularly promising class of these models is biomechanical user models, which represent the
human body as a muscle-actuated system capable of producing physically plausible movements [4].

When combined with reinforcement learning (RL), biomechanical models can learn control
policies that generate realistic and task-oriented behaviors, and have been validated across a range
of interactive tasks. Importantly, these models also incorporate physiological fatigue formulations,
such as Consumed Endurance (CE) [21] and the 3CC-r muscle fatigue model [38], enabling the
estimation of muscle fatigue during interaction.

While prior work has primarily used such models to study motor control and movement realism,
their potential for evaluating and informing the ergonomic quality of user interfaces remains largely

unexplored, particularly in the context of sequential, long-horizon VR interactions.



1.1 Goal

The goal of this thesis is to develop a computational framework that enables fatigue-aware opti-
mization of VR interface layouts using biomechanical user models as surrogate evaluators. Specifi-
cally, this work aims to demonstrate that simulated interaction and fatigue feedback can be used to

guide interface design decisions without relying on large-scale human data collection.

1.2 Methodology

This work introduces a hierarchical learning framework that integrates biomechanical simula-
tion with reinforcement learning to optimize fatigue-aware interfaces.

A low-level agent is trained to control a biomechanical user model to perform interaction tasks
within a VR environment. The resulting motion is used to estimate muscle fatigue through an
underlying physiological model. A high-level agent then uses these fatigue estimates as feedback
to iteratively optimize the spatial configuration of interface elements, to minimize predicted user
fatigue over time.

By treating the biomechanical model as a black-box evaluator, the framework enables systematic
exploration of interface layouts without relying on handcrafted ergonomic rules or extensive human-
in-the-loop evaluation.

The proposed approach is evaluated in simulation by comparing fatigue-aware layouts against
two other proposed baselines, demonstrating its potential as a scalable tool for early-stage er-

gonomic assessment in VR interface design.

1.3 Contributions
The main contributions of this thesis are as follows:

* A computational framework for VR interface design that leverages biomechanical user mod-

els as surrogate users to estimate interaction-induced muscle fatigue during simulated use.

* A hierarchical, simulation-driven optimization formulation that adapts interface layouts by



minimizing predicted cumulative fatigue, eliminating the need for heuristic or rule-based er-

gonomic guidelines.

* An empirical evaluation, including a controlled user study, demonstrating that layouts opti-

mized using simulated fatigue lead to reduced perceived physical effort and workload.

* An analysis of fatigue-aware interface design in sequential tasks with non-uniform interac-
tion patterns, highlighting how task structure and usage frequency influence optimal layout

configurations.

1.4 Thesis Structure

The remainder of this thesis is organized as follows. Chapter 2 provides an overview of rein-
forcement learning, biomechanical modeling, and fatigue modeling. Chapter 3 presents the core
contribution of this thesis, corresponding to the paper titled “Designing Fatigue-Aware VR Inter-

faces via Biomechanical Models,” which is currently under review'

. This chapter includes the
methodology, evaluation, and discussion. Finally, Chapter 4 concludes the thesis and outlines direc-

tions for future research.

'Preprint available at: https://arxiv.org/abs/2603.26031
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Chapter 2

Background

2.1 Introduction

This chapter presents the theoretical foundations underlying this thesis, covering sequential
decision-making, learning-based optimization, and biomechanical modeling of human interaction.

It begins by introducing sequential decision-making and its formalization through Markov De-
cision Processes (MDPs) and Partially Observable Markov Decision Processes (POMDPs) (Sec-
tion 2.2). Building on this, Reinforcement Learning and Bayesian Optimization are discussed as
computational approaches for solving such problems (Sections 2.3 and 2.4).

Finally, the chapter covers Biomechanical Modeling and Fatigue Modeling techniques (Sec-
tions 2.5 and 2.6), which provide the foundation for estimating physical effort during interaction

and form the basis of the proposed framework.

2.2 Sequential Decision Making

Sequential decision making refers to problems in which an agent must choose actions over
multiple time steps while interacting with an environment whose state evolves as a consequence
of those actions. Unlike single-shot decision problems, many real-world tasks require a sequence
of interdependent decisions, where earlier actions influence future observations, available actions,

and outcomes. Examples include human—computer interaction (HCI), robotic manipulation, and



adaptive control, where agents must continually react to feedback from the environment.

Modeling such problems is challenging due to the presence of uncertainty, delayed conse-
quences of actions, and the need to reason about long-term objectives. To address these challenges,
formal frameworks have been developed to model sequential decision-making problems and to com-
pute policies that maximize long-term reward. In the following, we describe the Markov Decision
Process (MDP) formulation, which provides a foundational model for sequential decision making

under full observability.

2.2.1 Markov Decision Processes

A Markov Decision Process (MDP) is defined as a tuple (S, A, P, R, ), where S is the state
space representing the possible configurations of the environment, A is the action space represent-
ing the set of actions available to the agent, P(s’ | s,a) is the transition probability distribution
describing the likelihood of transitioning from state s to state s’ after taking action a, R(s,a) is
the reward function specifying the immediate reward obtained by executing action « in state s, and
v € [0, 1) is the discount factor that determines the relative importance of future rewards.

At each timestep ¢, the agent observes the current state s; € S, selects an action a; € A
according to a policy m(a | s), receives a scalar reward r; = R(s¢, at), and transitions to the next
state sy+1 ~ P(- | s¢,ay).

The goal is to learn a parameterized policy 7y that maximizes the expected discounted return:

J(0) = Ernr,

Zrﬁrt] , (1)
t=0

where 7 = (sg, ag, 70, S1, - - - ) denotes a trajectory induced by the policy.

This objective reflects the goal of selecting actions that lead to desirable long-term outcomes
rather than short-sighted gains. The return >_,°,~'r; captures the cumulative reward over time,
while the discount factor + ensures that immediate rewards are prioritized but future consequences
are still taken into account. Maximizing the expected return therefore encourages the agent to
learn behaviors that balance immediate benefits with long-term performance, which is essential in

sequential decision-making problems where actions may have delayed effects.



Although widely used, the MDP formulation assumes that the agent has full access to the true
Markovian state. In practice, this assumption rarely holds in embodied or HCI scenarios. For
instance, in VR environments, internal user states such as muscle fatigue, cognitive load, or intent
are not directly observable; however, they influence interaction behavior and are only indirectly
reflected through observable signals such as controller positions, headset motion, or interaction
events.

This limitation motivates the use of partially observable formulations, discussed in the following

section.

2.2.2 Partially Observable Markov Decision Processes

Many real-world environments are partially observable: the agent cannot directly access the
complete system state and instead receives observations that provide incomplete or noisy informa-
tion. Such environments are more accurately modeled as Partially Observable Markov Decision
Processes (POMDPs), defined as the tuple (S, A, P, R,Q, O,~). A POMDP extends an MDP by
introducing an observation space (2, representing the set of observations available to the agent, and
an observation model O(o | s), which defines the probability of observing o € ) given that the
environment is in state s € S.

At each timestep ¢, the environment is in a latent state s;, while the agent receives an observation
o¢ € Q2 sampled according to o; ~ O(- | s¢) . Because the true state is not directly observable, the
agent must base decisions on the history of observations and actions. In principle, optimal policies
operate on belief states, which represent posterior distributions over latent states. In practice, many

RL methods approximate this dependence using observation-conditioned or recurrent policies.

2.3 Reinforcement Learning

Reinforcement learning (RL) addresses sequential decision-making problems in which actions
influence future states, and cumulative reward must be optimized through interaction. While the
theoretical formulation of RL is commonly based on MDPs, many real-world applications, includ-

ing VR interaction scenarios, are inherently partially observable. As a result, RL methods are often



applied in POMDP settings, where policies are learned directly from observations or histories rather
than fully observed states. The environment is typically modeled as an MDP for theoretical analysis,
and the objective is to learn a policy that maximizes expected return.

RL methods can be broadly categorized into value-based and policy-based approaches, based
on how the decision-making strategy is represented and learned. Value-based methods estimate a
value function, such as the state-value function V'(s) or the action-value function Q(s,a), which
quantifies the expected return of states or state-action pairs. A policy is then implicitly derived by
selecting actions that maximize these estimated values. While effective in discrete action spaces,
value-based methods can become challenging to apply in high-dimensional or continuous action
domains, where selecting the optimal action requires solving a potentially complex optimization
problem. Examples include Q-learning [62] and its variants.

In contrast, policy-based methods directly parameterize the policy my(a | s) and optimize it
without explicitly deriving actions from a value function. This enables more flexible representations
of stochastic policies and makes such methods particularly suitable for continuous control and high-
dimensional decision spaces. Methods such as REINFORCE [63] belong to this class and optimize
the policy using gradient ascent on expected return.

Despite their effectiveness, classical RL methods often rely on tabular representations, hand-
crafted features, or simple function approximators, which limit their scalability in complex envi-
ronments. To address this limitation, these approaches have been extended to deep reinforcement
learning (DRL), where neural networks are used to approximate value functions, policies, or both.
This enables agents to operate directly on high-dimensional inputs such as images or raw sensor
data. Some examples include Deep Q-Networks (DQN) in the value-based setting [42], and meth-
ods such as Soft Actor-Critic (SAC) [18], and Proximal Policy Optimization (PPO) [55] in the
policy-based setting. Within this framework, policy-based methods are commonly optimized us-
ing policy gradient techniques, where policy parameters are adjusted directly to improve expected

return.



2.3.1 Policy Gradient Methods under Partial Observability

Many RL algorithms operate directly on observations without explicitly maintaining belief
states. Policy gradient methods are particularly suitable in such settings, as they directly optimize
policies and can learn effective behaviors from high-dimensional inputs.

