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Diversity-aware Crowd Model for Robust Robot Navigation

in Human Populated Environment

Jiaxu Wu'!, Yusheng Wang!, Tong Chen', Jun Jiang®, Yongdong Wang!, Qi An', Atsushi Yamashita'

Abstract—Robot navigation in human-populated environments
poses challenges due to the diversity of human behaviors and
the unpredictability of human paths. However, existing Rein-
forcement Learning (RL)-based methods often rely on simulators
that lack sufficient diversity in human behavior, resulting in
navigation policies that overfit specific human behavior and
perform poorly in unseen environments. To address this, we
propose a diversity-aware crowd model based on RL, employ-
ing Constrained Variational Exploration (VE) with a Mutual
Information (MI)-based auxiliary reward to capture fine-grained
behavioral diversity. The proposed model leverages a Centralized
Training Decentralized Execution (CTDE) paradigm, which en-
sures stable exploration under multi-agent settings. Using the pro-
posed diversity-aware model for training, we obtain robust robot
navigation policies capable of handling diverse unseen scenarios.
Extensive simulation and real-world experiments demonstrate
the superior performance of our approach in achieving diverse
crowd behaviors and enhancing robot navigation robustness.
These findings highlight the potential of our method to advance
safe and efficient robot operations in complex dynamic envi-
ronments. For more details, please visit our project homepage
https://wyd0817.github.io/project-diversity-awa/.

Index Terms—Autonomous Vehicle Navigation, Human-Aware
Motion Planning, Reinforcement Learning, Collision Avoidance,
Simulation and Animation.

I. INTRODUCTION

OBOT navigation in human-populated environments has

gained wide interest in recent years. In particular, at-
tempts at applications such as unmanned patrolling, delivery,
and cleaning using mobile robots are growing fast. To achieve
these applications, safe and efficient robot navigation among a
human crowd, known as “crowd navigation”, is essential [1].
Although mobile robot navigation research has a long history,
crowd navigation remains a challenge today since humans are
also intelligent decision makers, exhibiting diverse behavior
patterns [2]. A robust navigation policy that achieves harmo-
nious human-robot cooperation with diverse human behaviors
is desired.

To address such a problem, early rule-based methods such
as the Social Force Model (SFM) require hyperparameter
tuning for different crowd behaviors. In recent years, Deep
Reinforcement Learning (DRL)-based methods that train navi-
gation policies by self-exploration in simulation environments,
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Fig. 1: Comparing robot navigation policies trained by dif-
ferent crowd models in the real world. (The experiment was
conducted under ethical approval from the research ethics
committee of the Graduate School of Frontier Sciences, Uni-
versity of Tokyo.)

have achieved great progress in crowd navigation [1], [3],
[4]. However, crowd simulations used by these works lack
diversity, which results in two limitations: (1) trained policies
overfit some specific human behavioral patterns and have poor
generalizability to unseen scenarios in practice; (2) trained
policies get a poor sense of human uncertainty, which leads
to risky movements.

Our goal is to develop a diversity-aware crowd model that
reproduces diverse crowd navigation behaviors and provides
enough sample diversity to train a robust robot navigation
policy. In particular, we aim to capture the unpredictable
nature of human behavior that leads to the uncertainty in
human paths and is often described as the multi-modality of
human movement [5], [6]. Though there are many complicated
crowd navigation behaviors that exist for further study [7],
such as lane-formation, grouping, and sudden goal-changing,
this work considers reproducing diverse human local collision
avoidance behavior as the first step since it largely affects
robot’s local plan. For this objective, many methods based
on Generative Adversarial Imitation Learning (GAIL) have
been proposed [5], [6], which learn from pre-collected data
and generate diverse (multi-modal) crowd behaviors. However,
generalization of these methods rely on highly representative
datasets that are usually not available for unseen scenarios
[8]. On the contrary, RL-based methods can learn to generate
crowd models representing unseen scenarios without pre-
collected datasets. Panayiotou et al. [9] employed a reward-
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weight-conditioned policy (CCP) to capture different human
behaviors by concurrently training with different mixtures of
atomic rewards. Although it reproduces many macroscopic
crowd behaviors, such as goal-seeking and grouping, we
find that it obtains less diversity in fine-grained behavior
patterns in goal-seeking with collision avoidance (which is
required by simulation for training the robot), such as different
clearances to others or different side preferences. This is due to
insufficient for latent space exploration since CCP uses policy
entropy only [10], [11].

