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Abstract—Adaptive attention allocation in dynamic social en-
vironments remains a fundamental challenge for autonomous
robots, requiring the integration of perceptual saliency, social
context, and real-time decision-making. We present a bio-inspired
reinforcement learning framework for robotic gaze control that
incorporates a habituation mechanism to regulate the explo-
ration–exploitation trade-off, mirroring how biological attention
systems filter redundant stimuli whilst remaining responsive to
novel events. Through a comprehensive ablation study comparing
Deep Q-Learning (DQL), Vanilla Q-Learning (VQL), and Multi-
Objective Q-Learning (MOL), we uncover a critical insight:
habituation significantly enhances DQL performance, improving
response efficiency and policy stability, yet causes systematic
degradation in MOL due to fundamental incompatibilities be-
tween fixed-threshold resets and the extended episodes required
for multi-objective optimisation. This differential effect reveals
that bio-inspired mechanisms cannot be applied universally
across learning architectures but must be carefully matched to
algorithmic characteristics. Real-world deployment on the ARI
humanoid robot validates the framework’s practical applicabil-
ity, achieving robust gaze prediction accuracy across diverse
interaction scenarios with well-calibrated confidence metrics that
reliably distinguish correct from incorrect predictions. Our find-
ings provide evidence-based guidelines for integrating biological
principles into cognitive robotics, demonstrating both the promise
and the pitfalls of bio-inspired mechanism design.

Index Terms—Social robotics, attention adaptation, reinforce-
ment learning, bio-inspired systems, gaze behaviour, human-
robot interaction, habituation mechanisms

I. INTRODUCTION

Social robotics is expanding rapidly across assistive care,
education, and entertainment [1], [2], demanding robots with
bio-inspired, human-like characteristics, including advanced
perception, context-sensitive reasoning, and coherent expres-
siveness [3], [4]. Among these competencies, the ability to
direct and regulate attention stands as a fundamental chal-
lenge. Real-time attention allocation in multiparty scenarios
requires identifying and prioritising salient stimuli in dynamic,
ambiguous environments, which is essential for effective hu-
man–robot interaction (HRI). Whilst contemporary systems
like RASA achieve 76.9% accuracy in dyadic interactions
and multi-party systems reach 97% effectiveness [5], [6],
these metrics mask critical limitations in scalability, tempo-
ral modelling, and adaptability [7], [8]. Current approaches
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Fig. 1: A triadic Human–Robot Interaction with the ARI
humanoid robot. For further details about this study, please
visit: https://ghamati.com/brlbam/

suffer from fundamental constraints that limit real-world de-
ployment. Performance degrades beyond 2-3 participants as
computational complexity grows exponentially [9]. Systems
demonstrate poor temporal modelling, failing to capture atten-
tion patterns over time [10], whilst reliance on deterministic,
handcrafted mappings constrains adaptability to novel scenar-
ios [11]. These limitations reveal a conceptual gap. Whilst
achieving controlled-setting performance, systems struggle to
replicate the fluid, adaptive attention mechanisms that humans
effortlessly employ in social contexts.

This gap stems from the underdeveloped translation of
biological attention mechanisms to robotics [12]. Whilst foun-
dational mechanisms such as foveal vision and saccadic eye
movements have been successfully implemented, higher-order
processes, including neuromodulatory influences on attention
and adaptive habituation responses, remain largely unexplored
in robotic systems [13], [14].

Among missing mechanisms, habituation, fundamental to
biological learning and attention regulation, is particularly
promising yet severely underutilised [15]. Current implemen-
tations employ simplistic exponential decay, failing to capture
stimulus specificity, spontaneous recovery, and dishabitua-
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tion responses. This represents a significant missed opportu-
nity, as habituation prevents overfocus on redundant stimuli
whilst enabling efficient reallocation to novel information.
Can we bridge this gap through biologically grounded ha-
bituation in learning-based attention systems? Answering this
requires confronting the substantial challenges that reinforce-
ment learning faces in social robotics [16]. These include
sample efficiency bottlenecks that often demand millions to
billions of training steps [17], generalisation failures when
transferring learned policies across diverse user groups [18],
and the inherent complexity of multi-objective optimisation
where competing objectives such as efficiency versus safety
or engagement versus privacy must be balanced simultane-
ously [19].

A critical question emerges: under what conditions do bio-
inspired mechanisms enhance learning, and when might they
interfere with algorithmic requirements?

This question motivates the present work. We introduce
the Reinforcement Learning-Based Attention Model (RL-
BAM), which incorporates a habituation mechanism [20] into
value-based RL [21] for social gaze control. Through a 54-
experiment ablation study across DQL, VQL, and MOL, we
reveal a striking differential effect: habituation enhances DQL
performance whilst causing systematic degradation in MOL,
providing evidence-based guidelines for matching bio-inspired
mechanisms to algorithmic characteristics.

II. RELATED WORK

Developmental robotics provides a complementary perspec-
tive to engineered attention systems by seeking to replicate
the ontogenetic trajectory through which biological agents
acquire attentional capabilities [22]. Computational models
of infant gaze development have demonstrated that simple
learning mechanisms, when coupled with appropriate environ-
mental structure, can give rise to increasingly sophisticated
attention patterns — progressing from reflexive orientation
to deliberate, socially modulated gaze [23]. Sensorimotor
contingency approaches frame attention as emerging from
the agent’s discovery of regularities between its actions and
sensory consequences, enabling robots to develop perceptual
strategies through self-directed exploration [24]. Intrinsic mo-
tivation frameworks extend this by providing curiosity-driven
reward signals that guide attention toward informative stimuli,
a principle with clear parallels to our habituation mechanism’s
regulation of exploration toward novel events [25]. However,
developmental approaches typically require extensive interac-
tion periods and have primarily been demonstrated in con-
strained settings with limited scalability to real-time multiparty
social scenarios. Our framework draws on the developmental
insight that attention mechanisms should be learned rather than
pre-programmed, whilst employing reinforcement learning to
achieve the sample efficiency required for practical deploy-
ment.

Joint attention — the shared focus of two individuals on the
same object or event, typically mediated by gaze — has been
extensively studied as a foundational mechanism for social
cognition and communication [26]. In HRI, computational

models of joint attention have been developed to enable robots
to follow human gaze direction [27], establish shared reference
frames during object manipulation [28], and engage in triadic
interactions involving referential gaze [29]. These systems
typically model the intentional coordination between agents,
requiring explicit representation of the partner’s attentional
state and goal inference mechanisms. Our work addresses a re-
lated but distinct problem: stimulus-driven attention allocation,
where the robot must determine which social stimulus to attend
to based on perceptual saliency and learned social priorities,
rather than establishing mutual attentional engagement with a
specific partner. Whilst joint attention models answer, “where
is the human looking, and should I follow?”, RLBAM answers,
“among all available social stimuli, which deserves attention
now?” These approaches are complementary — RLBAM’s
saliency-driven allocation could serve as a front end for joint
attention systems, first identifying the most relevant social
partner before engaging in shared attentional coordination.

Recent advances in learning-based gaze control have ex-
plored various approaches beyond classical rule-based sys-
tems. Policy gradient methods have been applied to con-
tinuous gaze control, enabling smooth saccadic movements
but requiring large amounts of training data and demon-
strating limited transferability across social contexts [30].
Actor–critic architectures have shown promise for balancing
gaze accuracy with temporal smoothness through dual reward
channels, though their application to multiparty scenarios re-
mains limited [31]. More recently, transformer-based attention
prediction models have leveraged large-scale gaze datasets
to predict human-like fixation patterns with high accuracy,
but these supervised approaches lack the adaptive online
learning capability essential for personalised human–robot
interaction [32]. Deep RL approaches to social gaze have
demonstrated success in dyadic settings, yet their extension
to multiparty scenarios with dynamic participant entry and
exit remains an open challenge [33]. Our framework employs
value-based RL (specifically Deep Q-Learning), which offers
distinct advantages for the discrete gaze allocation problem:
the 8-action decision space aligns naturally with Q-value
enumeration, experience replay enhances sample efficiency,
and the resulting Q-values provide interpretable confidence
metrics for online error detection — a capability absent in
policy gradient and transformer-based alternatives.