Rather than estimating value functions and deriving actions indirectly, policy gradient methods
optimize the policy by adjusting its parameters in a direction that increases the likelihood of actions
that lead to higher returns. Intuitively, the objective is to reinforce actions that resulted in better-
than-expected outcomes, while discouraging those that performed poorly.

This idea can be formalized by computing gradients of the expected return with respect to the

policy parameters:

VoJ(0) = Erry | > Vologmg(ar | o) Ay )
t=0

This expression represents how the policy should be updated to improve performance. The
term Vg log mgp(as | o) increases the probability of selecting action a; in observation o;, while the
advantage term Ay determines the direction and magnitude of the update. When Ay is positive,
the action performed better than expected, and its probability is increased; when it is negative, the
probability is decreased. In this way, the policy gradually shifts toward actions that yield higher
long-term returns.

The advantage function Ay, serves as a measure of relative performance, comparing the observed
return to a baseline estimate of expected value. This helps reduce variance in the updates by focusing
on how much better or worse an action is compared to typical outcomes.

Nevertheless, pure policy gradient methods still rely on returns computed from sampled trajec-
tories, which can vary significantly due to the stochastic nature of the environment and the limited
number of samples used to estimate them. Actor-critic methods address this issue by introducing
a value function estimator, referred to as the critic, that evaluates the current policy. The policy
itself is referred to as the actor. The critic provides an estimate of the value function, which is used
to compute the advantage and guide the actor’s updates. This interaction between actor and critic

improves stability and sample efficiency, particularly in continuous control and partially observable



environments.
However, even with these improvements, actor—critic methods can still suffer from unstable
training when policy updates are too large, causing performance to collapse. This motivates the use

of algorithms that explicitly constrain how much the policy is allowed to change at each update.

2.3.2 Proximal Policy Optimization

Proximal Policy Optimization (PPO) is an actor—critic policy gradient algorithm designed to
improve training stability by limiting the deviation between successive policy updates. Instead of
performing unconstrained updates, PPO optimizes a surrogate objective that penalizes large changes

to the policy.

LPPO(9) = E, [min (rt(G)At, clip(r¢(6),1 — ¢, 1 + E)At)} 3)

where

mo(at | of)

7Tecdcl (at | Ot)

ri(6) = “)

is the probability ratio between the updated policy and the previous policy.

The ratio r4(#) measures how much the new policy deviates from the old policy for a given
action. The clipping operation constrains this ratio to remain within a predefined range [1 —¢, 1 +¢],
preventing excessively large updates. The objective takes the minimum between the unclipped and
clipped terms, effectively discouraging updates that would push the policy too far from its previous
behavior. When the advantage Ay is positive, the objective encourages increasing the probability of
the action, but only up to the clipping threshold. Similarly, when A is negative, it discourages the
action while limiting the magnitude of the decrease.

In this way, PPO achieves a balance between improving the policy and maintaining stability,

leading to more reliable and efficient training in practice.

10



2.4 Bayesian Optimization

Bayesian optimization (BO) is a sequential optimization framework designed to find the maxi-
mum of expensive, black-box objective functions using as few evaluations as possible.

In some decision problems, actions are taken primarily to gather information about an unknown
objective rather than to influence evolving system dynamics. In such cases, the environment state
remains fixed, while the agent’s internal belief evolves over time. This setting is commonly referred
to as a bandit problem. When optimizing an unknown objective function R(x) that is expensive to
evaluate, the agent can query the function at different inputs x and observe noisy outputs. The goal
is to identify the maximizer of R(x) using as few evaluations as possible. In this setting, the agent’s
state can be interpreted as a belief distribution over the unknown function, s; = p(R | ht), where
h denotes the history of observations collected up to timestep ¢.

A common way to represent this belief distribution is through Gaussian Process (GP) regression,
which provides both a predictive mean and uncertainty estimate over the objective. Given this
posterior belief, an acquisition function is used to determine the next evaluation point: x; = 7(s).
Common acquisition strategies include Expected Improvement (EI), Knowledge Gradient (KG),
and Thompson Sampling.

Bayesian optimization is particularly useful when each evaluation of the objective function is
computationally expensive, time-consuming, or resource-intensive, and when only a limited number
of evaluations can be performed. In this thesis, bayesian optimization is used as a baseline method

for optimizing interface layouts.

2.5 Biomechanical Modeling

Musculoskeletal models are computational simulation frameworks used to analyze and predict
human movement based on biomechanical principles. These models represent the skeletal system
through articulated rigid bodies connected by joints, which constrain kinematic motion. Muscle ten-
don units are incorporated to generate forces and joint torques, enabling movement. The activation
of these muscles is driven by control inputs, often referred to as muscle activation signals, which

determine the timing and magnitude of force production [6].

11



2.5.1 Inverse Simulation

Biomechanical models are predominantly used within inverse simulation pipelines. These ap-
proaches begin with motion capture data collection, where physical markers are mapped to virtual
model markers. The model is then scaled to match the participant’s anthropometric dimensions.

Inverse kinematics is used to estimate joint angles from the recorded motion by finding the set of
joint configurations that best reproduce the observed marker positions. This is followed by inverse
dynamics, which computes the joint torques required to produce the estimated motion based on
the system’s dynamics. Finally, static optimization or computed muscle control methods estimate
muscle activations corresponding to each pose [1].

However, acquiring and processing motion capture data is labor-intensive and requires exten-
sive calibration, marker placement, and post-processing. For dynamic and interactive HCI tasks,
continuously tracking real users can be impractical and limit scalability. This makes motion-driven
inverse simulation less suitable for iterative interface design, where rapid evaluation across many

conditions is required.

2.5.2 Forward Simulation

In contrast to inverse simulation, forward simulation begins with control inputs applied to the

model’s actuators and computes the resulting motion through system dynamics.

Torque-Based Models

Early works in computer graphics and animation relied on torque-based models for motion
synthesis, often using trajectory optimization frameworks such as spacetime constraints [45]. With
the advancement of deep learning, RL techniques were subsequently leveraged to learn motor skills
directly from interaction with the simulated environment [25]. Torque-based models offer relatively
simple dynamics and computational efficiency.

The extension of torque-based models to HCI applications was later explored in works such as
[4], which integrated fatigue modeling to estimate arm fatigue during mid-air interaction (as shown

in Figure 2.1). Similarly, [11] demonstrated that RL-controlled torque-based models can reproduce

12



established laws of human movement, including Fitts’ Law [13] and the 2/3 Power Law [29].
Despite these advantages, torque-based models lack explicit physiological grounding. Torque
limits are typically specified independently for each joint and do not account for the coupled behav-
ior of muscle-tendon units spanning multiple joints. Consequently, while such models can generate
visually realistic motion, they may produce torque patterns that are not fully physiologically plau-
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curve [51], which relates sustained muscular load to the maximum time a muscle can maintain that
load before exhaustion.

CE first estimates the instantaneous shoulder torque generated during an interaction. This torque
is accumulated and normalized by a maximum shoulder torque (Max_Torque) derived from litera-
ture, yielding a relative exertion level. Rohmert’s empirical endurance function is then used to map

this normalized exertion to a predicted maximum holding time, given by:

1236.5

Torque 100 — 15 0.618
Max_Torque X B

E TRohmert = 72.5 (5 )

The CE score is subsequently computed as the percentage of endurance used during the interac-

tion:

_ TotalTime

CE= ——— X
ETRohmert

100 (6)

However, CE is fundamentally based on Rohmert’s curve, which assumes static load condi-
tions. It does not explicitly model recovery during rest periods nor account for dynamically varying
torque levels over time. Consequently, CE provides limited accuracy when applied to realistic VR

interaction scenarios involving continuous movement and fluctuating biomechanical loads.

2.6.2 Three-Compartment Controller (3CC-r) Model

The next commonly used fatigue model is the 3CC-r model [38] as shown in Figure 2.3. This

motor-unit-based model assumes that muscles can exist in one of three states:

* Active (M 4): motor units currently involved in the task,
» Fatigued (MF): motor units that are temporarily unable to generate force,

* Resting (Mp): inactive motor units available for recruitment.

Each compartment is expressed as a percentage of maximum voluntary contraction (%MVC),

with the constraint:
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My + Mg + Mg = 100. (7)

Active
My
C(t) F x My
Rest , Fatigue
M N M
f TR*MF "

Figure 2.3: Three-compartment controller model. Depicts the structure and flows between the
compartments, described mathematically by Eq. (8).

Once a motor unit (MU) is activated, its force production gradually decays over time due to fa-
tigue. The current approach combines compartment theory with control theory to rigorously define

system behavior in accordance with muscle physiology. This behavior is mathematically described

in Eq. 8:
dM
TtR = —C(t)+rR- Mp
dM
A _Ct)—F Mg ®)
dt
% =F-My—rR- Mg

where C(t) represents the time-varying muscle activation—deactivation drive. The parameters
F and r R define the rates at which motor units fatigue and recover, respectively. The rest multiplier
T was set to 7.5 based on a sensitivity analysis performed in [4], while /' = 0.0146 and R = 0.0022
were adopted from [24].