In this work, we propose a novel RL-based diversity-aware
crowd model that employs Variational Exploration (VE) with
mutual information (MI)-based auxiliary reward, allowing for
more fine-grained behavioral pattern discovery during RL
training. A latent-conditioned policy using a control code
z~ P(z) is learned, generating distinct behavior per z, given
the same situations. Although MI-based auxiliary reward is
used in many related fields, such as skill discovery [11] and
zero-shot human-Al coordination [12], the proposed method
has two differences from them by considering the specifi-
cation of the crowd simulation task. First, to generate near-
optimal behaviors that mimic ordinary people, we employ
the Constrained Partially Observable Markov Decision Process
(Constrained POMDP) to constrain the optimality of the crowd
model. Second, while previous works considered single-agent
settings, crowd simulation has a multi-agent nature. We found
that when multiple agents perform VE concurrently, training
suffers from instability, resulting in policies with poor goal-
seeking performance. To counter this problem, we perform
VE in a Centralized Training Decentralized Execution (CTDE)
paradigm.

Major contributions of this article are listed below.

o We propose a novel crowd model that realizes diverse
and near-optimal crowd behaviors by a novel RL frame-
work that integrated Constrainted VE (Section III-C) and
CTDE paradigm (Section III-D).

« We collect a novel real-world dataset and perform a crowd
simulation evaluation (Section IV-A1l).

« We address robust robot navigation using the proposed
diversity-aware crowd model and perform experiments for
robot navigation in both simulation (Section IV-A2) and
the real world (Section V).

II. RELATED WORKS

As a model-based method, [2] employed personality trait
to represent diversity in human behaviors, in which different
sets of ORCA parameters were designed to generate tra-
jectories corresponding to different personalities. Similarly,
an extended SFM is proposed in [13] where physique and
mentality coefficients are proposed to modify the human self-
driving force. Since this modification violates the symmetry
assumption made by the SFM, careful engineering is required
to obtain collision-free paths, therefore limiting the diversity
of the simulation.

Data-driven methods learn human navigation policies or
trajectory models from human trajectory datasets. Inverse
Reinforcement Learning (IRL)-based methods learn human

navigation policies by searching human reward functions using
human trajectory feature matching [14]. GAIL-based methods
have been popular in recent years. Zhou et al. employed an
MlI-based objective function to mimic diverse human decision-
making behaviors exhibited in a dataset. Charalambous et al.
trained a novelty detector as a discriminator to reject unreal-
istic behaviors generated by human policy [15]. Chen et al.
employed the Diffusion model to capture multi-modal feature
distribution in trajectory datasets [6]. The trained generator
could generate various human trajectory patterns while achiev-
ing considerable diversity in crowd simulation. However, data-
driven methods require highly representative datasets to make
generalizations toward unseen scenarios, when such datasets
are difficult to obtain. Another work closely related to this
article is proposed by Ling et al., in which a crowd model
based on GAIL was learned from a dataset and applied to
train the robot navigation policy [16]. However, this work did
not consider diversity in human behaviors.

RL-based methods have been proposed in recent years. A
parametric policy, conditioned by random human speed limits
and desired speeds, is proposed by [17]. Though these methods
can simulate heterogeneous crowds by setting different desired
speeds to humans, it has not tackled multi-modality in human
behaviors. The randomized reward function proposed by [9] is
a close work for multi-modality in human behaviors, in which
weights for different reward terms are randomized during
training, and a conditional policy taking those reward weights
as a condition vector is proposed. However, different reward
terms compete with each other during training, resulting in
a poor exploration of different behaviors. MAVEN uses VE
under the multi-agent setting to encourage exploration [18].
However, it tackles only pure cooperation problems, but crowd
simulation is mixed-motive (involving both cooperation and
competition between humans).

Although most of the previous works, as well as in this
work, Human-Robot Interaction (HRI) is simplified, humans
are assumed to have full attention on other agents [7], and
they treat robots as the same as other humans [3], [16], this
may not be true in the real world. HRI may also depend on
how much attention humans pay to the robot [7], robot control
policies [19], as well as human trust in the robot [20]. We plan
to quantify and incorporate those factors into our crowd model
in future work to further improve the reality and diversity of
the simulated crowd.