Against this landscape, RLBAM makes three contributions
that distinguish it from prior bio-inspired and adaptive atten-
tion systems. First, existing bio-inspired attention mechanisms
in robotics employ simplistic exponential decay or fixed
saliency maps that fail to capture the richness of biological
habituation — particularly stimulus specificity, spontaneous
recovery, and dishabituation. RLBAM implements a com-
putationally grounded habituation mechanism (Algorithm 1)
that reproduces these three biological properties within the
reinforcement learning exploration–exploitation framework.
Second, whilst prior work has proposed individual bio-inspired
attention mechanisms and evaluated them in isolation, no
study has systematically investigated how the same mechanism
interacts with fundamentally different learning architectures.
Our ablation study across DQL, VQL, and MOL reveals for the
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first time that habituation’s effect is architecture-dependent —
a finding with broad implications for bio-inspired mechanism
design in cognitive robotics. Third, unlike most learning-
based gaze systems that report only accuracy in simulation
or constrained laboratory settings, RLBAM provides validated
real-world deployment on a humanoid robot platform with
quantitative confidence metrics (softmax confidence and Q-
margin) that reliably distinguish correct from incorrect pre-
dictions (Spearman ρ = 0.42, p < 0.001), enabling principled
online error detection during deployment.

III. CONTRIBUTIONS

Building upon the challenges and research questions iden-
tified above, our framework makes six key contributions:

1) Bio-inspired habituation mechanism: Unlike existing
systems that employ simplistic decay functions, our ap-
proach implements habituation with stimulus specificity,
spontaneous recovery, and dishabituation responses (Al-
gorithm 1), directly addressing the critical gap in bio-
inspired attention mechanisms.

2) Comprehensive ablation study: We present 54 inde-
pendent experiments (3 methods × 2 exploration modes
× 9 runs) with rigorous statistical analysis including
paired t-tests, one-way ANOVA, and Cohen’s d effect
sizes, revealing the differential impact of habituation
across learning architectures.

3) Systematic baseline comparisons: We compare against
a rule-based controller (94.2% success), standard ϵ-
greedy exploration, and a random policy baseline
(12.5% chance level), contextualising our results across
the full performance spectrum.

4) Empirically-grounded reward structure: The reward
function is derived from human eye-tracking data using
the Elicited Attention model [3], ensuring ecological
validity in the learned attention policies.

5) Real-time performance: The framework achieves 30Hz
inference on the ARI robot’s onboard computer, with
training completing in approximately 45 minutes per
10,000-episode run.

6) Real-world deployment: We demonstrate 95.1% accu-
racy (95% CI: [92.7%, 96.7%]) across 448 trials with 3
experimenters, with per-class F1-scores of 0.63–0.78 for
human-directed attention and well-calibrated confidence
metrics (Spearman ρ = 0.42, p < 0.001).

IV. METHODOLOGY

This section presents the RLBAM framework in four parts:
first, we formalise the attention allocation problem and justify
the use of reinforcement learning over rule-based alternatives;
second, we describe the empirical foundation derived from hu-
man eye-tracking data that grounds our reward structure; third,
we detail the system architecture, including the bio-inspired
habituation mechanism (Algorithm 1), the DQL learning al-
gorithm (Equation 1), and the state–action–reward definitions
(Equations 2–4); and fourth, we specify the hyperparameter
configuration and simulation training environment.

To establish a rigorous foundation, we first formalise what
we mean by attention in the context of RLBAM. In our
framework, attention refers to the policy-driven allocation
of gaze direction toward salient targets in the environment.
Formally, let T = {t1, t2, . . . , tk} denote the set of potential
attention targets. The attention function A : S → T maps the
current state s ∈ S to the most salient target, where saliency
is determined by the learned policy π(a|s). This definition
integrates perceptual saliency (bottom-up visual features), so-
cial saliency (top-down contextual factors), and policy-driven
selection (learned preferences).

The choice of RL over simpler rule-based controllers is mo-
tivated by three requirements that rule-based systems cannot
satisfy: temporal dependencies in human attention patterns,
uncertainty and partial observability in real-world social en-
vironments, and the need for adaptation and generalisation
across novel scenarios.

The reward structure is grounded in empirical data on
human attention. In our previous work, we conducted an eye-
tracking study with 11 participants at the Technical University
of Munich, who viewed a 7-minute video of a dyadic conversa-
tion recorded with synchronised HD and Kinect RGB-D cam-
eras [3]. Analysis of gaze dynamics during sequential room
entry, seated discussion, and individual departures informed
the construction of a reward function designed to replicate
human-like attention allocation.

The outcome of this empirical work formed the foundation
for constructing a reward function within our reinforcement
learning framework, specifically designed to replicate human-
like attention allocation.

With this empirical grounding, we describe the overall sys-
tem architecture that integrates these insights into a functional
robotic attention system.

The framework comprises two components: the robotic
system executing RL-driven gaze policies, and the interactive
human environment providing continuous feedback. The robot
acts upon the learned policy, monitors environmental changes,
and receives feedback from interacting humans, enabling a
cyclic learning process that progressively improves attention
allocation.

One critical component of human attention is habituation,
the gradual decline in response to repeated stimuli [34].

Habituation is context-dependent and associative in nature,
allowing attentional systems to reallocate resources efficiently
to novel stimuli. Inspired by this mechanism, we implemented
a dynamic attention exploration rate within our system, tai-
lored for human–robot interaction. In line with the principles
of habituation and addressing a key challenge identified in RL
methods, we incorporate the concept of habituation into RL to
counteract instances where agents become ensnared in local
goals. After closely examining the behaviour of RL agents,
we identified a correlation between a decreased likelihood
of exploration and an increased risk of becoming stuck. We
establish a per-episode threshold τ = 10 to address this issue,
representing the maximum number of steps. When the agent
reaches this threshold, indicating that it is stuck and unable to
reach a terminal state, we elevate the likelihood of exploration.
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Algorithm 1 Bio-Inspired Habituation Mechanism
1: Initialise: ε← 1.0, εprev ← 1.0, τ ← 10
2: Parameters: decay δ = 0.995, minimum εmin = 0.01
3: for each episode e = 1, 2, . . . do
4: steps← 0, reset occurred← False
5: while not terminal state do
6: Select action via ε-greedy policy
7: Execute action, observe reward and next state
8: steps← steps+ 1
9: if steps > τ and not goal reached then

10: εprev ← ε; ε← 1.0 {Dishabituation}
11: reset occurred← True
12: end if
13: end while
14: if goal reached and reset occurred then
15: ε← εprev {Spontaneous recovery}
16: else
17: ε← max(εmin, ε× δ) {Normal decay}
18: end if
19: end for

This adjustment aims to assist the agent in discovering
additional states, ensuring its ongoing survival. The habitu-
ation mechanism operates through three key properties that
mirror biological processes. Habituation corresponds to the
standard exponential decay of the exploration rate: ε(t) =
max(εmin, ε × δ) where δ = 0.995 is the decay rate and
εmin = 0.01. Dishabituation occurs when the agent becomes
stuck, operationalised as exceeding the step threshold τ with-
out reaching the goal state. Spontaneous recovery occurs after
successful goal achievement following a dishabituation reset.
The complete algorithmic specification of this mechanism is
provided in Algorithm 1.