The 3CC-r model extends the original 3CC model by including a rest-recovery factor r, which
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enhances recovery when the target load (77) is zero. This modification better represents perceived

fatigue estimates from user studies [38]:

r-R, if My >Ty
rR= )

R, otherwise

The activation function C'(¢) produces the target load 77, (in percent) by controlling the size of

M 4 and the availability of Mp. It is defined as:

p
LD'(TL—MA), if My <Tpand Mg >1T1, — My

C(t)={Lp- Mg, if My < Ty, and Mg < Tj, — Ma (10)

Lr-(Tp — My), ifMy>Ty

The target load 77, is defined as:

Teu
n:<;mvxw0 (11)

max

Here, Lp controls the rate of force development and Lg controls relaxation. Following the
sensitivity analysis by [64], both parameters are set to 10.
Due to its ability to model both fatigue and recovery dynamics, the 3CC-r model has been

widely adopted for estimating muscle fatigue during dynamic interaction tasks.

2.7 Summary

This chapter reviewed the key foundations required for this thesis. Sequential decision-making
was formulated as an MDP and extended to POMDP to account for partial observability in real-
world settings such as VR interaction.

RL was presented as a framework for learning policies from interactions, with policy-gradient
and actor—critic methods enabling stable learning in high-dimensional, continuous domains. PPO
was discussed as a practical approach for improving training stability. BO was introduced as a

complementary method for optimizing expensive black-box objectives with limited evaluations.
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Finally, biomechanical modeling was described as a means of simulating human movement
and estimating physical effort. Forward simulation with muscle-activated models enables physio-
logically meaningful evaluation, while fatigue models such as 3CC-r capture dynamic fatigue and

recovery during interaction.

These components form the basis for the proposed fatigue-aware interface optimization frame-

work.
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Chapter 3

Designing Fatigue-Aware VR Interfaces

via Biomechanical Models

The following is a verbatim copy of the manuscript currently under review, titled “Designing
Fatigue-Aware VR Interfaces via Biomechanical Models,” authored by Harshitha Voleti and Char-

alambos Poullis.

3.1 Abstract

Prolonged mid-air interaction in virtual reality (VR) can lead to arm fatigue and discomfort,
negatively impacting user experience. Incorporating ergonomic considerations into VR user inter-
face (UI) design typically requires extensive human-in-the-loop evaluation. While biomechanical
models have been used to simulate human behavior in HCI tasks, their use as surrogate users for
ergonomic VR UI design remains underexplored. We propose a framework that leverages biome-
chanical user models to evaluate and optimize VR interfaces for mid-air interaction. A motion agent
is trained to perform button-press tasks in VR under sequential interaction conditions, executing re-
alistic movement strategies and estimating muscle-level effort using a validated three-compartment
control with recovery (3CC-r) fatigue model. The simulated fatigue output is then used as a feed-
back signal for an interface agent that optimizes the spatial layout of UI elements via reinforcement

learning (RL), with the goal of minimizing user fatigue. We compare the RL-optimized layout
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against a manually-designed centered baseline and a Bayesian optimized baseline, and show that
fatigue trends predicted by the biomechanical model align with those observed in human users.
Furthermore, RL-optimized layout using simulated fatigue feedback resulted in significantly lower
perceived fatigue in a subsequent human user study. We further demonstrate the extensibility of
our framework through a simulation-based case study involving longer sequential tasks with non-
uniform interaction frequencies, examining optimization behavior under increased task complexity.
To our knowledge, this is the first work to use simulated biomechanical muscle fatigue as a direct
optimization signal for VR UI layout design. Our results highlight the potential of biomechanical
user models as effective surrogate tools for ergonomic VR interface design, enabling more efficient

early-stage design iteration with reduced reliance on extensive human participation.

3.2 Introduction

Designing ergonomic user interfaces for VR remains a persistent challenge. Most VR appli-
cations rely on mid-air interaction, often requiring repetitive reaching and sustained arm elevation.
These interaction patterns can quickly lead to physical discomfort and muscle fatigue, commonly
referred to as the “gorilla arm” effect [33]. This fatigue reduces user comfort, degrades task perfor-
mance, and limits long-term usability, making physical ergonomics a critical yet frequently under-
addressed aspect of VR interface design.

Accounting for physical effort during interface design is inherently difficult. Anticipating how
users will move, reach, and sustain postures requires contextual knowledge of task flow and be-
havior that is typically unavailable during early design stages. Consequently, layouts are often
optimized for visual structure or task efficiency, while physical demands are evaluated only after
implementation through user studies.

This gap motivates methods that can estimate physical effort during continuous interaction and
inform layout decisions prior to human evaluation. Biomechanical user models offer this potential.
As muscle-actuated systems, they can simulate realistic motion and incorporate fatigue formulations
such as Consumed Endurance (CE) [21] and the 3CC-r model [24]. While prior work has used such

models to validate motion realism or correlate simulated outcomes with user reports, their use as

20



proactive design tools for optimizing interface layouts remains largely unexplored—particularly in
VR, where sustained mid-air interaction dominates.

In this work, we repurpose a biomechanical user model as a surrogate user for ergonomically in-
formed interface design. The simulated user interacts with alternative sequential layouts, generating
muscle-level effort signals that are aggregated into cumulative fatigue estimates. These predictions
are then used directly to evaluate and optimize interface configurations before human-in-the-loop
testing.

Our framework consists of two components: (1) a low-level motion agent that executes inter-
action tasks and estimates muscle effort, which is aggregated into cumulative fatigue, and (2) a
higher-level interface agent that proposes and refines button layouts based on predicted cumulative
fatigue. The biomechanical user model is treated as a black-box ergonomic evaluator, enabling
systematic exploration of layout alternatives without hand-crafted ergonomic heuristics or auxiliary
task-completion rewards. The optimization objective is defined solely in terms of predicted muscle
fatigue, penalizing long reaches, awkward postures, and sustained activation patterns.

We evaluate RL-optimized fatigue-aware layouts against a static baseline and a Bayesian op-
timization baseline in a controlled user study. Results show that simulated fatigue patterns across
layouts align with those observed in human participants. Furthermore, RL-optimized layouts reduce
perceived physical effort and subjective workload compared to both baselines.

In summary, our contributions are:

1. A fatigue-aware VR interface design framework that leverages biomechanical user models as
surrogate users to estimate physical effort during continuous interaction at design time.

2. A simulation-driven optimization approach that updates interface layouts to minimize predicted
cumulative muscle fatigue without relying on heuristic design rules.

3. Empirical validation demonstrating that layouts optimized using simulated fatigue reduce per-
ceived physical effort and overall workload in a controlled user study.

4. A use-case application of the proposed framework to longer sequential tasks with non-uniform

button usage frequencies, examining how cumulative fatigue and usage
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3.3 Related Work

3.3.1 Evolution of Adaptive User Interfaces

Designing adaptive user interfaces is a complex optimization problem, and the techniques used
to address this challenge have evolved considerably over time. Early adaptive Ul systems primarily
relied on manually specified rules [46], heuristics [17], and explicit user feedback [22]. While these
approaches allow designers to encode domain knowledge directly, defining and maintaining explicit
rules quickly becomes tedious and difficult to scale.

To reduce manual effort, subsequent work explored optimization-based approaches for inter-
face adaptation, including genetic algorithms [52, 49], cost-function-driven optimization [14, 53],
and combinatorial optimization techniques [5, 36, 58]. Although these methods enable systematic
exploration of the design space, they often require carefully engineered constraints to ensure feasi-
bility and usability. Defining such constraints is challenging, as these constraints may conflict with
one another or overly restrict the solution space.

Data-driven approaches later leveraged observed user behavior to infer preferences and adap-
tation strategies. Early machine learning methods [31, 40, 48, 50] enabled automatic adaptation
from interaction data, and more recent work has explored deep neural networks for interface opti-
mization [57, 7]. However, these methods often require large datasets, limiting their practicality in
interactive VR settings.

To address data efficiency concerns, online learning approaches such as multi-armed bandits and
Bayesian optimization have gained attention. Bandit-based methods iteratively update adaptation
strategies by balancing exploration and exploitation based on observed feedback, allowing systems
to adapt effectively with limited data [26, 37]. Similarly, Bayesian optimization treats interface
adaptation as a black-box optimization problem, using probabilistic surrogate models to efficiently
search for high-performing designs with few evaluations [8, 28]. While both approaches are effec-
tive in low-data settings, they typically rely on sparse, per-design evaluations and are sensitive to
noise in the feedback signal, which can affect their ability to resolve subtle performance differences

across design alternatives.
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To address these limitations, RL has been explored as a mechanism for adaptive interface de-
sign, as it enables optimization over long-term interaction sequences by maximizing cumulative
reward. RL-based AUIs have demonstrated the ability to adapt layouts or interaction strategies over
time, accounting for temporal dependencies in user behavior [16, 59, 30, 10, 15]. While these ap-
proaches establish RL as a powerful tool for interface optimization, they primarily focus on task
efficiency or user preference and do not explicitly consider physical ergonomics as an optimization
objective. Crucially, physical effort and fatigue are not directly observable from interaction traces

alone, making them difficult to optimize without an explicit physiological or user effort model.