III. METHOD
A. Overview

We realize diversity-aware crowd simulation using a latent-
conditioned policy trained by a novel RL framework integrated
with an MI-based auxiliary reward, optimality constraint, and
centralized critic (Fig. 2). Previous work on diverse agent
behavior using the RL framework with MI-based auxiliary
rewards [11], [12] is difficult to train for scenarios with
multiple humans due to their following a single-agent RL
diagram and is also difficult to constrain the optimality of
simulated humans close to the real world since they use fixed
weights to combine task and auxiliary rewards. We address
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Fig. 2: Overview of the proposed method. Human navigation
policy is trained with MI-based auxiliary reward r** provided
by the discriminator at first. Then, crowd simulation based on
the trained human policy will be executed for training robot
navigation policies.

the difficulty of training by introducing a centralized critic
to the RL framework, forming a Centralized Training and
Decentralized Execution diagram for our crowd simulation.
The RL framework is further integrated with an optimality
constraint to obtain near-optimal human navigation close to
the real-world human.

B. Preliminary

Navigation tasks for both humans and robots can be formu-
lated as a POMDP. Humans and robots are each referred to as
a type of “agent” in the rest of this article.

1) Observation Space: The observation o = [0, ®] con-
tains the internal state of the agent o", and a series of 720
depth sensing rays evenly spaced within a field of view
(human: 110°, robot: 360°) @ € R}""*°, where the internal
state includes agent’s distance and relative heading to its goal
(d8 € R and he € [—7, 7)), velocity v € R?, preferred speed
Vprer € RY, and size r € R

2) State Space: We consider the agent’s state s, = fg(7)
at time step ¢ as the trajectory feature of the agent, which is
extracted from the agent’s trajectory T, = 0, using a function

fp parameterized by a set of learnable parameters 3. The agent
state summarizes the temporal information, such as the motion
of the surrounding humans and its own progress to the goal,
from the historical observations of the agent.

3) Action Space: We adopt the unicycle model to drive
humans and robots so that a, = [v,w], where v denotes the
speed command and w denotes the rotation command. The
robot is controlled by a learnable control policy 71:(; that
takes partial observation o, as input and outputs the velocity
command a; = 7y, (7;) and human is controlled by a latent-
conditioned policy a” = ﬂg(r,,z) with the control code z.

4) Reward Function: We adopt a popular reward design
from previous work [3],

re (reached goal)
mum (0 a, ) e (COllided) ) (1 )
air,+oprg  (else)

where o, o are weights and r), is the potential-based reward
shaping function: r,(0,—1,0;) = d®(0,—1) —d#(0;). Since we
introduce an auxiliary reward in the next section, we refer
this reward function as the main reward r"“". ry(o,) is the
uncomfortable penalty for the robot only, for getting too close
to humans

_dcomf + dmin
rd (0t> = 0

where d“°"/ refers to uncomfortable distance threshold. @
is the minimum distance between the robot and all humans.
[ Te,d™ oy, ] are set to [10,—20,1.0,2,0.2] for the
robot, basically following the previous work [3] except the un-
comfortable distance is set larger for larger separation distance
between the robot and the human. For humans, the reward
parameters are set to [10,—20,0,2,0] since the main reward
for the human only considers goal-reaching and collision-free
for obtaining more behavioral diversity.

5) Problem Formulation: Based on the above preliminaries,
our final goal is to realize a robust robot navigation policy
aj = g (7;) by RL training with a diversity-aware crowd model
for unseen scenarios. Our objective is to realize such diversity-
aware crowd model by deriving a latent-conditioned human
navigation policy a’ = ﬂg(’vt,z) without pre-collected data,
which generates action commands that follow diverse behavior
patterns corresponding to the control code z while maximizing
cumulative reward 7" to a certain extent that approximates
the optimality of real-world humans.

(dmin <
(else)

dcomf) (2)

C. The Learning of Diverse Near-optimal Human Navigation
Behaviors using Constrained Variational Exploration

To realize multiple near-optimal crowd behaviors given the
same human initial states and goals, we propose a constrained
VE following the previous Constrained Markov Decision Mak-
ing formulation [21], in which a Ml-based auxiliary reward
is maximized given an optimality constraint on the expected
cumulative main reward R™" = E[X!_y rmain].

hx Vmamﬂ: ( )> avmam 7!:*( )7 (3)

7" = argmaxZl_ I(s],z) s.
h
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Fig. 3: Effectiveness of key components in the proposed RL
framework. The validation curves, representing the navigation
success rate during training, compare the performance of the
proposed method with and without Constrained POMDP and
CTDE in 5-human (5H) and 10-human (10H) circle crossing
scenarios.