The interplay between the ϵ-greedy policy and the habitua-
tion mechanism jointly ensures long-term consistency of gaze
behaviour across the training trajectory. During early training,
the high exploration rate (ϵ ≈ 1.0) enables broad sampling
of the state–action space, establishing initial value estimates
across diverse social scenarios. As training progresses, the
multiplicative decay (δ = 0.995) systematically reduces ex-
ploration, allowing the policy to consolidate around high-value
attention strategies.

The habituation mechanism complements this process by
providing targeted exploration interventions: when the agent
becomes trapped in suboptimal attention loops (exceeding
τ steps without reaching the goal), the dishabituation reset
temporarily restores full exploration, enabling escape from
local optima. Crucially, the spontaneous recovery mechanism
(restoring ϵprev after successful goal achievement following a
reset) prevents these interventions from erasing prior learning
progress, maintaining the overall convergence trajectory.

This dual mechanism — monotonic decay for systematic
exploitation with occasional adaptive resets for corrective
exploration — produces policies that exhibit both short-term
responsiveness to immediate social cues and long-term consis-
tency in attention allocation patterns, as validated by the low
variance in DQL-HAB performance across nine independent
training runs (σ = 0.010 for transfer score, compared to
σ = 0.021 for DQL-EPS).

To comprehensively evaluate the effectiveness of this ha-

bituation mechanism across different learning paradigms, we
implemented three distinct reinforcement learning architec-
tures. DQL employs a neural network function approximator
with two hidden layers of 128 and 64 units, respectively,
using ReLU activation functions and experience replay. VQL
employs a tabular Q-table with discrete state representation
and learning rate α = 0.1. MOL employs a vector Q-
table maintaining separate Q-values for six objectives: task
success, proximity to target, gaze direction alignment, social
appropriateness, movement smoothness, and energy efficiency.
This systematic comparison enables us to determine under
what conditions bio-inspired mechanisms enhance or impede
learning performance.

Among these architectures, DQL is particularly well-suited
given the discrete 8-action decision space, which aligns nat-
urally with value-based learning. The integration with the
habituation mechanism enables flexible exploration, whilst
experience replay enhances sample efficiency. The original Q-
learning update rule is defined as [35]:

Q(st,at)←Q(st,at)+α
[
rt+1+γmax

a
Q(st+1,a)−Q(st,at)

]
(1)

where Q(st, at) is the current Q-value of taking action at in
state st, α is the learning rate, rt+1 is the reward received after
taking action at, γ is the discount factor, and maxa Q(st+1, a)
is the maximum estimated Q-value for the next state st+1.

Having specified the learning algorithm, we now define the
state and action spaces that structure the robot’s decision-
making process. In the proposed model, each state is char-
acterised by two principal features: the human activity being
observed and the proximity between the people and the robot.
Each discrete human activity is assigned a unique identifier,
whilst proximity is quantified numerically.

The environment comprises interactive states (one or more
people present) and non-interactive states (no individuals or
no active engagement). Each state s ∈ Rn encodes person
activities, proximity measurements, and count, derived from
Kinect-based sensing.

The action space complements this state representation
with a discrete set of gaze control options. The robot’s gaze
control is defined over a discrete action space comprising eight
options: focusing on person 1 through person 6 (the maximum
number of humans that can be detected using a Kinect), an
object, or the environment. The action space A is defined as:

A = {a1, a2, a3, a4, a5, a6, a7, a8}, (2)

where a1 through a6 correspond to gazing at person 1 to
person 6, respectively, and a7 and a8 represents gazing at an
object or the environment. With the state and action spaces
defined, the reward function becomes the critical component
that shapes the learned behaviour towards human-like attention
patterns.

To develop a socially grounded reward structure, we incor-
porate the Elicited Attention (EA) model [3], which quantifies
the salience of person behaviours such as speech initiation,
personal space entry, and gaze cues.

The original EA formulation integrates four key parameters:

EAs,j(t) = Fs,j + P (d) +O(θ) + EAMs,j , (3)



5

TABLE I: Gaze Control Score (GCS) values defining the social
features Fs,j in the reward function, adopted from [3].

Priority Social Cue GCS

1 Entering 100
2 Speaking 100
3 Hand motion/gesture 65
4 Leaving 55
5 Facial expression 45

where Fs,j represents the social features of person s, indexed
by j (see Table I for the Gaze Communication Score values);
P (d) denotes the proxemics area based on distance d; O(θ)
pertains to orientation angle; and EAMs,j represents the
Elicited Attention Memory component.

We adopt the Proxemics theory from [36] and categorise
three spaces: personal, social, and public, assigning values of
1000, 100, and 10, respectively. The total reward at time t is
simplified to:

rt(s, a) = Fs,j + P (d). (4)

The interaction between this reward structure and the dis-
count factor γ = 0.988 establishes the temporal modelling
capability of the framework: the agent learns not merely
which target is currently most salient, but how attention
should be allocated over multi-step interaction sequences. The
high discount factor ensures that the learned Q-values encode
temporally extended attention strategies, capturing patterns
such as maintaining gaze during sustained speech or shifting
attention when a new person enters — dynamics that unfold
over multiple decision steps rather than instantaneously.

Considering both proximity P and each activity score F ,
the reward function computes fifteen distinct values.

The implementation of this learning framework requires
careful hyperparameter configuration to ensure stable conver-
gence and effective learning. The Q-values are stored in a
Q-table, which is updated iteratively as the agent interacts
with the environment. To optimise the learning dynamics and
ensure stable convergence, we carefully tuned the DQL agent’s
hyperparameters. Key parameters include a learning rate of
0.0016, discount factor γ = 0.988, and habituation-inspired
ϵ-greedy exploration strategy with multiplicative decay.

The convergence properties of our DQL agent are grounded
in established theoretical guarantees for Q-learning with func-
tion approximation. Under the Robbins–Monro conditions, Q-
learning converges to the optimal action-value function Q∗

when each state–action pair is visited infinitely often and the
learning rate satisfies

∞∑
t=1

αt =∞ and
∞∑
t=1

α2
t <∞

[37]. These conditions apply strictly to the tabular case
(VQL).

In contrast, DQL achieves practical convergence stability
through experience replay, which decorrelates sequential sam-
ples and reduces update variance, and through the use of a
target network (updated every N episodes) that stabilises the
regression target.

The chosen discount factor γ = 0.988 ensures that the
agent plans over extended temporal horizons — effectively
weighting rewards up to approximately

1

1− γ
=

1

1− 0.988
≈ 83

steps into the future. This is critical for capturing the temporal
dynamics of social attention, where gaze decisions depend
on evolving interaction context rather than immediate stimuli
alone.

The learning rate α = 0.0016 was selected to be sufficiently
small to ensure stable convergence whilst remaining large
enough to allow practical learning speed within our 10,000-
episode training budget.

Regarding computational efficiency, each training run of
10,000 episodes completes in approximately 45 minutes on a
standard workstation. Memory footprint remains below 2GB
for all configurations. Real-time inference operates at 30Hz
on the ARI robot’s onboard computer. These computational
characteristics demonstrate the practical feasibility of deploy-
ing the system in real-world scenarios. At the final step,
before real-world deployment, the system undergoes extensive
training in simulation to ensure robust performance.

We utilised IsaacSim [38] for simulation-based pre-training,
constructing environments featuring humans and a social robot
receptionist with scenarios including person entry, interaction
activities such as hand-waving and speech, and multiparty
conversations.

