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Abstract

Navigating human-populated environments without causing
discomfort is a critical capability for socially-aware agents.
While rule-based approaches offer interpretability through
predefined psychological principles, they often lack general-
izability and flexibility. Conversely, data-driven methods can
learn complex behaviors from large-scale datasets, but are
typically inefficient, opaque, and difficult to align with hu-
man intuitions. To bridge this gap, we propose RLSLM, a
hybrid Reinforcement Learning framework that integrates a
rule-based Social Locomotion Model, grounded in empir-
ical behavioral experiments, into its reward function. The
social locomotion model generates an orientation-sensitive
social comfort field that quantifies human comfort across
space, enabling socially aligned navigation policies with min-
imal training. RLSLM then jointly optimizes mechanical en-
ergy and social comfort, allowing agents to avoid intrusions
into personal or group space. A human-agent interaction ex-
periment using an immersive VR-based setup demonstrates
that RLSLM outperforms state-of-the-art rule-based models
in user experience. Ablation and sensitivity analyses further
show the model’s significantly improved interpretability over
conventional data-driven methods. This work presents a scal-
able, human-centered methodology that effectively integrates
cognitive science and machine learning for real-world social
navigation.

Introduction

Moving around human-populated environments without
causing discomfort is an essential requirement for social
agents, since they are widely engaged in human-agent in-
teraction (Sheridan 2016). Such socially-aware navigation
entails consideration of multiple social factors and remains
a highly challenging problem (Francis et al. 2025).

Existing work on socially-aware navigation can be
broadly classified into two categories, rule-based and data-
driven. Rule-based approaches typically adopt models with
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identified variables and interpretable, quantifiable princi-
ples, like proxemics (Chen, Zhang, and Zou 2018) and ve-
locity (Kim et al. 2015), either derived from social psy-
chology or manually designed. Although these models show
strength in interpretability and low computational overhead,
they are often (1) difficult to quantify precisely, (2) limited
in generalizability across environments, and (3) less flexible,
which may lead to unnatural behaviors like oscillatory paths
(Chen et al. 2018), ultimately constraining their real-world
applicability.

Meanwhile, data-driven methods, such as reinforcement
learning (RL) (Wang et al. 2024) and imitation learning
(Karnan et al. 2022), have enabled agents to emulate hu-
man navigation behaviors based on large-scale human tra-
jectory datasets (Lerner, Chrysanthou, and Lischinski 2007;
Pellegrini et al. 2009; Rudenko et al. 2020; Bae et al. 2023)
or simulation environments (Kapoor et al. 2023; Tsoi et al.
2020; Vuong et al. 2024). Although these approaches have
achieved promising results, they are (1) highly dependent on
the quality of the dataset, (2) expensive to train, and (3) of-
ten lack interpretability or alignment with human intuitions.
With insufficient prior knowledge to guide the training, data-
driven methods are often inefficient and prone to pitfalls.

Therefore, an important question arises: Can these two ap-
proaches be integrated to develop models that are efficient,
adaptable, and interpretable, while remaining aligned with
real-world human social behavior? To address this, we pro-
pose RLSLM, a hybrid framework that integrates a com-
putational social locomotion model derived from psycho-
logical research (Zhou et al. 2022) into the reward struc-
ture of an RL agent. Based on well-controlled behavioral
experiments, the rule-based social locomotion model com-
putes an orientation-sensitive discomfort field that covers
the entire navigation area, with higher field values indicat-
ing greater mutual discomfort between the agent and other
humans when passing that point. By incorporating this rule-
based model into a multi-objective RL framework to jointly
minimize mechanical energy and social discomfort, we en-
able the agent to learn complex socially aligned rules within
a small number of training epochs, such as avoiding invasion
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Figure 1: Methodology overview. The hybrid model of RLSLM combines a top-down, rule-based approach which develops
computational models of human social behaviors from well-controlled lab experiments and a bottom-up data-driven approach
which formulates the reinforcement learning framework based on large-scale social scenarios. The hybrid model first encodes
human behavioral patterns into a social reward function, which is then used to train the policy within a reinforcement learning
framework. The trained model is subsequently validated through human-agent interaction studies and simulations.

of personal space and social groups.

We further compared RLSLM with two rule-based mod-
els using human comfort ratings. The results demonstrate
that our framework significantly outperforms these baselines
in terms of user comfort.

In summary, this work contributes:

* A novel hybrid RL framework that integrates a psy-
chologically grounded social locomotion model into re-
inforcement learning, combining the interpretability and
prior knowledge of rule-based methods with the adapt-
ability and expressiveness of data-driven approaches.
This framework is potentially generalizable and applica-
ble in other scenarios with similarly scarce data.