3.3.2 Ergonomic Considerations in XR Interaction

Physical ergonomics has received increasing attention in XR interface design, but remains un-
derexplored compared to cognitive and contextual factors, particularly as an optimization signal for
adaptive layouts. Prolonged mid-air interaction in VR often involves extended reach, repetitive arm
movements, and overhead gestures, which can cause discomfort and cumulative fatigue. Early er-
gonomic approaches aimed to retarget interface elements to more physically comfortable locations
using spatial warping and optimization techniques [43]. XRgonomics [9] provided a more system-
atic framework, estimating ergonomic cost using metrics such as RULA scores, cumulative effort,
and muscle activations derived from biomechanical models. However, these approaches primarily
focus on static postures or discrete evaluation points, failing to account for fatigue accumulation
during extended, continuous interactions. More recent work has begun introducing fatigue-aware
interaction strategies. For example, AlphaPIG [34] continuously adjusts gesture interaction param-
eters based on a real-time fatigue model so that users receive progressively more assistance only
as physical fatigue increases, thereby prolonging comfortable interaction without manual tuning.
Such approaches enable designers to explore fatigue-aware interaction strategies systematically, but
generally focus on interaction techniques rather than interface layout, leaving an opportunity to

optimize Ul placement based on physical strain.
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3.3.3 Fatigue Assessment in Virtual Reality

Accurate fatigue assessment is central to ergonomics-aware design. In VR, prolonged mid-air
interaction can produce significant arm fatigue. Various methods exist to quantify this, including
physiological measurements such as blood flow, heart rate, and oxygen consumption, as well as sub-
jective self-report instruments such as the Borg Rating of Perceived Exertion (RPE), NASA-TLX,
and Likert-scale questionnaires. Although these methods provide valuable insights into user expe-
rience, they typically require continuous monitoring or post-hoc reporting, limiting their suitability
for real-time or design-time interface adaptation. Computational models offer an alternative for fa-
tigue estimation. One widely used approach is Consumed Endurance (CE) [21], which estimates
fatigue based on Rohmert’s endurance time curve and correlates with subjective exertion ratings.
However, CE assumes that interactions below a fixed percentage of maximum strength do not con-
tribute to fatigue and does not explicitly model recovery during rest, which can lead to inaccurate
estimates in interactive scenarios. The 3CC fatigue model addresses these limitations by provid-
ing a fine-grained, interaction-oriented framework suitable for HCI applications [64], and has been
shown to predict perceived exertion in mid-air tasks with strong correspondence to Borg CR10 rat-
ings [24]. It was later extended to 3CC-r to better support intermittent interactions by introducing an
explicit recovery multiplier, validated against joint-specific perceived fatigue [38]. More recently,
hybrid models such as NICER [35] combine torque-based estimation with empirically measured
muscle contraction and recovery terms, improving prediction of above-shoulder fatigue. However,
these metrics are primarily evaluated as post-hoc analytical tools rather than as actionable signals

for interface design.

3.3.4 Biomechanical Modeling in HCI

As discussed, machine learning optimization often depends on large amounts of data, which can
be difficult or costly to obtain. Biomechanical simulations offer a promising alternative by gener-
ating rich, controlled datasets that capture human motion and physical effort. In HCI, such models
have gained attention for their ability to objectively estimate muscle-level effort and fatigue, provid-

ing a more precise complement to subjective or physiological assessments [1]. Early biomechanical
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models relied heavily on motion data. This involved mapping physical to virtual markers, scaling
the model to match the subject’s dimensions, computing joint angles through inverse kinematics,
and estimating muscle activations [2]. In contrast to these motion-driven approaches, Cheema et
al. [4] demonstrated that torque-driven simulations could predict fatigue and task performance in
silico, bypassing the need for human participants. Later work showed that RL could train torque-
based models to reproduce human-like movement strategies that follow Fitts’ Law [13] and the
Two-Thirds Power Law [29] [11]. Building on these advances, Ikkala et al. [23] developed muscle-
actuated biomechanical user models capable of performing a wide range of HCI tasks, enabling
more realistic simulations of motor control and fatigue. These models have also been applied to
diverse interaction scenarios [20, 44, 41]. Most recently, Fischer et al. [12] introduced Sim2VR,
integrating biomechanical simulation with VR applications, which allows simulated users to train
and interact in immersive environments.

While prior work has demonstrated that biomechanical simulations can execute and analyze
interactive VR tasks, their outputs have primarily been used for validation, behavioral analysis, or
performance prediction. The design implications of simulated muscle activity have remained largely
unexplored. In this work, we shift the role of biomechanical modeling from analysis to design op-
timization. Specifically, we incorporate muscle-level fatigue estimates as the objective signal in an
RL pipeline that iteratively refines UI placement. Rather than evaluating completed interfaces post
hoc, the simulation directly informs layout generation, enabling ergonomic considerations to shape

interface structure during the design process without requiring additional human data collection.

3.4 Methodology

We formulate VR interface layout optimization as a hierarchical simulation problem. A low-
level motion agent, implemented as a muscle-actuated biomechanical user model, executes inter-
action tasks and produces muscle activation signals. These signals are aggregated into fatigue
estimates, which define the objective optimized by a higher-level UI agent that updates interface
layouts.

We first present the overall simulation—optimization framework and its integration with the
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SIM2VR pipeline. We then describe the interaction task used to evaluate candidate layouts, fol-
lowed by details of the motion agent responsible for executing the task and estimating fatigue.
Finally, we formalize the UI agent and its reinforcement learning formulation for interface layout

optimization.

3.4.1 Framework

Our framework builds on SIM2VR [12], which integrates a muscle-actuated biomechanical user
model with Unity-based VR applications. In SIM2VR, the model is trained via RL in Python
and communicates with the VR environment through a ZMQ interface, enabling goal-directed arm
movements and interaction with virtual objects. We extend this pipeline by introducing a UI agent
that proposes candidate interface layouts (Fig. 3.1). For each layout, the configuration is transmitted
to the VR environment using the existing SIM2VR modules. The biomechanical motion agent then
executes the task on the updated interface. During execution, muscle activations are recorded at
each timestep and used to compute cumulative fatigue estimates. These estimates are returned to

the UI agent as the optimization signal for subsequent layout updates.

T RL Policy |
! i ey .
i @
I
v
Ve N
4 SIMULATED USER N e N
S . ©
BmmeMcOdaenllca Task Module ZEROMOQ, R VR APPLICATION

Low-Level RL Perception
Policy Module

- J
o %

Figure 3.1: Overview of the proposed hierarchical framework. A high-level UI agent proposes
discrete interface layouts and evaluates them using cumulative fatigue feedback from a simulated
user. Each candidate layout is instantiated in the Unity-based VR application through the SIM2VR
task module. Rendered observations are provided to the simulated user’s perception module, which
is fed into a learned control policy that outputs muscle activation signals. A low-level motion agent
controls a biomechanical model to execute the interaction sequence under the proposed layout.
Muscle activations are logged during execution and converted into fatigue estimates. The cumu-
lative fatigue over the completed sequence is returned to the UI agent as a reward signal, together
with the resulting layout state, to guide subsequent layout optimization.

26



3.4.2 Task Description

We define a sequential button-selection task to study repeated reaching and selection move-
ments. A 0.64m x 0.36 m Ul canvas is positioned 0.58 m in front of the user’s head, approximating
a comfortable mid-air reach for seated or standing users. The dimensions also account for the
biomechanical model’s lack of neck and head movement, ensuring that the Ul remains within the
field of view while staying within reach. Three square buttons are displayed sequentially, with the
next button appearing only after the previous one has been pressed. Buttons were modeled as square
targets of size 0.10 m x 0.10 m, consistent with prior VR fatigue and reaching studies that employ
targets of comparable physical extent to elicit sustained mid-air interaction while avoiding excessive
precision demands (e.g., [24]). This size reflects a common design choice in fatigue-oriented inter-
action tasks rather than an optimized Ul parameter. Users complete the task by selecting all buttons
with a VR controller. Buttons are axis-aligned, meaning their edges are parallel to the canvas axes,
simplifying reach computation and ensuring consistent placement. This minimal sequential selec-
tion task isolates fatigue arising primarily from arm movements, minimizing confounding factors

such as visual search or decision-making strategies.

3.4.3 Motion Agent

The motion agent models human behavior during the button-selection task using the upper-body,
right-handed biomechanical model MoblArmsWrist [54], as implemented in [12]. We focus on this
model because our primary interest is shoulder fatigue. MoblArmsWrist provides a physiologically
grounded representation of arm motion, explicitly modeling muscle activations. It includes shoul-
der, elbow, and wrist joints, and the muscles actuating these joints, resulting in a total of 7 DOFs

and 32 muscles.

Overview

The implementation of the motion agent follows the same underlying structure as in [12]. The
agent receives an image input of the VR application as a 120x80 pixel RGB-D array along with pro-

prioceptive state features, which are jointly encoded using a convolutional neural network (CNN).
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During training, the agent is guided by a reward objective that encourages successful button se-
lection while promoting efficient movement toward the target. The agent outputs continuous mus-
cle control signals in the range [—1, 1], which are used to actuate the biomechanical arm model.
(Fig. 3.2)

Similar to SIM2VR, the motion agent is not scaled to represent a specific participant; instead, it
functions as a generic, physically plausible surrogate for upper-limb motion rather than a personal-

ized user model.
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Figure 3.2: Overview of the motion agent used to simulate interaction. The motion agent gener-
ates muscle control signals using an RL policy and interacts with the VR application, which updates
the scene and returns rendered observations, reward, and state information. Muscle activations pro-
duced during task execution are logged and later converted into fatigue estimates, which are used to
evaluate interface layouts.

Reward Design

Prior work by [56] provides guidance on reward design for biomechanical simulations. Ac-
cordingly, the reward function is structured to include three components: a task-specific reward, a

distance-based term, and an effort regularization term.
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» Task-specific reward: A sparse reward is provided only when the task is successfully com-
pleted, i.e., when a button is pressed. Both the controller and the button are equipped with
colliders, and a button press is registered when the controller collider intersects the button col-
lider within a predefined proximity. The button collider is placed at the center of the button,
while the controller collider is placed on the trigger of the controller, ensuring that successful

interaction requires alignment between the controller and button centers.