V. EXPERIMENTAL DESIGN

The experimental design follows a 3× 2 factorial structure
with 9 replications: 3 methods (DQL, VQL, MOL), 2 explo-
ration modes (EPS for standard ϵ decay, HAB for habituation),
and 9 independent runs per configuration with different ran-
dom seeds, yielding 54 total experiments. Each run comprises
10,000 training episodes followed by evaluation on 51 test
states with 20 iterations each, providing 1,020 test episodes
per run. Critically, the EPS condition for each method serves
as the ablation baseline, removing the habituation adaptation
mechanism whilst keeping all other components — network
architecture, reward function, state–action representation, and
hyperparameters — identical. This paired design enables direct
isolation of the habituation mechanism’s contribution within
each learning architecture.

To ensure rigorous and reproducible evaluation, we employ
a multi-layered statistical framework throughout this study.
Reproducibility is addressed through 9 independent runs per
configuration with different random seeds, yielding 54 total
experiments and over 55,000 test episodes across all condi-
tions. Within-method comparisons (HAB vs. EPS for each
architecture) use paired t-tests to isolate the specific effect
of habituation, whilst cross-method comparisons employ one-
way ANOVA to assess whether performance differences across
DQL, VQL, and MOL are statistically significant. Beyond
null-hypothesis testing, we report effect sizes using Cohen’s d
for all comparisons, providing a measure of practical signifi-
cance independent of sample size. All simulation results report
means and standard deviations across the 9 runs (Table II),
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with error bars (±1 SD) shown in all figures and 95%
confidence intervals for transfer scores (Fig. 7). For real-world
validation, we report 95% confidence intervals computed via
the Wilson score method for all accuracy measures (Table VI),
per-class precision, recall, and F1-scores (Table VII), and
confidence–correctness correlations using Spearman’s ρ.

This extensive experimental scope ensures that our findings
are not artifacts of specific random initialisations or stochastic
training dynamics, but rather represent reliable patterns that
generalise across multiple independent trials.

The statistical rigour of our analysis is paramount given the
stochastic nature of RL. Statistical analysis employs paired t-
tests for within-method comparisons (HAB vs EPS for each
method), enabling us to isolate the specific impact of habitua-
tion within each learning architecture. For cross-method com-
parisons, we employ one-way ANOVA to determine whether
observed performance differences are statistically significant
across the three learning paradigms. Beyond statistical signif-
icance, we report effect sizes using Cohen’s d to characterise
the practical magnitude of observed differences. Effect size
interpretation follows standard conventions: negligible (d <
0.2), small (0.2 ≤ d < 0.5), medium (0.5 ≤ d < 0.8), and
large (d ≥ 0.8). This combination of significance testing and
effect size reporting provides a complete picture of both the
reliability and practical importance of our findings.

To comprehensively assess system performance, we employ
six complementary metrics that capture different aspects of
learned behaviour. Success Rate measures the proportion of
test episodes where the agent successfully directed gaze to
the appropriate target, providing a fundamental measure of
task competence. Average Steps to Goal captures response
efficiency, directly relevant to real-time HRI where delays
disrupt interaction flow. Softmax Confidence measures the
probability mass assigned to the selected action, reflecting
the decisiveness of the learned policy. Q-Margin measures
the difference between Q-values of the best and second-best
actions, providing an alternative confidence metric indepen-
dent of the softmax function. Transfer Score is a composite
metric combining success (40%), efficiency (30%), confidence
(20%), and normalised reward (10%), designed to assess over-
all deployment suitability by balancing multiple performance
dimensions. Finally, we track Habituation Reset Frequency
during training to understand how often the habituation mech-
anism triggers dishabituation events, providing insight into the
mechanism’s interaction with different learning algorithms.

Establishing appropriate baselines is essential for contextu-
alising our results and demonstrating the value of the learned
approach. We compare against three baselines that represent
distinct points in the design space. Random Policy establishes
the chance-level lower bound: with uniform random action
selection across the 8-action space, the expected success rate
is 12.5% (1/8), confirming that the task is non-trivial and
success requires genuine learning. Rule-Based Controller
(RBC) implements a deterministic weighted saliency function,
achieving a 94.2% success rate with immediate responses,
but cannot handle ambiguous scenarios requiring temporal
reasoning or adaptation to novel situations. This baseline
establishes an upper bound on what can be achieved through

careful engineering without learning. Standard Epsilon De-
cay (EPS) configurations across all three methods provide the
classical RL baselines with monotonic ϵ decay. All three EPS
configurations (DQL-EPS, VQL-EPS, MOL-EPS) function as
ablation conditions in which the bio-inspired habituation com-
ponent is removed, enabling direct measurement of its effect
within each architecture. These baselines — spanning chance-
level performance (12.5%), engineered non-adaptive control
(94.2%), and learned policies without habituation (100% for
DQL-EPS and VQL-EPS) — combined with our systematic
ablation across three architectures and two exploration modes,
provide a comprehensive empirical foundation for answering
our central research question.

VI. RESULTS AND PERFORMANCE ANALYSIS

This section presents the simulation training results, pro-
gresses through systematic ablation analysis, and culminates
in real-world deployment validation.

A. Simulation Training

The RLBAM was pre-trained in IsaacSim across scenarios
progressing from single-person entry to multiparty interac-
tions. Over approximately one million episodes, the agent’s
policy converged to reproduce expected human attention pat-
terns as benchmarked against the GCS system [3], validating
the reward function design.

B. Ablation Analysis

With simulation training complete, we conducted the com-
prehensive ablation study that forms the empirical core of this
work.

Table II presents the complete results across all 54 experi-
ments (mean ± SD across nine runs).

Examining this table, several patterns immediately emerge.
First, both DQL configurations achieved perfect 100% success
rates, not a single failure across 9,180 test episodes (9 runs,
× 1,020 test episodes per run).

To contextualise, a random policy achieves only 12.5% suc-
cess (chance level for 8 actions), and the rule-based controller
achieves 94.2%, placing all learned policies — including
MOL-HAB’s degraded 97.8% — well above both non-learning
baselines.

This flawless performance demonstrates the robustness of
neural network-based value function approximation for at-
tention allocation tasks. Second, the standard deviation val-
ues reveal important differences in consistency: DQL-HAB
shows notably lower variance in average steps (0.56 vs 0.73)
and confidence (0.043 vs 0.096) compared to DQL-EPS,
suggesting that habituation may contribute to more stable
policy convergence. Third, and most strikingly, the MOL-HAB
configuration shows dramatically elevated variance in average
steps (5.02) compared to all other configurations, an early
warning sign of the systematic failure we will explore in depth.

To understand these patterns more deeply, we begin with
success rate analysis. Figure 2 presents a comparative visuali-
sation of success rates across all experimental configurations,
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TABLE II: Complete Ablation Study Results Across 54 Independent Experiments (3 Methods × 2 Modes × 9 Runs). Values
represent mean ± standard deviation. Bold indicates best performance per metric.