¢ Performance improvement in user comfort: RLSLM
achieves a mean comfort rating of 4.21/5, significantly
outperforming the best rule-based baseline (Arating =
1.12, Bonferroni-corrected post-hoc comparisons, P <
0.001). This establishes a new Pareto frontier in the trade-
off between comfort and efficiency.

Related Work
Incorporating Social Rules in Navigation

Recent studies have explored the incorporation of social
rules into navigation algorithms. The design of social rule
modules is mostly driven by intuition, dataset statistics, or
physical modeling of human path planning. Static proper-
ties like the proper radius of personal space are often deter-
mined by intuition and experience in previous studies (Gong
et al. 2025). Qualitative navigation decisions (e.g. passing
on the left or right when encountering others) and trajectory
features that facilitate path prediction can be learned from
real-world pedestrian datasets (Yang et al. 2024). To support
dynamic path planning in human-populated scenarios and
avoid collision, physically based models like the social force
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model have been developed to simulate particle-like motion
of the crowd (Helbing and Molnar 1995; Shiomi et al. 2014),
often corresponding to intuitive geometric relations instead
of real pedestrians’ movements (Chen et al. 2018). In con-
clusion, although a great number of navigation studies have
taken social rules into account, most of them are not quan-
titatively grounded in human behavioral experiments, which
can lead to the generation of unnatural paths (Karwowski,
Szynkiewicz, and Niewiadomska-Szynkiewicz 2024). No-
tably, a recent study determined socially-aware parameters
(e.g. neighbor distance) through a user experiment, in which
participants are presented with simulated navigation videos
and asked to report their perceived social comfort (Bera et al.
2018). However, this approach fails to account for the subtle
characteristics of path planning, and third-person user stud-
ies may yield unrealistic feedback due to issues of ecological
validity. To address the aforementioned limitations, we pro-
pose a hybrid framework that directly embeds findings from
cutting-edge psychological research into training workflows,
and test our model performance in an immersive VR exper-
iment with high ecological validity.

Learning-Based Approaches to Social Navigation

Deep learning has significantly advanced trajectory forecast-
ing by enabling data-driven modeling of complex social in-
teractions. GAN-based methods such as Social GAN (Gupta
et al. 2018) and SoPhie (Sadeghian et al. 2019) capture mul-
timodal behaviors by generating diverse plausible futures.
Graph-based models like Social-STGCNN (Mohamed et al.
2020) leverage GNNs to model spatial interactions among
pedestrians. Transformer-based models like STAR (Yu et al.
2020) and STPOTR (Mahdavian et al. 2022) have further
improved performance through long-range temporal model-
ing and attention-based interaction. These models implicitly
learn conventions from data, but offer limited interpretabil-



ity and little control over compliance with social rules or
physical rules. RL provides a more natural and interpretable
framework for integrating such rules into trajectory genera-
tion. To our knowledge, no prior work leverages reinforce-
ment learning to explicitly encode and optimize human-
centered social navigation constraints. We bridge this gap
by casting navigation as reward-driven optimization with in-
terpretable social influence modeling.

Method

In this section, we introduce a reinforcement learning frame-
work for socially-aware navigation, which integrates three
components: an environment observation module to capture
agent states and social cues, an actor-critic network for ef-
fective action selection, and a multi-dimensional feedback
mechanism.

As illustrated in Figure 2, the agent’s decision-making
pipeline is composed of three core components: environ-
ment observation, action selection, and policy updating. In
the following subsections, we describe each module in de-
tail and explain how the feedback signals are formulated to
promote socially compliant and efficient navigation behav-
ior.

Agent Decision-Making Process

The agent’s behavior is guided by a three-stage decision-
making process: perceiving the environment, selecting ac-
tions based on the learned policy, and continuously updating
the policy through reinforcement learning.

Environment Observation The environment observa-
tion module captures the agent’s perception of the surround-
ings. Similar to how humans perceive social environments,
the agent’s observation space includes not only its own po-
sition, but also the relative positions and orientations of sur-
rounding individuals. These features are concatenated into a
structured input vector s;. For a scenario involving n indi-
viduals, the observation vector at timestep ¢ is represented
as s; € R3"12,

Action Selection To learn a policy that guides the agent’s
decision-making, we adopt a deep reinforcement learning
framework based on an actor-critic architecture. Specifi-
cally, the policy is represented by a stochastic function
m(a¢|st), which denotes the probability of selecting action
a; given the current state s;. The actor network models
the policy 7(a¢|s¢) and generates a distribution over possi-
ble actions, supporting a trade-off between exploration and
exploitation. Concurrently, the critic network estimates the
value function V'(s;), which predicts the expected return
from state s;. This actor-critic architecture allows the agent
to optimize its policy through trial-and-error interaction with
the environment, gradually improving its navigation perfor-
mance in socially complex settings.