During motion agent training, episodes terminate after a fixed time limit of 60 seconds, and
buttons are spawned at random positions on the Ul canvas. The agent is tasked with press-
ing as many buttons as possible within the allotted time, encouraging generalizable reaching
behavior across the full interface space. The episode duration was chosen empirically to
provide sufficient interaction time for learning diverse reaching behaviors without leading to

excessively long training episodes.

Each successful button press yields a reward of 5, chosen empirically to balance the task

reward with shaping and effort terms.

5, if the button is pressed,
Ttask =

0, otherwise.

* Distance term: A dense reward is computed at each timestep based on the Euclidean distance
between the controller and the target (d). Given the fixed 0.58 m distance to the Ul canvas,
distances remain small, thus an exponential formulation is used to provide stronger gradients

near the target and a smoother shaping signal during reaching:

rd:e_d—l.

Fig. 3.3 illustrates the shape of the distance-based shaping term used during training.

 Effort regularization: The effort term &t is subtracted directly from the total reward to
penalize higher physical effort, thereby discouraging unnecessary or inefficient movements

[23, 12]. It represents the instantaneous effort cost Cr computed by the biomechanical model
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Distance-based shaping term r=e=9—1
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Figure 3.3: Distance-based shaping term used for reward design.

and is multiplied by a constant to scale its impact:

0t =0.01 - Cegr

where Clg is the instantaneous effort cost produced by the biomechanical fatigue model.

The total reward of the motion agent for each timestep is:

= Task +7a — 0t

Training Setup

We train the motion agent using Proximal Policy Optimization (PPO), following the training
configuration reported in SIM2VR [12] to ensure consistency with prior work. The policy is a
multi-input actor—critic network with two fully connected layers of 256 units each and LeakyReLU
activations. Continuous muscle activations are output with Tanh scaling, and the feature extractor

processes both RGB-D visual input and state variables.

Fatigue Calculation

SIM2VR provides several models for estimating effort and fatigue in biomechanical simula-
tions, including CE [21] and variants of the 3CC model. In this work, we use the Three Compart-
ment Controller with recovery (3CC-r) model, which explicitly accounts for both fatigue accumu-
lation and recovery over time. The 3CC-r model maintains internal muscle states corresponding
to active, resting, and fatigued capacity, and computes a scalar Ceg based on the difference be-

tween target muscle activations and currently available capacity. In our framework, Cog serves as
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the primary fatigue signal for UI optimization, capturing the physical demand experienced during
interaction. Although the model also outputs a muscle fatigue index M, prior work has shown that
M can saturate under prolonged or near-static loading [4]. Because mid-air VR interaction often
involves sustained reaches and postures, we rely on Ceg as a more sensitive measure of fatigue for
layout comparison. The choice of Ceg as the fatigue signal allows us to compare interface layouts
based on predicted user fatigue without requiring absolute calibration to human fatigue levels. Its

role in guiding layout optimization is described in Section 3.4.4.

Motion Agent Validation

The trained motion agent reliably completes the button-selection task across most of the Ul can-
vas, making it suitable for use as a fatigue evaluator during layout optimization. Failures primarily
occur when buttons are placed at the extreme left edge of the canvas, which is consistent with the
reach limitations of the right-handed biomechanical model used in this work.

Since the UI agent relies on relative fatigue comparisons between candidate layouts rather
than absolute task success rates, these limitations define the effective design space explored dur-
ing optimization. Layouts that require repeated interaction in regions beyond the model’s reachable
workspace naturally incur higher predicted fatigue or task failure and are therefore disfavored by

the Ul agent.

3.4.4 UI Agent
Role and Problem Formulation

The UI agent operates at the interface design level and is responsible for proposing button lay-
outs that minimize predicted user fatigue during interaction. Unlike the motion agent, which in-
teracts with the VR environment through embodied movement and physics-based control, the Ul
agent interacts with the VR system by parametrically modifying the interface layout. Specifically, it
proposes button placements that are instantiated in the Unity-based VR application, after which the
simulated user perceives and interacts with the updated layout. The Ul agent itself does not execute

physical actions, but treats the simulated user as a black-box evaluator that returns fatigue estimates
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for a given layout. The overall UI agent workflow is illustrated in Fig. 3.4.

We formulate Ul layout optimization as a discrete episodic RL problem. Each episode corre-
sponds to evaluating a single UI layout for the fixed sequential button-selection task described in
Section 3.4.2. The episode terminates once the simulated user has attempted the full button se-
quence, and the cumulative fatigue serves as the sole performance signal. This formulation enables
automated exploration of interface design alternatives based purely on predicted physical comfort,
without relying on heuristic ergonomic rules.

Although the layout space is discrete and low-dimensional, we adopt RL to handle stochastic,
simulation-based evaluation in which fatigue estimates vary due to biomechanical dynamics and
recovery effects. This formulation allows the UI agent to learn under noisy ergonomic feedback
while incorporating soft constraints via reward penalties for infeasible layouts (e.g., unreachable or

overlapping button placements), rather than explicitly restricting the action space.

state S
——» Ul Agent ,
r-) takes action At ;
| generates indices for Ul
I Produces button placement
L reward cumulative o |1 12 s o |

fatigue F’

state S | |

Figure 3.4: Overview of the UI agent responsible for interface layout optimization. The agent
proposes discrete grid-based button layouts, which are instantiated in the VR environment and eval-
uated by the motion agent. Aggregated fatigue is returned as a reward signal, along with the next
state of the UI agent defined by the grid coordinates of all button positions.
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Action Space

The UI canvas has dimensions 0.64m x 0.36 m and contains three square buttons of size
0.10m x 0.10 m. To keep the optimization problem tractable while ensuring physically valid and
visually distinct placements, and to reflect realistic UI layouts commonly used in VR applications,
we discretize the canvas into a 3 x 6 grid, yielding 18 non-overlapping cells. Each cell corresponds
to a valid button placement that lies fully within the canvas boundaries.

We adopt a discrete action space for two primary reasons. First, interface layout optimization
is fundamentally a combinatorial design problem rather than a continuous control task. Each ac-
tion represents the selection of grid-based positions for multiple UI elements, and evaluating any
proposed layout requires executing a full biomechanical simulation, making reward signals both
computationally expensive and stochastic. By discretizing the canvas into semantically meaningful
grid cells, we restrict the search to structurally distinct configurations, thereby improving sample
efficiency under costly rollouts. Second, discretization avoids degenerate solutions common in
continuous optimization, such as near-overlapping buttons or infinitesimal spatial adjustments that
produce negligible ergonomic differences but introduce instability in policy learning.

The UI agent’s action is a discrete vector

a = (a1, a2,a3),

where each a; € {0,...,17} specifies the grid cell index for button . All three button positions are
proposed simultaneously at the beginning of an episode. Layouts that assign multiple buttons to the
same grid cell are penalized through the reward function, discouraging overlapping or ambiguous

configurations without imposing hard constraints on the action space.

Observation Space

The observation provided to the UI agent consists of the current layout configuration expressed
as the (x,y) grid coordinates of each button. These coordinates are normalized to [0, 1] based
on the canvas dimensions. The UI agent does not receive any direct information about the user’s

kinematics, task state, or workspace geometry. This deliberately minimal observation design reflects

33



realistic interface design settings, where designers must reason about ergonomic quality without
access to detailed kinematic measurements of the user, and instead rely on aggregate comfort-related

feedback.

Reward Function

The objective of the Ul agent is to minimize cumulative physical effort experienced by the
simulated user over the entire interaction sequence. During task execution, the motion agent pro-
duces a scalar instantaneous effort cost Ceg(t) at each timestep using the 3CC-r fatigue model
(Section 3.4.3). These values are accumulated over time to compute sequence-level fatigue. For the

three-button sequential task, we define the cumulative effort associated with selecting button ¢ as

F; = Z Ceff(t)7

teT;
where 7; denotes the set of timesteps corresponding to the reach or transition to button i (from
the resting posture for ¢ = 1 and from the previously selected button for ¢ > 1).

The episode-level reward is then defined as

Each episode begins from a fixed initial posture, and the motion agent’s internal fatigue state
is reset between episodes so that rewards reflect fatigue accumulated within a single interaction
sequence. This formulation directly aligns the optimization objective with ergonomic comfort:
layouts that require longer reaches, awkward postures, or sustained muscle activation receive lower
rewards. No additional task-completion or heuristics are included in the reward, allowing the Ul
agent to discover fatigue-efficient layouts autonomously.

To ensure robustness, we discourage infeasible layouts through reward penalties rather than
explicitly restricting the action space. Instead of masking invalid actions, we allow the UI agent to
explore the full layout space and assign large penalties to unreachable or ill-formed configurations.
If the motion agent fails to press a button within the first 15 seconds of an episode, a large fatigue

penalty is assigned and the episode terminates early. While episodes are already bounded by a
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fixed time limit, this additional early termination is introduced to avoid uninformative trajectories
and improve training efficiency when the agent is unable to make meaningful progress. Similarly,
layouts that assign multiple buttons to the same grid cell incur a penalty and trigger early termination
before deployment in VR. This reward-based constraint formulation encourages the Ul agent to
autonomously learn reachable, well-formed layouts while preserving fatigue minimization as the

primary optimization objective.

Training Setup

We train the Ul agent using PPO. The policy network is a lightweight fully connected ac-
tor—critic model with two hidden layers of 128 units each and LeakyReLU activations. A custom
feature extractor first normalizes the button coordinate inputs using layer normalization and then
projects them into a 64-dimensional latent representation via a linear layer with LeakyReLU acti-
vation, before policy and value prediction. Training is performed until policy convergence using
multiple parallel environments. The network architecture and hyperparameters were selected em-
pirically to provide stable training, and were not extensively tuned across alternative configurations.