The MlI-based auxiliary reward r™* = I(s" z) is defined as
the MI between a known distribution of control code z and
an individual human state s;’ appearing in the trajectory T,
where LT I(s!,z) is a lower bound for the MI between the
distribution of z and the full human trajectory in the episode
To-7 generated by the human policy 7 conditioned by z [11].
ymain.z" represents the value function that approximates the
cumulative main reward following 7" (referred to as the main
value), and V""%"7* represents the main value by following an
optimal policy, which maximizes the cumulative main reward.
The constraint in Eq. 3 requires the human policy to seek
diverse behavioral patterns while maintaining goal-seeking and
collision-free. o € [0, 1] denotes the relaxation coefficient.
The control code z is drawn uniformly from a discrete set
{0,1,...N — 1} where N denotes the size of the set and is
also referred to as the class number. The auxiliary reward
encourages exploration, producing distinct trajectory patterns
for different z values. Therefore, a larger range of z enables
more diverse human navigation behavior. It is also worth
noticing that static objects and other humans’ movements
constrain the trajectory pattern one can take, so that for a
certain scenario, there should be an upper bound for the
effective range of z. The calculation of MI-based auxiliary
reward is aided by an extra discriminator g¢(z|s") (Fig. 2a
green box) which is parameterized by ¢ and is learned to
approximate the posterior distribution P(z|s) by minimizing

P(zls)
the Cross Entropy loss L., = ﬁ.
r = logN +logge(zls), S
= logN +logqe(zlfp(w))- ®)

Since fg(7;) represents the trajectory feature, the auxiliary
reward will reward the agent when it follows trajectories with
specific patterns corresponding to the control code z.
However, the policy tends to generate random behavior if
there are no other reward signals or constraints. Different from
previous work that uses fixed weight, to obtain near-optimal
behaviors, we balance the main reward and the MI-based aux-
iliary reward with a dynamic weight, r = A#"%" 4% _} is the
Lagrange multiplier that is obtained by Proportional-Integral
control using A as control and oV™":7* (s) — ymain.a" (s) as er-
ror feedback, for a smooth and proper update [22]. Intuitively,

if the error is large, the PI controller will dramatically increase
A, and when the constraint is satisfied, the controller will
reduce A so that the VE can search for more diverse behavior.
Fig. 3a shows that compared to the fixed weighting, the
proposed method obtained more stable training and reached
higher navigation success rates, especially when the scenario
became crowded (10 humans).

D. Centralized Training Decentralized Execution

Unlike previous work [11] considering the single-agent
setting, VE under multi-agent environments faces the insta-
bility problem caused by the difficulty in credit assignment
and oscillation due to simultaneous exploration in multiple
behavior latents. To counter this problem, we perform the
proposed Constrained VE in CTDE paradigm and provide
a practical implementation based on Heterogeneous Agent
Proximal Policy Optimization (HAPPO). Different from the
PPO for single-agent RL used in previous work [9], HAPPO
uses centralized critics for the value approximation to address
the credit assignment problem based on a novel advantage
decomposition lemma [23].

The structure of our actor-critic model based on HAPPO
is described as follows. To obtain the human state, the tra-
Jectory feature extraction fg is implemented by a Recurrent
Neural Network (RNN) with input embedding using a one-
dimensional Convolutional Neural Network (1D-CNN)-based
network structure from [24]. The human actions are then
predicted by a 2-layered Multi-Layer Perceptron (MLP) using
individual trajectory features, while value prediction is based
on a shared feature f"*¢ concatenated all humans’ trajectory
features (Fig. 2a gray box). We use MLP for the value predic-
tion in this article, and more representative network structures
like Graph Neural Network will be investigated in future
work. The values and advantages of the main reward and the
auxiliary reward are predicted separately. Instead of directly
balancing the reward, this paper uses the Lagrange multiplier
mentioned above to balance the advantages corresponding to
different rewards (A = AA™@" 4+ A%) Based on above, the
actor-critic model is learned as follows.