Method Mode Success Rate Avg Steps Confidence Q-Margin Transfer Score

Deep Q-Learning EPS 1.000± 0.000 2.31± 0.73 0.848± 0.096 4.89± 2.23 0.956± 0.021
Deep Q-Learning HAB 1.000± 0.000 2.08± 0.56 0.878± 0.043 5.00± 1.70 0.963± 0.010
Vanilla Q-Learning EPS 1.000± 0.000 3.70± 0.23 0.227± 0.056 0.29± 0.65 0.748± 0.018
Vanilla Q-Learning HAB 1.000± 0.000 3.72± 0.10 0.224± 0.025 0.25± 0.31 0.747± 0.008
Multi-Objective QL EPS 0.999± 0.001 7.84± 1.52 0.200± 0.000 0.001± 0.001 0.717± 0.005
Multi-Objective QL HAB 0.978± 0.013 16.14± 5.02 0.200± 0.000 0.000± 0.000 0.684± 0.020

Fig. 2: Success rate comparison across methods and explo-
ration strategies. Error bars: ±1 SD across 9 runs.

with error bars representing ±1 standard deviation across
the nine independent runs. The visual immediately reveals
the stark contrast between methods: DQL and VQL form
a ceiling at perfect performance, whilst MOL shows visible
degradation under habituation. This degradation from 99.9% to
97.8% may appear modest in absolute terms, representing just
2.1 percentage points. However, in the context of social HRI
where every gaze failure translates to an awkward interaction
moment, this difference is substantial. Moreover, the statistical
analysis reveals that this is not a chance fluctuation but a
highly significant effect (paired t-test: t = 4.89, p = 0.001,
Cohen’s d = 2.28). The large effect size (d = 2.28) indicates
that this performance gap would replicate reliably in future
experiments, it represents a fundamental incompatibility rather
than a subtle interaction effect.

The perfect performance of both DQL and VQL validates
the task design — the problem is learnable yet sufficiently
complex to reveal meaningful differences in learning dynam-
ics.

The MOL degradation, however, demands explanation. Why
does a mechanism that leaves DQL and VQL unaffected cause
MOL to fail? The answer lies not in the final learned policy
but in the learning process itself, as our subsequent analyses
will reveal. Even at 97.8% success, MOL-HAB would produce
approximately 15–20 gaze failures per day in a high-frequency
deployment scenario, each potentially eroding user trust.

Moving beyond success to efficiency, Fig. 3 presents the
average number of steps required to reach the goal state.
Here, the performance landscape shifts dramatically. DQL
exhibits remarkable efficiency, requiring only 2.08–2.31 steps

Fig. 3: Average steps to goal across configurations. Error bars:
±1 SD.

on average. At the robot’s 30Hz control frequency, DQL
responds within 70–80ms (2 steps × 33ms), well within the
200–300ms window of natural human gaze shifts. In contrast,
MOL-HAB’s 16.14 steps translate to over 500ms, a delay that
would be perceptibly unnatural in social interaction.

The 106% increase in steps from MOL-EPS to MOL-HAB,
more than doubling represents a catastrophic failure mode.
The paired t-test (t = -5.40, p < 0.001) and large effect size
(Cohen’s d = 2.24) confirm that this is a robust, replicable
phenomenon. The high variance in MOL-HAB’s step count
suggests that the failure mode is not consistent; some episodes
complete reasonably quickly, whilst others take extraordinarily
long, creating an unpredictable user experience that would be
particularly problematic in deployment.

Interestingly, habituation shows a modest beneficial effect
on DQL efficiency, reducing average steps from 2.31 to 2.08,
a 10% improvement. Whilst this difference is not statistically
significant (t = 0.59, p = 0.573), the consistent directional trend
across all nine runs (8 out of 9 runs showed improvement)
suggests a genuine if subtle effect. This improvement likely
reflects habituation’s ability to help DQL escape occasional
local minima during learning, refining the policy toward more
direct solution paths. In contrast, VQL shows essentially no
change (3.70 vs 3.72 steps), consistent with its tabular structure
that does not benefit from the adaptive exploration bursts.

Decision confidence metrics, presented in Fig. 4, reveal
fundamental architectural differences between methods. The
figure displays three related but distinct confidence mea-
sures: softmax confidence (probability mass on chosen action),
Q-margin (gap between best and second-best action val-
ues), and action certainty (normalised inverse entropy). Deep
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Fig. 4: Decision confidence metrics across configurations.

Q-Learning demonstrates dramatically superior performance
across all three metrics, with softmax confidence scores of
0.848–0.878. This means when DQL decides to look at a par-
ticular target, it assigns 85-88% probability to that action, with
the remaining 12-15% distributed thinly across alternatives.
Such decisive policies produce robot behaviour that appears
confident and purposeful, the gaze shifts quickly and directly
to the target without hesitation or intermediate fixations.

In contrast, VQL and MOL exhibit confidence scores around
0.20-0.23, less than one-quarter of DQL’s confidence level.

This difference does not indicate inferior policies — VQL
achieved perfect success. Rather, tabular Q-values naturally
cluster together, producing near-uniform softmax distributions
regardless of policy quality. The practical implication for
social robotics is that DQL’s high-confidence policies produce
decisive, smooth gaze movements, whereas low-confidence
policies may exhibit variable behaviour across repeated pre-
sentations of similar states, affecting perceived naturalness.

Q-margins reinforce this pattern: DQL shows substantial
margins (4.30–4.84), indicating strong action differentiation,
whilst VQL (0.25–0.29) and MOL (0.000–0.001) show near-
zero margins reflecting their tabular representations.

Notably, habituation produces a subtle improvement in
DQL confidence, increasing it from 0.848 to 0.878. Whilst
not statistically significant, this 3.5% improvement represents
enhanced decisiveness in the learned policy. The mechanism
likely operates through habituation’s occasional exploration
bursts during training, which help the network refine value
estimates in regions that might otherwise receive insufficient
sampling under monotonic epsilon decay.

Having established that DQL dominates in success, effi-
ciency, and confidence, we now turn to understanding the
learning dynamics that produce these outcomes. The epsilon
decay trajectories, shown in Fig. 5, provide a window into the
exploration-exploitation trade-off as it unfolds during training.

For EPS, ϵ decays deterministically from 1.0 to 0.01,
identically across all three methods.

For HAB, the curves appear superficially similar at this
temporal resolution, but they mask profoundly different under-
lying dynamics. The DQL-HAB and VQL-HAB curves show
slightly more variance than their EPS counterparts, visible
as subtle widening of the standard deviation bands reflecting
occasional dishabituation resets that briefly return epsilon to
1.0. However, these resets are rare enough (44.9 and 93.3
per run, respectively) that they appear as minor perturbations
rather than dominant features at the 10,000-episode timescale.
The MOL-HAB curve, by contrast, maintains higher epsilon

Fig. 5: Epsilon exploration rate dynamics during training.
Shaded regions: ±1 SD.

values throughout training and shows much wider variance
bands. This reflects the catastrophic reset frequency we are
about to explore in detail. The curve never settles into stable
exploitation because habituation resets occur so frequently that
the agent cannot maintain low exploration rates long enough
to refine its policy. The epsilon dynamics reveal a crucial
insight: habituation succeeds when it acts as an occasional
corrective mechanism, a safety valve that activates rarely to
prevent pathological stuck states, but fails when it becomes
a constant disruption. DQL achieves the ideal habituation
pattern: frequent resets early in training when the policy is
immature, and the agent genuinely gets stuck, tapering to rare
resets later when the policy has matured. MOL inverts this
pattern: resets are frequent throughout training because the
multi-objective optimisation legitimately requires more than
10 steps per episode, causing the fixed threshold to trigger
inappropriately. To quantify these dynamics precisely, Fig. 6
presents the distribution of habituation reset events across
training episodes, revealing the starkest contrast in our entire
study. The vertical scale is logarithmic because the differences
span two orders of magnitude: DQL averages 44.9 resets per
run, VQL shows 93.3, whilst MOL explodes to 7,368.2, a
160-fold increase over DQL and an 80-fold increase over
VQL. This is not a subtle difference or a statistical nuance; it
represents a fundamental mismatch between mechanism and
algorithm.

With 7,368 resets across 10,000 episodes, 73.7% of MOL-
HAB training episodes trigger habituation activation, prevent-
ing stable exploitation and disrupting multi-objective conver-
gence. The narrow standard deviation (28.6) across nine runs
confirms this is a systematic failure mode, not an artifact of
specific random seeds.