This setup enables the UI agent to iteratively refine layout proposals based on predicted physical
effort, providing a principled mechanism for exploring fatigue-aware interface designs. Because
layout proposals and fatigue estimates are evaluated at the level of individual button placements, the
learned policies can be post hoc analyzed to identify spatial patterns associated with lower predicted

physical demand, offering opportunities for design insight beyond black-box optimization.

3.5 Evaluation

Two baseline UI configurations were considered for comparison. The first is a static, hand-
designed layout with all buttons positioned at the center of the UI canvas, reflecting a conventional
and intuitive design. The second is a Bayesian-optimized layout, generated using Bayesian Opti-
mization (BO) to minimize predicted user fatigue. BO treats the mapping from candidate Ul layouts
to predicted fatigue as a black-box objective and is commonly used for data-efficient interface adap-

tation when evaluations are expensive or noisy, providing a natural optimization-based baseline for
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this study. (Section 3.3).
BO is implemented using Ax [47]. The optimization is initialized with 15 Sobol-sampled lay-
outs, followed by 250 BO iterations. Each candidate layout is evaluated by the motion agent, which

executes the sequential button-selection task and returns the sequence-level accumulated effort

T
F=>Y Celt),
t=1

i.e., the sum of the instantaneous effort cost Ceg (¢) produced by the 3CC-r model over all timesteps
in the sequence. This value is used as feedback to the optimizer. This setup enables systematic
comparison between conventional central placement and layouts discovered through simulation-

driven fatigue-aware optimization.

3.5.1 Simulation Results

We compare layouts produced by the RL agent against the static baseline and the BO-based
baseline. All layouts are defined over a discrete 3 x 6 grid on a 0.64m x 0.36 m Ul canvas. The

resulting RL, BO, and static layouts are shown in Fig. 3.5.

RL Agent After training, the RL agent consistently selects grid cells 17, 16, and 15 for the se-
quential button task. These positions correspond to the rightmost section of the grid, which the
biomechanical simulation predicts to yield lower sequence-level accumulated effort (F') over the
interaction sequence. The selected layouts cluster buttons within a contiguous, reachable region of

the workspace, resulting in lower F' across sequential button transitions.

BO After performing optimization, we selected the layout recommended by Ax as the best-
performing configuration, based on the observed objective values across evaluations. This resulted
in a layout placing buttons at grid cells 9, 3, and 17, with a mean accumulated effort of 25.26

(variance 21.09), which we used as the BO baseline in the user study.

Static Layout The static baseline places buttons at grid cells 8, 9, and 10, forming a centrally

aligned horizontal configuration on the Ul canvas. This layout reflects a common default design
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Figure 3.5: UI configurations evaluated in the study. (a) RL-based layout optimized using biome-
chanical fatigue feedback, (b) Bayesian optimization (BO) layout minimizing accumulated effort,
and (c) static layout with centrally placed buttons.

choice in VR interfaces, where elements are positioned near the center of the user’s field of view.
Because it does not account for user biomechanics or the cost of transitions between successive

button selections, it serves as a naive reference for evaluating fatigue-aware layout optimization.

3.5.2 User Study
Setup

Participants Eighteen participants were recruited to interact with the three UI configurations. All
participants were students enrolled in institutions of higher education. The sample included 11 male
and 7 female participants, with a mean age of 26.5 years (SD = 2.25). All participants were right-
handed, as the simulated user employed in our pipeline is based on a right-handed biomechanical
model. Twelve participants reported prior experience with VR, while six had little or no prior

exposure.

Apparatus We used a Meta Quest 2 HMD, powered by a computer running on an Intel Core 11th

Gen CPU and equipped with an NVIDIA GeForce RTX 3080 Ti.

Procedure Each Ul configuration was treated as a separate condition and consisted of 30 sequen-
tial button-interaction tasks. Participants interacted with each condition three times, resulting in a
total of 90 interaction sequences per participant. The order of UI conditions was counterbalanced

using a Latin square design in a within-subject experiment. Participants were given a short break of
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30 seconds between interaction sequences and a longer break of one minute after completing each
condition, with additional rest available upon request.

During the study, participants were seated on a chair in an office environment and were in-
structed to maintain an upright posture while minimizing torso movement, in order to match the
fixed-torso assumption of the simulated user model. After completing each condition, participants
provided subjective feedback by reporting their perceived effort using the Borg CR10 scale as well
as workload ratings using the NASA Task Load Index (NASA-TLX). On average, participants re-

quired between 45 and 50 minutes to complete the study.

3.5.3 Results

We evaluated the three Ul configurations using both simulated effort estimates and subjective
fatigue reported by human participants. Data were analyzed using SPSS 31. Distributions were
considered approximately normal when Skewness (S) and Kurtosis (K) were within 1 [19, 39];

otherwise, a log transformation was applied.

Predicted Effort and Perceived Exertion

Simulated User We analyzed the accumulated effort predicted by the biomechanical model across
the three Ul layouts. Since the UI agent is optimized at the sequence level, we report sequence-level
accumulated effort (F'), defined as the sum of the instantaneous effort cost Ceg (t) over all timesteps
in a sequence. Each configuration was evaluated over 30 trials using identical sequences, and mean
F' values were reported. In the simulation, muscle states were reset between sequences to isolate the
effort required for a single sequence. In contrast, participants completed sequences consecutively
and reported perceived exertion after each condition. Although these measures capture different
timescales, layouts with lower predicted F' per sequence are expected to result in lower perceived
exertion when repeated. A Friedman test revealed a significant effect of UI configuration on pre-
dicted accumulated effort (x?(2) = 48.26, p < 0.001). Post-hoc comparisons indicated that the
RL-based Ul yielded significantly lower F' than both the Static and BO-based Uls, while the Static

Ul yielded lower F' than the BO-based UI.

38



User Fatigue Type Ul Mean Std. Comparison Wilcoxon Signed Rank

Z p

Ul Static 30.4513 4.0708 Ulstatic < Ulpo  -2.910 < 0.01

Simulated Ag}}‘gﬁ”gfd UILBO 33.0482 13801 Ulgy <Ulgo  -4782  <0.001

ULRL  22.8955 0.7652 Ulgry < Ulgtatic -4.782 < 0.001

Ul Static 3.639 2.2016 Ulgiaric < Ulpo  -2.875 < 0.01
User Study Borg CR10  UI_BO 594 1662 Ulrr, <Ulpo -3.598 < 0.001
UI.RL 1.889 1.6230 Ulgrr < Ulsiatic -3.210 = 0.001

Table 3.1: Descriptive statistics and Wilcoxon signed-rank post-hoc comparisons of fatigue across
UI conditions.
User Study For the human participants (N = 18), we applied the same non-parametric analysis
to perceived exertion measured using the Borg CR10 scale. A Friedman test showed a significant
effect of UI configuration on perceived exertion (x?(2) = 22.90, p < 0.001). Post-hoc comparisons
revealed the same ordering across Ul conditions: the RL-based UI produced the lowest fatigue,
followed by the Static UI, with the BO-based Ul yielding the highest fatigue.

Descriptive statistics and post-hoc pairwise Wilcoxon signed-rank comparisons are summarized
in Table 3.1.

Overall, the relative ordering of Ul configurations was consistent across simulated effort es-
timates and subjective fatigue reports, suggesting alignment between the biomechanical model’s

predictions and human-perceived exertion.

Task Completion Time

We measure task completion time to examine whether UI layout influences user performance.
Since the next button appears only after the current button is successfully pressed, accuracy and
error rates are not analyzed separately; errors are implicitly reflected as increased completion time.

A repeated-measures ANOVA was performed on log-transformed task completion time (S =
0.54, K=0.31). Results revealed a significant effect of UI condition on completion time (F'(2,34) =
5.92, p = 0.006, 7]12) = 0.26). Post-hoc comparisons with Bonferroni correction indicated that

UI_BO resulted in significantly longer completion times than both UI_Static (p < 0.05) and UI_RL
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Figure 3.6: NASA-TLX workload ratings across the three Ul configurations. Bars show mean
scores for each NASA-TLX subscale, aggregated across participants. Lower values indicate lower
perceived workload.

(p < 0.05), while no significant difference was observed between Ul _Static and UI_RL.

NASA-TLX

We evaluated user workload across the three UI configurations using the NASA-TLX question-
naire (Fig. 3.6). A Friedman test on the overall NASA-TLX scores revealed a significant effect of
UI configuration (x?(2) = 15.672, p < 0.001).

Follow-up analyses of individual NASA-TLX subscales showed significant effects of Ul config-
uration for Effort (x?(2) = 12.94, p < 0.01), Frustration (x*(2) = 7.73, p < 0.05), Performance
(x%(2) = 9.18, p = 0.01), and Physical Demand (x*(2) = 20.55, p < 0.001).

Post-hoc pairwise comparisons were conducted using Wilcoxon signed-rank tests to identify
differences between Ul configurations. As shown in Table 3.2, significant pairwise differences were
most consistently observed between the RL-based and BO-based Uls, particularly for the Physical
Demand subscale. Comparisons between the RL-based and Static Uls yielded smaller effects and
were not consistently significant across subscales, with the exception of Physical Demand, where

the RL-based Ul resulted in significantly lower scores.
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Subscale Comparison V/ p-value
Overall Scores Ulrr—-Ulgiaric -2.172 < 0.05
Ulr;-Ulpo -2.461 < 0.05
Ulpo-Ulgtetic -2.344 < 0.05
Effort Ulr;—-Ulsiqric -1998 < 0.05
Ulr;-Ulpo -2.594 < 0.01
UIBO_UISmtic -1.827 n.s
Frustration Ulr;-Ulgiaric -1.542 n.s
Ulr;-Ulpo -2.028  ;0.05
UIBO_UISmtic -1.494 n.s
Performance Ulrr—Ulsieric -0.910 n.s
UIRL—UIBO -1.724 n.s
Ulpo-Ulgtetic -2.405 < 0.05
Physical Demand Ulgr;—Ulgiae -3.007 < 0.01
Ulri;-Ulpo -3.36 < 0.001
Ulpo-Ulgtatic -2.421 < 0.05

Table 3.2: Post-hoc Wilcoxon signed-rank test results for NASA-TLX subscales.