Policy Updating At each timestep, the agent observes
the current state and selects an action accordingly. The out-
put action a; represents a navigation command indicating
a movement direction. The agent then executes this action,
causing the environment to transition to a new state s;41,
and receives a reward signal for learning. We utilize the Ad-
vantage Actor Critic algorithm (A2C) (Mnih et al. 2016)
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to jointly train the actor and critic. The actor is updated to
maximize the expected return by increasing the probability
of actions with high advantage estimates, while the critic is
trained to minimize the temporal difference (TD) error be-
tween successive value predictions. Through continuous in-
teractions with the environment and iterative policy updates,
the agent learns to generate socially compliant and energy-
efficient behaviors that achieve the task objective.

Multi-dimensional Feedback Mechanism

During social navigation, approaching other individuals in
the scene tends to cause greater discomfort (i.e., experienc-
ing social influence from others), while taking a detour from
them consumes more mechanical energy. To balance so-
cial influence and mechanical energy consumption and em-
ulate human-like path planning behavior, we design a multi-
dimensional feedback mechanism that provides rewards and
penalties based on three key factors: mechanical energy ex-
penditure, progress toward the goal and social influence.

Mechanical Energy We assume that the agent moves a
fixed distance [ at each timestep, and does not consider the
mechanical energy required for turning, which implies that
the mechanical energy expenditure per step remains con-
stant. To penalize excessive energy usage and encourage ef-
ficient motion, we introduce a negative reward component
R, defined as:

Re(st) = —a, ey

where « is a constant representing the estimated mechanical
energy consumed per step. This term ensures that the agent
is incentivized to reach the goal using the minimal number
of steps, thereby promoting energy-efficient navigation.

Goal Progress To encourage the agent to make progress
toward the goal, we introduce a positive reward component
R, which is proportional to the reduction in distance be-
tween consecutive timesteps:

Dy — Dy
l

where D;_; and D; represent the distances from the agent
to the destination at the previous and current timesteps, re-
spectively.

Social Influence To encourage socially-aware behavior
in the agent, we incorporate insights from prior psychologi-
cal research (Zhou et al. 2022) to quantify social influence.
Based on results from behavioral experiments, the social in-
fluence of each individual on surrounding space is modeled
as an orientation-sensitive field, with higher field values in-
dicating greater discomfort. The field model comprises three
components: a heading-relevant social component (HRSC),
a heading-irrelevant social component (HISC), and a colli-
sion avoidance component (CAC). Given the relative loca-
tions and orientations of the agent and surrounding persons,
the joint influence (with persons indexed by k € {1,...,n})
R, imposed on the agent at s; can be computed as follows:

) 2

Rd(SmStfl) =

Ry(s1) =Y _ Fi, 3)
k=1
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Figure 2: Overview of RLSLM framework. RLSLM integrates social influence modeling with reinforcement learning to guide
an agent’s movement in environments shared with humans. The framework follows a three-stage decision-making loop (gray
arrow), and once the environment is updated based on the agent’s action, the cycle begins again with a new observation.

I = min (Ilz 1>7 o)
o T e, 5)

Thuman = m X f(0n) +n+c X Ica,
were ) = {(700 0 Z0
ab o

ICA = ;
\/a2 cos2(6) + b2 sin?(6)

where I’ represents the original social influence field value
and d represents the distance between the agent and person,,
at s;. The individual social influence of the agent and
person;,, Lygen and Iperson, is calculated using Jhyman With dif-
ferent fitted parameters m and n (for the agent, m, = 0.321,
n, = 0.856; for the person,, m, = 0.438, n,, = 0.630).
Specifically, m represents the contribution of HRSC and n
represents HISC. 0}, represents the angle between the facing
direction and the line connecting agent—person;. Ica rep-
resents CAC, with ¢ and b (¢ = 0.285, b = 0.175) es-
timated by measuring the average cross-section of human
body (approximated as an ellipse), and 6 represents the an-
gle between the line connecting agent—person,, and the long
arm of the ellipse. The free parameter c adjusted the relative
ratio (¢ = 1.430) of Ica. To prevent extreme F' values, orig-
inal social influence F' is standardized with an upper limit
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K (K = 10.180) fitted by behavioral data. The values of all
these parameters are set according to the prior work by Zhou
et al.