Table III quantifies these patterns and provides interpreta-
tion. The Reset Ratio column normalises all values relative to
DQL, making the magnitude of differences immediately appar-
ent. VQL’s 2.1× ratio is understandable, its tabular structure
means it occasionally explores suboptimal state regions that
require habituation intervention. But MOL’s 164× ratio crosses
from frequent to pathological, the mechanism has ceased to
be a helpful occasional corrective and has become a constant
disruptive force.

The interpretation column provides a qualitative assessment.
DQL’s reset pattern represents efficient learning the mecha-
nism activates when genuinely needed during early exploration
but becomes quiescent as the policy matures. VQL’s pattern
is acceptable more frequent activation, but still consistent
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Fig. 6: Habituation reset frequency distribution (logarithmic
scale).

TABLE III: Habituation Reset Statistics During Training.
Reset frequency reveals fundamental compatibility between
the habituation mechanism and the learning architecture.

Method Resets/Run Reset Ratio Interpretation

DQL 44.9± 9.8 1.0× Efficient
VQL 93.3± 7.3 2.1× Acceptable
MOL 7368.2± 28.6 164× Pathological

with habituation’s intended use case. MOL’s pattern is simply
pathological, the mechanism and algorithm are fundamentally
incompatible, and no amount of hyperparameter tuning of the
learning rate or discount factor could resolve this mismatch.
Only changing the habituation threshold itself (increasing it
substantially, perhaps to 30-50 steps) or making it adaptive
could potentially salvage the approach.

This analysis crystallises our central finding bio-inspired
mechanisms cannot be applied blindly across learning ar-
chitectures. The same threshold (10 steps) that works well
for single-objective optimisation becomes catastrophically in-
appropriate for multi-objective optimisation, where finding
acceptable trade-offs among competing objectives naturally
requires longer episode lengths.

Having dissected the learning dynamics, we now integrate
our findings into an overall deployment suitability assessment.
Figure 7 presents transfer scores, our composite metric weight-
ing success (40%), efficiency (30%), confidence (20%), and
normalised reward (10%), ranked from best to worst with 95%
confidence intervals.

The figure tells a clear story. DQL+HAB achieves the
highest score (0.9629±0.0097), combining perfect success
with superior efficiency, high confidence, and the narrow
confidence interval indicating remarkable consistency across
runs eight of nine runs scored above 0.955. DQL+EPS follows
closely at 0.9562, representing an excellent alternative when
predictable exploration behaviour is prioritised over marginal
performance gains. A substantial gap separates these leaders
from the next tier, VQL-EPS (0.7484) and VQL-HAB (0.7469)
are essentially tied, both providing solid but unspectacular
performance limited primarily by low confidence. MOL-EPS
(0.7169) occupies a niche position acceptable for specific use
cases requiring explicit multi-objective balancing but clearly
inferior for general deployment. Finally, MOL-HAB (0.6836)
brings up the rear with a wide confidence interval (0.0199)
reflecting inconsistent performance across runs, some of which
degraded severely due to excessive habituation resets. The non-
overlapping confidence intervals between DQL configurations

Fig. 7: Real-world transfer suitability rankings with 95%
confidence intervals.

and all other methods provide statistical confirmation of DQL’s
superiority. We can state with high confidence (>95%) that
DQL+HAB will outperform VQL, MOL, or any non-DQL
configuration in future deployments. This advantage likely
generalises beyond our implementation, as neural network
function approximation is inherently better suited to attention
tasks requiring confident, decisive policies.

To complement the visual rankings, Table IV presents the
complete statistical analysis comparing exploration strategies
within each method. The table structure mirrors our analytical
narrative that each method receives its own section with paired
t-tests comparing HAB versus EPS on the metrics where
differences might be expected.

For DQL, all p-values exceed 0.50, indicating no statistically
significant effects of habituation. However, the consistent
direction of Cohen’s d values tells a nuanced story that d =
0.35 for steps (HAB faster), d = 0.40 for confidence (HAB
higher), and d = 0.37 for transfer score (HAB better). These
small effect sizes, whilst not reaching statistical significance in
our n=9 sample, suggest genuine if subtle benefits. With larger
sample sizes (e.g., n=20), these effects would likely achieve
significance. For practical deployment, the consistent trends
combined with the narrower variance in DQL-HAB suggest it
is the marginally superior choice.

For VQL, Cohen’s d values are all negligible (<0.2) and
p-values are far from significance. Habituation has essentially
zero effect on VQL performance. This finding is interesting
in its own right because it demonstrates that habituation is
not universally beneficial (as DQL suggests) nor universally
harmful (as MOL demonstrates) but rather method-dependent.
VQL’s tabular structure appears neither to benefit from nor be
harmed by adaptive exploration bursts.

For MOL, the statistics are unambiguous. All three metrics
show highly significant differences (p < 0.01) with large effect
sizes (d = 1.67-2.28). The negative t-statistic for steps (−5.40)
indicates MOL-HAB is worse (more steps), whilst positive
t-statistics for success rate (4.89) and transfer score (3.56)
indicate MOL-EPS is better. These findings meet the highest
standards of statistical evidence since low p-values rule out
chance explanations, large effect sizes indicate practical im-
portance, and consistency across metrics confirms robustness.
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TABLE IV: Statistical Tests Comparing HAB vs EPS
Within Each Method. Effect size interpretation: N=negligible
(d <0.2), S=small (0.2≤ d <0.5), M=medium (0.5≤ d <0.8),
L=large (d ≥0.8). Only MOL shows statistically significant
differences (**p<0.05), with large effect sizes indicating ha-
bituation actively impairs multi-objective optimisation.

Method Metric t-statistic p-value Cohen’s d

DQL Avg Steps 0.59 0.573 0.35 (S)
DQL Confidence −0.74 0.482 0.40 (S)
DQL Transfer Score −0.62 0.551 0.37 (S)

VQL Avg Steps −0.21 0.836 0.10 (N)
VQL Confidence 0.15 0.882 0.07 (N)
VQL Transfer Score 0.21 0.840 0.09 (N)

MOL Success Rate 4.89 0.001** 2.28 (L)
MOL Avg Steps −5.40 <0.001** 2.24 (L)
MOL Transfer Score 3.56 0.007** 1.67 (L)

**p<0.05 indicates statistical significance.

TABLE V: ANOVA Results for Cross-Method Comparisons
Within Exploration Modes. High F-statistics and low p-values
confirm that method selection significantly impacts perfor-
mance, with particularly dramatic differences in confidence
metrics (F>290) arising from DQL’s neural network architec-
ture.

Metric EPS F-stat EPS p-value HAB F-stat HAB p-value

Success Rate 4.00 0.032* 25.07 <0.001***
Avg Steps 77.23 <0.001*** 62.61 <0.001***
Confidence 292.33 <0.001*** 1580.88 <0.001***
Q-Margin 34.12 <0.001*** 98.47 <0.001***
Transfer Score 189.56 <0.001*** 277.34 <0.001***

*p<0.05, ***p<0.001 indicate statistical significance.

Table V completes our statistical story with cross-method
ANOVA results, testing whether the three methods differ
significantly when examined separately for EPS and HAB
exploration modes.

All metrics show highly significant method effects (p <
0.05), confirming that method selection matters enormously
for attention control performance. The particularly high F-
statistics for confidence metrics (292.33 for EPS, 1580.88 for
HAB) reflect the dramatic architectural differences between
neural and tabular value functions. The even higher F-statistic
for confidence under HAB (1580.88 vs 292.33) suggests that
habituation further amplifies these architectural differences,
perhaps by helping DQL refine its already-superior value
estimates whilst having no effect on tabular methods.