3.6 Discussion

This work investigates whether biomechanical simulation can serve as a reliable driver for
fatigue-aware VR UI layout optimization and why RL is particularly well-suited for this problem.
While biomechanical models should not be interpreted as predictors of absolute human fatigue,
they provide consistent and actionable signals for comparative interface evaluation. The results
also highlight the limitations of layout selection based on sparse, per-layout evaluations under noisy
ergonomic feedback, motivating learning-based approaches that optimize expected cumulative in-

teraction cost rather than isolated interface elements.

3.6.1 Role of Biomechanical Models in UI Design

A key question is whether biomechanical user models can be meaningfully integrated into Ul
design. The results indicate that these models are well-suited for relative evaluation of interface lay-
outs, even without detailed kinematic measurements or human-in-the-loop fatigue data. Simulated
fatigue values may not correspond directly to perceived exertion for individual users, but the ordinal
ranking of interface layouts was preserved consistently in the user study. This demonstrates that

biomechanical simulation can function as an effective early-stage design tool, allowing designers
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to identify ergonomically unfavorable layouts and explore alternatives before conducting costly and
time-consuming user studies. The value of the approach lies in guiding attention toward layouts that

are likely to impose lower physical demand, rather than in providing precise fatigue predictions.

3.6.2 Limitations of Bayesian Optimization under Noisy Fatigue Signals

Despite explicitly optimizing predicted fatigue, the BO baseline underperformed both the RL-
based layout and the heuristic central placement. This outcome can be attributed to the stochastic
characteristics of the fatigue signal: even under fixed interaction sequences, predicted fatigue ex-
hibits variability due to movement stochasticity and recovery dynamics in the biomechanical model.
While individual measurements are noisy, the relative ordering of layouts remains stable across re-
peated evaluations. BO relies on a limited number of noisy evaluations to infer improvements,
making it difficult to distinguish weak but systematic ergonomic advantages.

In contrast, the RL agent optimized expected cumulative fatigue through repeated rollouts, ef-
fectively learning from distributions of outcomes rather than individual evaluations. This enabled
the agent to exploit consistent ergonomic patterns such as reduced cumulative reach and compact
spatial arrangements, even under stochastic per-episode feedback. The static layout benefited from
a robust central-placement heuristic, while the RL agent refined beyond this baseline by explicitly

optimizing cumulative interaction cost.

3.6.3 Implications for VR UI Design

The learned layouts provide concrete insights for fatigue-aware VR interface design. The RL
agent consistently positioned all three buttons in the lower region of the canvas (cells 15-17), result-
ing in lower predicted and perceived fatigue compared to the centrally clustered static baseline (cells
8-10) and the more dispersed BO layout (cells 3, 9, and 17). From a biomechanical perspective,
these placements reduce sustained shoulder elevation and upper-arm abduction across successive
interactions, lowering activation of fatigue-prone muscle groups. This demonstrates that cumula-
tive arm effort can be meaningfully reduced by leveraging row-level placement preferences rather

than relying solely on small local adjustments around a central position. Importantly, these fatigue
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reductions were achieved without increasing task completion time, suggesting that ergonomic im-
provements can coexist with interaction efficiency.

The framework is designed to evaluate, compare, and refine layouts under task and sequence-
specific constraints, rather than to discover a single optimal layout. Observed fatigue reductions
emerge from cumulative interaction effects rather than isolated reach distances, making them diffi-
cult to anticipate through manual design alone. Training the motion and UI agents incurs upfront
computation, but this cost is amortized across multiple design iterations, enabling rapid exploration
of layout alternatives without repeated user studies, which are logistically more expensive and lim-
ited in coverage.

Finally, the optimization can incorporate designer-imposed constraints such as restricted re-
gions, symmetry, accessibility requirements, or aesthetic guidelines, allowing refinement within
realistic design boundaries. This demonstrates that biomechanical simulation can support iterative,

informed UI design while respecting practical constraints.

3.7 Application: Extending to Longer Sequential Tasks

The results in Section 3.5 suggest that biomechanical simulation provides a reliable compar-
ative signal for evaluating interface layouts, and that RL is particularly effective when ergonomic
differences emerge through cumulative interaction effects rather than isolated actions. To investi-
gate how our framework scales to more complex interactions, the three-button setup is extended to
longer sequential tasks involving multiple interface elements. This setup enables evaluation of lay-
outs under more realistic interaction patterns, where repeated selections and variable button usage

affect cumulative fatigue.

3.7.1 Task Definition

The interface consists of five buttons displayed simultaneously on the UI canvas. For a given
layout, the simulated user executes three button-selection sequences sampled from a predefined
sequence generator, resulting in a total of nine button presses per episode. The layout remains

fixed throughout each episode to reflect realistic interface behavior, as dynamically repositioning
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elements between sequences would be disruptive to users.

Optimization Objective

At a higher level, optimizing button placement for high-frequency usage might initially seem
like a simple assignment problem. However, fatigue is cumulative and path-dependent, making it
more complex than a static spatial optimization. By framing this as an RL problem, the interface
agent is enabled to adapt to frequency-weighted fatigue patterns over time. In sequential interaction
tasks, repeated reaching motions lead to cumulative fatigue, and elements that are used more fre-
quently contribute significantly more to the total physical effort than less frequently used ones. The
goal is to optimize interface layouts not only for spatial efficiency but also for frequency-weighted
fatigue. To achieve this, the empirical button usage is tracked during each episode and incorporated
into the interface agent’s reward structure. This ensures that high-frequency buttons are placed in
regions that minimize physical effort, extending the optimization beyond simple spatial considera-

tions, as seen in the three-button setup.

3.7.2 RL Approach
Motion Agent

To train the motion agent for multiple buttons simultaneously, we propose the following ap-
proach. At each step of the sequence, a small target sphere is placed at the center of the currently
active button. The agent is trained to reach and select this target. After each successful interaction,
the target advances to the next button in the sequence, enabling multi-step trajectories while pre-
serving the original reward structure and motion dynamics. Following the same reward structure as
in Section 3.4.3, the reward includes a task component 7, a distance component rq, and an effort
regularization term Jt¢. A reward of 5 is given for pressing a button, and an additional reward of 15
is provided for completing the sequence. The distance reward r4 is computed as e~4 — 1, where
distance is measured between the controller and the center sphere. The effort regularization term

remains unchanged.
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Figure 3.7: Sequential five-button interaction task. All five buttons are displayed simultaneously,
and the agent performs selections in the order specified by the visual marker.

Sequential Interaction Modeling in VR In the original single-button task, reward shaping based
on Euclidean distance was sufficient because only one target was visible at a time. When extend-
ing the task to multiple simultaneously visible buttons, distance-based rewards no longer reliably
indicate which button in the sequence should be selected next, leading to ambiguous credit as-
signment. This issue is amplified by image-based observations, where multiple potential targets
appear in the visual input without an explicit indication of priority. Motivated by [20], we intro-
duce an explicit target representation as a small sphere placed at the center of the currently active
button. Unlike [20], where the agent receives a low-dimensional state vector explicitly encoding
target location and end-effector position, our motion agent operates on image-based observations
and outputs muscle-level control signals, making target identity non-trivial to infer from the input
alone. Alternative strategies, including directly embedding button positions or visually differenti-
ating buttons, did not reliably disambiguate the active target. The explicit spatial target, therefore,
provides a clear, visually grounded goal for sequential interactions while preserving the original

reward structure (Fig. 3.7).

Interface Agent

The episode is defined as follows: At each timestep, the interface agent takes an action. For

the same action (i.e., the same layout), three button sequences are executed, leading to nine button
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interactions. This design ensures that the layout does not change every timestep, avoiding confusion
caused by dynamic layout changes.

Over an episode, we record the empirical usage frequency of each button and the average fatigue
cost incurred per button press. The observation space is defined as the concatenation of button usage
frequencies and their current grid positions. The action space corresponds to assigning each of the
five buttons to a unique cell in the discretized UI grid.

Let n,gt_l) denote the number of times button ¢ was selected in the previous episode, and define

the empirical usage frequency as

Z?:1 n§.t_1)

(t-1)

Empirical usage frequencies from the previous episode 7; are used rather than those from the

current rollout. Because usage statistics are only available after the episode completes, computing

(®)

the reward with 7;”” would allow the layout to influence the frequency weights used to evaluate

(t=1)

itself, introducing circularity into the reward signal. Using m; instead provides a fixed estimate
of expected interaction frequencies, ensuring that layout evaluation remains independent of the
rollout used to measure fatigue. This design stabilizes training and avoids biased credit assignment.

Let Fi(t) denote the cumulative effort incurred for button ¢ during the current episode, computed
as the sum of instantaneous effort costs Ceg(¢) over all transitions to that button.

The reward at episode ¢ is then defined as

5 t=1) ()
Ry =e &i=1Ti Fy .