B,9,¢ < Lyappo(AA™" +A™ a")+ L, (6)

émain — || (Rmuin _ Vmain,n'h (thare)) ||2) (7)
aux aux __ yyauxiliary,w" (eshare

EM (R —yeten T ey ()

A o« PI(Vmain,Tc* (fwhare) , Vmain,ﬂ:h (fshare))’ (9)

where £ and E9 are weights for main and auxiliary value
function.||||2 denotes the L2 norm. PI denotes the Proportional-
Integral control for adapting the Lagrange multiplier A. Fig. 3b
shows by using CTDE, the proposed method obtained more
stability during training and reached higher navigation success
rates (near-optimal behavior) compared to the results of using
the single-agent RL diagram, especially when the scenario
becomes crowded (10 humans).

IV. SIMULATION EXPERIMENTS

To evaluate the effectiveness of the proposed crowd model:
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« microscopic simulation accuracy compared to real-world
crowds and diversity of the simulated trajectories were
evaluated in Section IV-Al,

« significance on improving the robustness of robot navi-
gation was tracked in Section IV-A2.

We selected baselines as follows. Personality Trait ORCA
(PT-ORCA) [2]: tunes the parameters of ORCA to generate
human trajectories corresponding to 3 different personalities.
Social Force Model (SFM) [25]: non-diversity-aware ad-hoc
method. Two models with different sets of hyperparameters:
Aggressive model SFM-A [vg, 0] = [10,0.3] and conservative
model SFM-C [v,0] = [5,1.5]. Configurable Crowd Pro-
files (CCP) [9]: RL-based method that generates different
human behaviors using randomization of the reward weights.
Parametric RL (P-RL) [17]: non-diversity-aware RL method.
Randomizes the preferred speed of the human as a parameter
to select subspaces within the learned policy space. SPDiff [6]:
data-driven crowd simulation using Diffusion model. Since we
assume unseen scenarios without pre-collected data, we trained
SPDiff using UCY dataset used in the original paper and tested
it on our dataset.

A. Experimental Setup

1) Crowd Simulation Experiments: Since this work focuses
on local navigation of mobile robots, crowd simulation evalu-
ation experiments of the proposed method against the selected
baselines were conducted in a 3.5 x 3.5 [m] workspace. To
evaluate the accuracy of the microscopic simulation, a compar-
ison was performed between real-world human trajectories and
simulated trajectories. A real-world dataset of the human nav-
igation trajectory was collected in the 3.5 x 3.5 [m] workspace
using a motion capture system. 58 and 59 episodes were
collected from each of the two-human interaction scenario and
the three-human interaction scenario, respectively. For each
episode, simulations were executed by each of the methods
(the proposed and baselines) 20 times, given the human initial
positions and destinations the same as in the real-world data.
For all crowd models, simulations would be truncated at
the moment when the real-world humans have reached their
destinations. Since all RL-based methods (proposed, P-RL,
and CCP) require the human maximum speed (also referred
to as desired speed v,.r) to scale the outputs from the
policy network and simulate human local navigation paths,
we assessed the vp,.r in each real-world episode and input it
into the simulation.

The accuracy was assessed by ADE»y and FDEjq, which
refer to the minimum Average Displacement Error (ADE)
and Final Displacement Error (FDE) of 20 simulation results,
widely used in previous works of multi-modal pedestrian
trajectory prediction [26]. The number of collision (# collision)
was also used since collision in real-world crowds is rare. The
diversity of the simulations was qualitatively evaluated on the
basis of the feature distributions of the generated trajectories.
Two features were selected to characterize the generated trajec-
tories: minimum separation distance from other humans (nn-
dist) and winding angle (wd) that captures the side preference
of the human, widely used in previous work [14], [27].

2) Robot Navigation Experiments: In this experiment, the
contribution of the proposed crowd model to robust robot
navigation in the crowd was evaluated. Two state-of-the-art
actor-critic model: Distributed Multi-robot Collision Avoid-
ance (DMCA) [24] and DRL-VO [4] were chosen as the
training targets (both of them are open sourced). In navigation
experiments, PT-ORCA was omitted from the baselines due
to its low navigation success rate and high simulation error.
SPDiff was also omitted since it requires pre-collected data
and violates our assumption, as well as introducing a large
number of collisions, which is considered non-realistic.