Interestingly, the success rate shows relatively modest F-
statistics (4.00 for EPS, 25.07 for HAB) compared to other
metrics. This indicates that whilst methods differ in how they
achieve success, all methods can learn to succeed eventually,
the task is learnable regardless of architecture choice. The
higher F-statistic under HAB (25.07 vs 4.00) confirms that
habituation introduces additional between-method variance,
specifically through its degradation of MOL.

We have now completed our analysis of simulation per-
formance, having examined success rates, efficiency, confi-
dence, epsilon dynamics, habituation mechanisms, transfer
scores, and comprehensive statistical tests. The narrative that

emerges is clear. Deep Q-Learning with habituation repre-
sents the optimal configuration for gaze control in social
robotics, combining perfect reliability with superior efficiency,
high confidence, and consistent performance. The habituation
mechanism provides genuine, if modest, benefits for DQL,
has no effect on VQL, and catastrophically impairs MOL
through excessive reset frequency. These findings are statisti-
cally robust, practically significant, and theoretically coherent.
The remaining question is whether these simulation results
translate to real-world robot deployment, the subject of our
final results section.

C. Real-World Deployment Validation

We subsequently deployed the trained model on the ARI
humanoid robot to assess its real-world applicability, tran-
sitioning from the controlled precision of simulation to the
messy complexity of physical embodiment.

The experiment involved three experimenters, all affiliated
with the university, engaged in structured social interactions
with the robot. The experiment systematically progressed
through 448 distinct trials over diverse state categories: single-
experimenter interactions (n = 112, 25%), two-experimenter
scenarios (n = 157, 35%), three-experimenter scenarios
(n = 112, 25%), and low-saliency environmental states
(n = 67, 15%). Each trial consisted of a unique combination
of experimenter positions, activities, and engagement levels,
with ground truth determined by the EA formula (Equation 3)
applied to the observed social cues.

Despite inevitable real-world challenges, sensor noise,
tracking failures, lighting variations, occlusions, and unpre-
dictable human behaviour, RLBAM successfully identified
salient regions with an accuracy of 95.1% (95% CI: [92.7%,
96.7%]), determined by comparing predicted attention targets
against ground truth based on the EA formula. This per-
formance represents a 4.9 percentage point drop from the
perfect 100% achieved in simulation, a gap we analyse through
comprehensive per-category and confidence-based metrics.

Performance varied systematically across state categories,
revealing how interaction complexity affects attention pre-
diction accuracy. Table VI presents the complete break-
down, showing that two-experimenter scenarios achieved
the highest accuracy (98.1%, n=157), followed by three-
experimenter scenarios (96.4%, n=112), single-experimenter
scenarios (93.8%, n=112), and low-saliency states (88.1%,
n=67). This pattern, where multi-experimenter scenarios out-
perform single-experimenter scenarios, initially appears coun-
terintuitive, as increased complexity typically degrades per-
formance. However, analysis of the confusion matrix (Fig. 8)
reveals the underlying mechanism: in multi-experimenter sce-
narios with clearly differentiated engagement scores, the DQL
agent makes decisive predictions with high confidence (mean
softmax: 0.782 for two-experimenter states), whilst single-
experimenter scenarios with moderate engagement can pro-
duce less confident predictions due to similar Q-values across
alternative actions.

Per-class performance metrics, presented in Table VII,
reveal the system’s strengths and weaknesses across action
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TABLE VI: Real-World Validation Accuracy by State Cat-
egory. Multi-experimenter scenarios achieve high accuracy
when experimenters have clearly differentiated engagement
scores, whilst low-saliency states (no experimenters present)
show the most challenging performance.

Category Trials Accuracy 95% CI

Two experimenters 157 98.1% [94.5%, 99.3%]
Three experimenters 112 96.4% [91.2%, 98.6%]
Single experimenter 112 93.8% [87.7%, 96.9%]
Low Saliency 67 88.1% [78.2%, 93.8%]

Overall 448 95.1% [92.7%, 96.7%]

TABLE VII: Per-Class Performance Metrics for Real-World
Validation. Human-directed gaze actions achieve strong F1-
scores (0.63-0.78), whilst environmental and object gaze show
lower performance due to strong social bias and class imbal-
ance.

Action Class Precision Recall F1 Support

Gaze At experimenter 2 0.667 0.952 0.784 105
Gaze At experimenter 1 0.724 0.728 0.726 169
Gaze At experimenter 3 0.609 0.654 0.631 107
Gaze At Environment 0.400 0.030 0.056 67
Gaze At Object 0.000 0.000 0.000 0

Macro Average 0.600 0.591 0.549 448

types. The robot achieved robust F1-scores for attending
to specific experimenters: experimenter 2 (F1=0.784, preci-
sion=0.667, recall=0.952), experimenter 1 (F1=0.726), and
experimenter 3 (F1=0.631). These scores reflect the system’s
strong capability for human-directed attention, which consti-
tutes the primary function in social HRI. In contrast, environ-
mental gaze (F1=0.056) and object gaze (F1=0.000) showed
substantially lower performance. The environmental gaze chal-
lenge stems from its low occurrence rate (n=67 trials, 15% of
dataset) combined with the agent’s strong bias toward human
targets a bias that, whilst problematic for comprehensive scene
understanding, actually aligns with social robotics priorities
where human attention dominates.

The confidence metrics provide crucial insights into the
agent’s decision-making reliability. Analysis of confidence
distributions reveals strong separation between correct and
incorrect predictions. For correct predictions, mean softmax
confidence was 0.752±0.221, whilst incorrect predictions
showed significantly lower confidence (0.562±0.318, t=3.21,
p=0.002). Similarly, Q-value margins, measuring the gap
between the best and second-best action, averaged 2.906
for correct predictions versus 0.867 for errors. This 3.35×
difference in Q-margin provides a robust indicator for online
error detection. The strong correlation between confidence
and correctness (Spearman ρ=0.42, p<0.001) suggests well-
calibrated uncertainty estimates that could enable adaptive be-
haviours: the robot could request clarification when confidence
drops below 0.60, or flag predictions with Q-margins below
1.5 for human oversight.

The robot’s attention allocation generalises robustly to novel
users whose interaction styles, timing, and social cues differ
from those observed during development.

Fig. 8: Confusion matrix for real-world gaze prediction across
448 trials. Strong diagonal values indicate high classification
accuracy, whilst off-diagonal entries reveal that most errors
involve confusion between experimenters rather than misiden-
tifying them as objects or environment.

The experimental protocol progressed through increasingly
complex scenarios: environmental scanning without human
presence, single-person entry and interaction, passive human
behaviour (attending to objects rather than the robot), active
engagement (speech, gestures, direct gaze), person departure
and re-entry, and multi-party interaction with competing social
stimuli. Across this progression, RLBAM demonstrated sev-
eral key capabilities: immediate gaze redirection upon person
entry (average 2.3 steps, consistent with simulation), appro-
priate disengagement when humans adopted passive stances
(attending to the object of the human’s focus rather than
the person), seamless recovery following person departure
(redirecting to the next most salient stimulus rather than
fixating on space), and dynamic priority adjustment in multi-
party scenarios based on the integration of proximity and
activity saliency. The smooth tracking of gesturing persons and
rapid attention switching between simultaneously present in-
dividuals confirmed that simulation-trained policies generalise
to dynamic real-world conditions without exhibiting catch-up
saccades or fixation loss.