An exponential scaling is applied to increase the sensitivity of the reward to fatigue incurred
by frequently used buttons. This ensures that layouts placing high-frequency buttons in moderately
high-cost regions are penalized more strongly, providing a clearer optimization signal for the UI
agent. In contrast to the previous three-button setup, where linear scaling of cost was sufficient,

the current design involves nine button interactions per episode. Using a linear combination of
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Figure 3.8: Five-button layout optimized under frequency-weighted fatigue. Frequently used
buttons are placed in lower-cost regions of the canvas, reflecting the agent’s adaptation to cumulative
biomechanical effort across sequential interactions.

frequency and cost would produce relatively small differences in reward values, which could hin-
der PPO’s learning by generating weak gradient signals. The exponential formulation amplifies
these differences, allowing the agent to more effectively distinguish between layouts and accelerate
convergence during training.

To avoid overlapping buttons, a large penalty is applied whenever multiple buttons occupy the

same grid cell. This ensures that invalid UI placements are clearly discouraged.

Results

Across episodes, the interface agent consistently converged to a single layout configuration,
even when button usage frequencies varied (Fig. 3.8). This behavior is a consequence of the op-
timization formulation rather than a limitation of frequency-aware learning. In the reward formu-
lation, each button’s fatigue cost is scaled by how often it is used, so frequently pressed buttons
contribute more to the overall penalty. However, the relative difficulty of positions on the canvas
remains largely stable, meaning that frequency weighting amplifies penalties but does not change
which locations are easiest or hardest to reach. As a result, the agent learns a layout that minimizes
expected fatigue across all episodes, rather than adjusting button placements to per-episode usage
fluctuations. This illustrates that policy-based optimization finds a globally efficient layout under
the expected interaction statistics, highlighting the value of incorporating frequency into the fatigue
signal. This demonstrates that the framework proposed produces ergonomically sensible layouts
at scale and validates the utility of frequency-weighted fatigue as a design signal, even when per-

episode variations are small.
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3.8 Limitations and Future Work

This extension to longer sequential tasks illustrates the role of cumulative fatigue as an effec-
tive optimization signal and shows that the proposed framework remains well-behaved under more
dynamic and realistic interaction scenarios. The focus of this analysis is on scalability and opti-
mization behavior as task complexity increases.

The results should therefore be interpreted at the level of the simulated model. While the pre-
dicted fatigue signals were effective for comparative evaluation of interface layouts, they are not
intended to serve as absolute predictors of perceived exertion for specific users. Biomechanical
models provide a reasonable baseline by mimicking human movement strategies, but they lack cog-
nitive processes and decision-making, and cannot fully capture adaptive or nuanced human behav-
iors. In addition, individual differences in anthropometry, posture, strength, and movement strategy
were not explicitly modeled. This abstraction enables controlled analysis of physical effort, but
real-world VR fatigue may also be influenced by cognitive load, visual strain, or prior physical
activity—factors not captured by the current simulation.

Future work could address these limitations by introducing variability in anthropometric param-
eters, such as sampling different arm lengths during execution, to better approximate user diversity.
In this work, we focused on a right-handed upper-body model; extending the framework to full-
body or bimanual biomechanical models would allow investigation of fatigue patterns in larger or
more complex interfaces involving both controllers [3, 61]. Such extensions would also support the
study of multi-step or multi-task interaction scenarios in which fatigue accumulates across broader
task contexts.

From a systems perspective, the architecture follows a hierarchical RL structure in which the
UI agent depends on a pretrained biomechanical motion agent. While the motion agent generalizes
to moderate variations in the VR task (e.g., button size or position), its ability to adapt to more
substantial changes in interaction mechanics or interface design remains limited. Future work could
explore curriculum learning, structured randomization of task and interface parameters (e.g., target
size, position, and interaction dynamics), or fine-tuning strategies to improve generalization across

interface variations without requiring full retraining.
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Finally, while we demonstrated the framework using PPO, the proposed formulation is not tied
to a specific learning algorithm. Alternative optimization methods or hybrid approaches could be
explored depending on design constraints and interaction context. The framework could also be
extended to support more complex or adaptive Ul elements, such as dynamically adjusting lay-
outs, variable button sizes, or compound widgets (e.g., drop-down menus), enabling investigation

of scalability in more flexible and user-responsive interface designs.

3.9 Conclusion

We present a framework that systematically integrates biomechanical simulation into the VR
UI design process to support fatigue-aware layout optimization. Although simulated fatigue should
not be treated as an absolute predictor of human effort, our results demonstrate that biomechanical
models provide consistent comparative signals for evaluating and refining interface layouts. By
framing layout selection as a sequence-level optimization problem under noisy ergonomic feed-
back, we show that RL is well-suited to optimizing layouts under cumulative fatigue signals that
are difficult to address with static or single-shot approaches. Rather than identifying a single uni-
versally optimal layout, the framework enables early-stage exploration of ergonomically informed
design alternatives, reducing reliance on costly user studies and facilitating the development of more

physically considerate VR interfaces.
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Chapter 4

Conclusion and Future Work

4.1 Contributions

This thesis presents a simulation-driven framework for fatigue-aware VR interface design that
leverages biomechanical user models as surrogate evaluators of physical effort. By formulating
interface layout selection as a sequence-level optimization problem under cumulative fatigue, the
framework enables ergonomic considerations to be incorporated directly into the design process
without relying on hand-crafted heuristics or extensive human data collection.

Rather than identifying a single optimal layout, the approach supports systematic exploration
of design alternatives using physically grounded cost signals. The results demonstrate that relative
fatigue trends predicted by biomechanical simulation align with human-reported exertion, highlight-

ing the potential of simulated users as effective early-stage design tools.

4.2 Limitations

Despite the thesis’s contribution towards a framework that demonstrates the potential of biome-
chanical simulation for fatigue-aware interface design, it has limitations.

Although the simulation provides meaningful relative comparisons between interface layouts, it
does not fully capture subjective or user-specific perceptions of fatigue. Factors such as cognitive

load, visual strain, and prior physical state are not modeled.

50



Furthermore, the current framework focuses on simplified interaction tasks and a right-handed
upper-body model. Individual differences in anthropometry, strength, and movement strategy are
not explicitly considered. While this enables controlled analysis, it limits the direct applicability of

the findings to more complex interaction scenarios and diverse user populations.

4.3 Future Work

Future work can extend the proposed framework to more complex and realistic VR interfaces
beyond grid-based button layouts. This includes structured interface designs such as panels, tool-
bars, and hierarchical menus, where interaction cost depends not only on spatial placement but also
on navigation depth, interface transitions, and task structure.

Another direction is to incorporate greater variability in user characteristics. Extending the
framework to left-handed and bimanual models [3], as well as introducing variation in anthropo-
metric parameters such as arm length and reach, would enable analysis across more diverse user
populations. Together, these directions aim to improve the generalizability and applicability of

fatigue-aware interface optimization in real-world VR systems.
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Appendix A

Hyperparameters for the RL Agents

A.1 UI Agent

Parameter Value
Algorithm PPO

Policy network 2 layers, 128 units, LeakyReLU
Learning rate schedule Linear 10~% — 1076
Discount factor 0.0

GAE parameter A 0.0

Total timesteps 106

Parallel workers 12

Rollout steps per update 320

Batch size 960

Target KL 0.05

Table A.1: Training hyperparameters for the UI agent.
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A.2 Motion Agent

Parameter Value

Algorithm PPO

Policy network 2 layers, 256 units, LeakyReLLU
Action activation Tanh

Learning rate schedule Linear 5 x 107° — 1 x 1077
Total timesteps 108

Parallel workers 10

Rollout steps per update 4000

Batch size 1000

Target KL, 1.0

Table A.2: Training hyperparameters for the motion agent.

A.2.1 Motion Agent Pipeline

Image

(downsized to ~ o e Y
120 x 80 pixels ) PPO Policy
Feature extractor ) . Output

(CNN and MLP encoders) Network (muscle control signals)

(MLP)
proprioception N
(joint positions, velocities,

accelerations, end-effector etc)

Figure A.1: Motion agent pipeline. The agent receives multimodal observations consisting of
visual input and proprioceptive features. These inputs are then processed through a feature extractor
composed of convolutional and fully connected encoders, producing a latent representation used by
a PPO-based policy network. The policy outputs continuous muscle control signals, which are
applied to the biomechanical model, creating motion.
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Appendix B

User Study: Designing Fatigue Aware

VR Interfaces via Biomechanical Models
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B.1 Ethics Approval Form

E/;Concordia

CERTIFICATION OF ETHICAL ACCEPTABILITY
FOR RESEARCH INVOLVING HUMAN SUBJECTS

Name of Applicant: Harshitha Voleti

Department: Gina Cody School of Engineering and Computer
Science\Computer Science and Software Engineering

Agency: N/A

Title of Project: Optimizing User Interfaces in VR Applications Using
Reinforcement Learning

Certification Number: 30021562

Valid From: March 12,2025 To: March 11, 2026

The members of the University Human Research Ethics Committee have
examined the application for a grant to support the above-named project, and
consider the experimental procedures, as outlined by the applicant, to be
acceptable on ethical grounds for research involving human subjects.

Fritand Dottt

Dr. Richard DeMont, Chair, University Human Research Ethics Committee
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B.2 Borg CR10 Rating

Score Definition Note
0 Nothing at all No arm fatigue
0.5  Very, very weak  Just noticeable
1 Very weak As taking a short walk
2 Weak Light
3 Moderate Somewhat but not hard to go on
4 Somewhat heavy
5 Heavy Tiring, not terribly hard to go on
6
7 Very strong Strenuous
8
9

10 Extremely strong Extremely strenuous

Table B.1: Borg CR10 Scale for Perceived Exertion
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