Two simulation workspaces were used: the circle cross in
8 x 8 [m] room [1] and the square cross in 3.7 x 5.6 [m] room
[27]. Firstly, the proposed crowd model, P-RL, and CCP were
trained in both workspaces with 5 humans. Robot navigation
policies were then trained in the square-cross workspace with
4 humans driven by either the proposed crowd model or other
baselines. To evaluate the robustness of the robot policies
obtained, they were tested using 7 unseen scenarios formed
from different workspaces and crowd models (square cross:
proposed, P-RL, SFM-C, and SFM-A; circle cross: proposed,
P-RL, SFM-A). In each scenario, robot navigation was tested
for 500 episodes. The performance of robot navigation was
evaluated in terms of the success rate (SR) and the average and
standard deviation of the navigation time (NT) in total [1]. To
further evaluate the robustness of the robot navigation across
different scenarios, we also evaluate the standard deviation of
SR (SR STD) across those 7 test scenarios. The results are
shown in Section IV-B3.

3) Implementation Details: The proposed method was im-
plemented based on the open-source Python repository pro-
vided by [23] '. In the crowd simulation evaluation exper-
iments, we tested two different ranges of the control code
(z€{0,1,2} and z € {0,1,2,3,4,5}) to investigate the impact
of the range of z on the simulation. The proposed method
used z € {0,1,2} and z € {0,1,2,3,4,5} was denoted as Pro-
posed(3C) and Proposed(6C) respectively. We selected these
two ranges since previous domain studies [2] showed the
existence of 6 different patterns in human movement during
navigation and these patterns can be further summarized into 3
patterns according to PEN model [2]. We expected that z with a
larger range would lead to larger diversity in human behavior.
In the robot navigation simulation experiments, we focused
on comparing the robustness of robot navigation trained by
diversity-aware crowd simulation against non-diversity-aware
crowd simulation so that only Proposed(3C) was used.

PT-ORCA was implemented based on the open-source
Python library 2, and the hyperparameter was set to be the
same as in the original article [2]. For a fair comparison,
the observation space, action space, and human observation
encoder of P-RL and CCP were modified to match the
proposed method. In addition, for CCP, since this paper did
not consider grouping and the human-object interaction, the
corresponding reward weights were set to zero. The ranges of
reward weights for reaching goals w, and avoiding collisions

Uhttps://github.com/PKU-MARL/HARL
Zhttps://github.com/sybrenstuvel/Python-RVO2
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Weq, Were set the same as the original article [9]. More details
are available on the project home page.

All simulation experiments were conducted on a desktop
PC with an AMD Ryzen Threadripper PRO 3955WX 16-Cores
CPU and three Nvidia RTX 3090 GPUs. Training the proposed
method to converge took 4,000,000 steps and approximately
6 hours in wall-clock time.

B. Results

1) Crowd Simulation Accuracy: Table I shows the mean
and standard deviation of ADE,, and FDE,y and the number
of collisions of the proposed method and baselines. High
FDE),( obtained by PT-ORCA implies that the ad hoc method
failed to drive the simulated humans to their goals. In con-
trast, both Proposed(3C) and Proposed(6C) obtained smaller
simulation error compared to all the baselines. On the other
hand, the proposed method obtained more collision compared
to the baselines except SPDiff. We consider the reason that
mixing diverse behavior patterns in a scenario increases the
difficulty of coordination between humans. SPDiff obtained a
large number of collisions, and this may be due to the GAIL
not being aware of collision.

TABLE I: Simulation evaluation results.

Metrics ADE»>q FDE # Collision
Proposed(6C) 0.25740.104 0.082+0.034 20
Proposed(3C) 0.3134+0.182 0.086£0.034 3
CCP 0.48440.228 0.099+0.047 8
PT-ORCA 0.73740.165 1.32+0.247 0
P-RL 0.61740.246 0.191£0.123 0
SFM-C 0.614+0.211 0.378+0.388 0
SPDiff 0.41540.155 0.076+0.125 150

2) Crowd Simulation Diversity: Simulated trajectories for a
selected episode are shown in Fig. 4, in which the trajectories
generated by CCP were almost the same given different sets
of reward weights. In contrast, the proposed crowd model
generated diverse interaction patterns between two humans
given the same initial position and destination. Humans in
the proposed model could have different minimum separation
distances from others and different side preferences. Moreover,
in addition to smooth coordination between two humans, the
proposed method also generates suboptimal trajectories that
reproduce the situation where two people fail to read the
intentions of others.