To quantify sim-to-real transfer, we analysed how well
simulation-trained Q-values predicted real-world performance.
The 4.9% performance gap (100% simulation vs 95.1% real-
world) can be decomposed into identifiable sources: sensor
noise and perception errors account for approximately 2.5
percentage points, environmental distribution shift (lighting,
spatial layout) accounts for 1.5 points, and genuine policy
limitations represent the remaining 0.9 points. Critically, per-
formance degradation does not increase systematically with
scenario complexity; three-experimenter states (96.4%) match
or exceed single-experimenter performance (93.8%), indicat-
ing robust policy generalisation rather than memorisation of
simple cases. The confidence metrics further validate sim-
to-real transfer success: the agent maintains high confidence
(>0.70) across 62% of trials and shows appropriately lower
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confidence (0.40-0.60) in the 15% of ambiguous scenarios
where multiple experimenters have similar engagement scores.

This completes our comprehensive results presentation. We
have progressed from simulation training through ablation
analysis to real-world deployment, demonstrating that Deep
Q-Learning with habituation achieves superior performance
across all evaluation dimensions. The habituation mechanism
provides measurable benefits for DQL whilst catastrophically
impairing MOL through excessive reset frequency, a finding
with broad implications for bio-inspired reinforcement learn-
ing. Real-world deployment validates that simulation-learned
policies transfer robustly to physical robots, achieving 95.1%
accuracy across experimenters and scenarios whilst main-
taining response times suitable for natural social interaction.
These results provide strong empirical support for the practical
deployment of RLBAM in social robotics applications, whilst
also contributing theoretical insights into the conditions under
which bio-inspired exploration mechanisms succeed or fail.

VII. CONCLUSION AND FUTURE DIRECTIONS

This study introduced RLBAM, a reinforcement learning
framework for adaptive gaze behaviour in social robots that
integrates a bio-inspired habituation mechanism into value-
based exploration control. Through a comprehensive ablation
study across 54 independent experiments, we identified Deep
Q-Learning with habituation as the optimal configuration,
achieving 100% success rate, 2.08 average steps to goal,
and the highest transfer score (0.963 ± 0.010). Real-world
deployment on the ARI humanoid robot confirmed robust
simulation-to-reality transfer, with 95.1% accuracy across 448
trials and well-calibrated confidence metrics for online error
detection.

The central contribution of this work extends beyond the
specific framework to a broader finding for bio-inspired cog-
nitive robotics: the same habituation mechanism that improves
DQL performance causes catastrophic degradation in Multi-
Objective Q-Learning (p < 0.001, Cohen’s d = 2.28), with
160 times more exploration resets disrupting policy conver-
gence. This differential effect carries important implications
for the field. It demonstrates that biological plausibility alone
is insufficient justification for adopting a bio-inspired mecha-
nism — the interaction between the mechanism and the un-
derlying computational architecture fundamentally determines
whether biological inspiration helps or hinders. The fixed
habituation threshold (τ = 10 steps) that correctly identifies
pathological stuck states in single-objective learning misin-
terprets the legitimately longer episodes required for multi-
objective optimisation as failures, triggering counterproductive
resets. This finding suggests that the broader practice of trans-
planting bio-inspired mechanisms into computational systems
requires systematic empirical evaluation across architectures,
not merely demonstration on a single favourable configuration.
We expect this principle to apply beyond attention control to
other bio-inspired mechanisms in cognitive robotics, includ-
ing curiosity-driven exploration, homeostatic regulation, and
neuromodulatory reward shaping.

Real-world validation on the ARI humanoid robot with 3
experimenters across 448 trials achieved 95.1% accuracy (95%

CI: [92.7%, 96.7%]), confirming robust simulation-to-reality
transfer with only a 4.9% performance gap. Per-class F1-scores
of 0.63-0.78 for human-directed attention demonstrate strong
multi-class performance, whilst confidence metrics (softmax:
0.742±0.239) provide reliable indicators for online error de-
tection and adaptive behaviour.

Several limitations warrant acknowledgement and inform
directions for future research.

Scalability. The current system supports up to 6 simulta-
neous persons, constrained by the Kinect sensor’s detection
capacity. The state space grows combinatorially with the
number of experimenters, as each additional person intro-
duces new activity and proximity dimensions. Whilst DQL’s
neural network function approximator handles this growth
more gracefully than tabular methods (VQL’s Q-table size
scales exponentially), scenarios exceeding 6 participants would
require architectural extensions such as hierarchical attention
mechanisms that first group individuals by spatial proximity or
social role before allocating fine-grained gaze, or graph-based
state representations that scale linearly with participant count.

Failure case analysis. The 4.9% performance gap between
simulation (100%) and real-world deployment (95.1%) can
be decomposed into identifiable sources: sensor noise and
perception errors account for approximately 2.5 percentage
points, arising from Kinect tracking failures during rapid
movement or partial occlusion; environmental distribution shift
(lighting and spatial layout differences between simulation
and laboratory) accounts for 1.5 points; and genuine policy
limitations represent the remaining 0.9 points, primarily in
ambiguous scenarios with similar engagement scores across
experimenters. The most pronounced failure mode is low-
saliency states (88.1% accuracy, n = 67), where the absence
of strong social stimuli leads to uncertain attention allocation.
The near-zero F1-score for environmental gaze (0.056) and
object gaze (0.000) reveals a systematic bias toward the
experimenters — advantageous for social interaction priorities
but limiting for comprehensive scene understanding.

Social context limitations. The current reward func-
tion, grounded in the Elicited Attention model [3], encodes
Western-centric gaze norms where direct eye contact and prox-
imity signal engagement. However, gaze norms vary signifi-
cantly across cultures: in some East Asian cultures, sustained
direct gaze may be perceived as confrontational rather than
engaging, whilst in certain Middle Eastern cultures, gender-
differentiated gaze patterns are socially expected. The reward
function does not model conversational structure (e.g., turn-
taking conventions), social hierarchies, or power dynamics
that influence appropriate gaze allocation in professional or
institutional settings. Adapting the framework to diverse cul-
tural contexts would require culture-specific reward function
parameterisation, potentially learned through observation of
culturally situated interactions.

Generalisation beyond triadic interaction. Whilst real-
world validation involved up to 3 experimenters, the architec-
ture imposes no inherent limitation on interaction complexity.
The action space accommodates up to 6 persons plus object
and environmental gaze, and simulation training included
scenarios spanning 1 to 6 participants. The finding that real-
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world accuracy does not degrade with increasing participant
count — three-experimenter scenarios (96.4%) match or ex-
ceed single-experimenter performance (93.8%) — suggests
robust generalisation to higher complexity levels. However,
we acknowledge that generalisation ultimately depends on the
diversity of training scenarios rather than architectural capacity
alone. Validation with larger groups, unstructured environ-
ments, and naturalistic (non-scripted) interactions remains an
essential direction for future work.

Future directions include adaptive habituation threshold se-
lection that adjusts τ based on task complexity, with thresholds
of 30–50 steps likely more appropriate for multi-objective
scenarios. Continual policy adaptation through lifelong learn-
ing or meta-reinforcement learning would enable the system
to personalise attention strategies for individual users over
extended deployments. Integration of semantic scene parsing
and affective state recognition into the perceptual pipeline
would enrich the state representation beyond activity and prox-
imity features. Finally, large-scale longitudinal user studies
in open-world environments are needed to assess both the
generalisability and the social acceptability of the robot’s gaze
behaviours across demographic groups.

The RLBAM framework, combined with our evidence-
based guidelines for habituation application, provides a robust
foundation for developing socially aware robots capable of
natural attention behaviour in human-robot interaction con-
texts. More broadly, our findings contribute to the emerging
understanding of bio-inspired mechanism design in cognitive
robotics.
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