If the agent’s distance to the endpoint is less than a pre-
defined threshold, it is deemed to have reached the destina-
tion. At the terminal timestep ¢ = T, the agent receives a
reward rp = +C if it successfully reaches the destination,
or rp = —C otherwise (exceeding step limit or moving out
of bounds). Overall, the return G is calculated as the sum of
discounted rewards:

T

G=> 7, ®)
t=0

where v is the discount factor, and r; is the reward at

timestep ¢, which is composed of three components and a

terminal reward, defined as follows:

o Rd(stastfl)+Re(st)+0Rs(8t)7 forO<t<T
""T1xC, fort=T

&)
where o denotes the weight of social influence. In our exper-
iments, the parameters are set as follows: v = 0.9, ¢ = 0.5,
C = 500, and o = 1. Additional training details are avail-
able in the supplementary material.

Dataset Creation

To support reproducible research and facilitate benchmark-
ing in socially-aware navigation, we establish a VR-based
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Figure 3: Overview of our VR-based user evaluation
pipeline. (1) For each scenario, we import a set of hu-
man layouts (positions and orientations) and correspond-
ing navigation trajectories generated by different models.
(2) The participant views these simulated interactions in
an immersive first-person VR environment, observing the
agent’s movement among virtual humans. (3) After each
trial, the participant provides a comfort rating (1-5), which
is recorded and aggregated across models for quantitative
comparison.

human-agent interaction dataset. This dataset is designed as
a benchmark environment for evaluating social comfort un-
der controlled yet immersive conditions. Our dataset com-
prises a diverse set of simulated VR scenarios featuring var-
ied human placements and orientations. The environment is
implemented using Unreal Engine 5.4 and supports a vari-
able number of virtual humans with configurable positions
and orientations, covering a range of common social patterns
such as face-to-face blocking, group passage, and asymmet-
ric crowd formations. The dataset also includes user anno-
tations on social comfort collected through immersive VR
experiments.

The process of constructing our immersive evaluation
dataset is illustrated in Figure 3. For each scene, we define
static human layouts and import precomputed model trajec-
tories. Participants then experience these scenarios in VR
and rate the agent’s navigation behavior. Implementation de-
tails and code are provided in the supplementary material.
To facilitate reproducibility and further research, we pro-
vide public access to both the dataset and the VR evaluation
pipeline. This dataset can also serve as a reusable benchmark
for future studies on human-centered navigation evaluation.

Experiments
Experimental Setup

To assess the generalizability of the model, we perform eval-
uations in both single- and multi-human scenarios. In single-
human scenarios, we position the human near the straight
line connecting the start and target points to observe the
agent’s avoidance behavior when encountering one human.
In multi-human scenarios, we place three individuals in the
scene, with some of them engaging in social interaction,
such as facing each other, to examine whether the agent re-
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spects social formations or intrusively passes between in-
teracting individuals. The experiment is conducted within
a confined 15m X 15m virtual environment. The agent’s
step length is fixed at 45cm. At each decision step, follow-
ing an observation of the environment, the agent selects a
movement direction and advances exactly one step in that
direction. The episode is considered successful when the Eu-
clidean distance between the agent and the target falls below
the length threshold of one step. Due to the discrete step-
wise movements of the agent, the resulting trajectories tend
to exhibit discontinuities and jaggedness. To enhance spatial
continuity, we post-process the trajectories using a Gaussian
smoothing filter to improve path smoothness.

Following prior work (Sivashangaran, Khairnar, and Es-
kandarian 2023), we construct our virtual environment us-
ing OpenAl Gymnasium (Towers et al. 2024) and em-
ploy Stable-Baselines3 (Raffin et al. 2021) for policy learn-
ing. Comprehensive training configurations and conver-
gence plots are presented in the supplementary material.

Human-Agent Interaction Experiment in VR

To test whether RLSLM aligns better with user experience in
human-agent interaction than baseline models, we conduct a
VR-based experiment in which participants are asked to rate
their comfort level when interacting with the virtual agents
controlled by one of three navigation algorithms: RLSLM,
COMPANION (Kirby, Simmons, and Forlizzi 2009), and n-
Body (Van Den Berg et al. 2011).

Participants A total of 30 university students and staff
(11 males and 19 females aged between 18 and 29) are re-
cruited to participate in this study. All participants have nor-
mal or corrected-to-normal vision.

Procedure We randomly set 50 scenarios in which a vir-
tual agent bypasses one or three static persons along a de-
tour path generated by one of three navigation algorithms,
resulting in 150 trials. Notably, one of the multi-human sce-
narios is found to be repetitive and is thus excluded in the
following analysis. This exclusion has no impact on statisti-
cal conclusions (a detailed comparison of statistical results is
available in the supplementary material). As shown in Fig-
ure 4 (a), participants experience these scenarios as one of
the static persons via an HTC Vive Pro head-mounted dis-
play (HTC Corporation; binocular resolution: 2,880x1,600
pixels; refresh rate: 90 Hz; field of view: 110°). In each sce-
nario, participants stand at the designated location and orien-
tation of a randomly selected static person, while the virtual
agent walks from the start point to the target point along the
pre-generated path. Upon completion of the navigation, par-
ticipants rate their comfort level (on a scale from 1 to 5, with
5 indicating maximum comfort) using a handheld controller.

Result Analysis Figure 4 (b) and (c) illustrate the tra-
jectories produced by three models. Figure 4 (d) presents a
detailed analysis of user evaluation data. A significant main
effect of model type on comfort level is present (repeated-
measures ANOVA, F(z, 58) 219.589, P < 0.001,
né = 0.525). Rating scores of paths generated by RL-
SLM are significantly higher than those generated by COM-
PANION (both in single-human and multi-human scenarios,
Bonferroni-corrected post-hoc comparisons, P < 0.001)
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each model under both scenarios, comparing the average comfort ratings of three models across both single- and multi-human

interaction scenarios.

and n-Body (both in single-human and multi-human sce-
narios, Bonferroni-corrected post-hoc comparisons, P <
0.001). Compared to single-human scenarios, paths gener-
ated by RLSLM and n-Body receive significantly higher
scores in multi-human scenarios (Bonferroni-corrected post-
hoc comparisons, RLSLM: P < 0.001, n-Body: P
0.008), whereas COMPANION does not exhibit this multi-
human navigation advantage (Bonferroni-corrected post-hoc
comparisons, P = 0.251).

Interpretable Modeling of Social Behavior
Weighting

To evaluate interpretability and adaptability to social vari-
ability, we perform a sensitivity analysis on the social be-
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havior weight o € {0,0.5,1.0,2.0}, which modulates the
agent’s responsiveness to nearby individuals through the so-
cial influence field. As shown in Figure 5 (d) and (e), higher
o values lead to greater lateral deviations, quantified using
Maximum Lateral Distance (MLD) defined in Figure 5 (a).
When o = 0, the agent strictly follows the shortest path;
as o increases, the agent detours more, prioritizing social
comfort. At ¢ = 2.0, behavior becomes overly conserva-
tive. These trends confirm the effectiveness of ¢ in shaping
socially-aware navigation.

Ablation Study on Social Influence Components

We isolate the contributions of the three components in our
social influence module: HRSC, HISC, and CAC.
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Heading-Relevant Component In 42 specially-designed
single-human scenarios (Figure 5 (c)), removing HRSC
causes the agent to pass in front of humans (defined in Fig-
ure 5 (b)) in 23 cases (57.76%), compared to only 5 cases
using the full model, as shown in (Figure 5 (f)). This demon-
strates that HRSC enables sensitivity to human orientation.

Heading-Irrelevant Components Measured in 21
single-human scenarios, removing HISC or CAC leads to
reduced MLD (Figure 5 (g)), indicating less stable and less
compliant navigation. Qualitative trajectory visualizations
and experiment setups are provided in the appendix.

Conclusion

In this paper, we present RLSLM, a hybrid reinforcement
learning framework grounded in empirical behavioral ex-
periments for socially compliant robot navigation in human-
shared spaces. By integrating a quantitative, rule-based SLM
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derived from psychological research into a multi-objective
RL formulation, our method enables agents to navigate not
only efficiently but also in a manner aligned with human
social preferences. Through a combination of mechanical
energy minimization, goal-directed progress, and social dis-
comfort reduction, the agent learns socially-aware behaviors
that generalize to multi-human scenarios. To evaluate align-
ment with human perception, we designed an immersive
first-person VR evaluation pipeline. Results demonstrate
that RLSLM significantly outperforms rule-based baseline
models in subjective comfort ratings. Additionally, ablation
studies and sensitivity analyses underscore the role of each
component in shaping nuanced social behavior and demon-
strate RLSLM’s improved interpretability over conventional
data-driven methods. Our findings highlight a promising in-
terdisciplinary pathway for embedding human social cogni-
tion into agent policy learning.
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