Fig. 5a and Fig. 5b show the distribution of the minimum
separation distance feature and the winding angle feature
obtained by Proposd(3C), Proposed(6C), and CCP. For the
minimum separation distance feature, both the real-world data
and the simulation samples of the proposed method and the
CCP concentrated around 0.5 ~ 1.0[m]. Proposed(6C) obtained
a wider distribution compared to Proposed(3C) which indicates
more diverse human behavior patterns were generated using
a larger range of z. The distribution of winding angle in the
real-world dataset shows multi-modality, which indicates the
existence of both right and left side preferences. The result
implies that the proposed crowd model (both Proposed(3C)
and (6C)) realized multi-modality in human behaviors, while
CCP only reproduced right-side preference.

time:5.00,crowd_pref:5,5, time:5.00,crowd_pref:3,3, time:5.00,crowd_pref:2,0,

(a) Pass on the right (b) Large separation (c) Miss coordination

time:5.00,crowd_pref:0.5-0.7,06-0.5,

time:5.00,crowd_pref:0.4-0.7,80-0.3,

time:5.00,crowd_pref:0.4-0.0,0dm@d,

(d) (0.5,0.7),(0.6,0.5) (e) (0.4,0.7),(0.0,0.3) (f) (0.4,0.0),(0.5,0.4)

Fig. 4: Human trajectories simulated in 3.5 x 3.5[m]
workspace: Proposed(6C) (row 1) v.s. CCP (row 2). The
green and blue circles denote two different humans whose
destination is denoted by the star with the corresponding color.
The sub-captions in row 2 represent different sets of reward
weights.
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(b) Winding angle (wd) in the two-human interaction scenario

Fig. 5: Simulation evaluation results in 3.5 x 3.5 [m] workspace
with 2 ~ 3 humans: trajectory feature distributions. The left-
most column shows the distribution in the real world. Column
2: Proposed(6C), 3: Proposed(3C), 4: CCP.

3) Simulation Results of Robot Navigation: Table II shows
results of robot navigation evaluation. For the overall suc-
cess rate (column 2), the proposed method outperformed all
baselines for both navigation methods (DMCA and DRL-VO),
and the proportion Z-test indicates 99.9% confidence intervals
between the proposed method and all baselines. Though for
DMCA the SR only improved by 1.7%, this improvement
can also be explained as the proposed method reduced 30%
failure given 3500 trials. Since mobile robot navigation among
humans is a failure-sensitive task (collision with humans
probably causes injuries), we consider this reduction in failure
to be meaningful for mobile robot safety. In addition, for
both navigation methods, the proposed method obtained the
smallest standard deviation of SR across the 7 unseen test
scenarios (column 3). The results also show that DMCA
obtained significantly higher SR compared with DRL-VO. We
consider the reason is that the hyperparameter of DRL-VO was
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TABLE II: Navigation evaluation results (DMCA/DRL-VO).

Metrics SR SR STD NT [s]

Proposed(3C)  0.961/0.467 0.033/0.143  6.67 £2.73/6.63 +2.48
CCP 0.929/0.418 0.056/0.289  6.63+2.29/6.90+1.78
P-RL 0.944/0.389 0.057/0.177  6.60+2.52/5.97+2.13
SFM-C 0.910/0.215 0.042/0.210  6.57+2.46/7.46+2.76

adjusted for large scenarios with more free space (e.g. 20 x 10),
so it struggles when the test scenario becomes smaller and
is constrained by walls. Moreover, for DMCA, the proposed
method achieved navigation times comparable to baseline
methods with increments less than 0.1[s] (column 4). Although
the proposed method obtained longer NT compared with P-
RL (40.66s) in the results of DRL-VO, the proposed method
improved SR by 20%. These indicate a favorable trade-off
between efficiency and safety, where the slight increase in time
is justified by a substantial enhancement in success rate.

The above results imply that the proposed method can
obtain more robust navigation policies in unseen scenarios in
terms of success rate while allowing for a desirable trade-off
in safety and efficiency. At the same time, properly selecting
navigation method for the target scenario will further boost
the performance.

V. REAL WORLD ROBOT NAVIGATION EXPERIMENTS
A. Experiment Setup

Legged robot
\ | Unitree Go1l

Fig. 6: Setup of the real-world experiments. The left picture
illustrates the 3.7 x 5.6 [m] square-cross scenario in the real-
world setting. Humans started from all directions of the robot,
right, left, front, and behind, and were denoted by H1, H2,
H3, and H4.

The 3.7 X 5.6 [m] square cross scenario was instantiated
in a lab workspace, deploying a legged robot (Unitree gol
Edu) equipped with Velodyne VLP-16 LiDAR and Realsense
D455 RGB-D camera to navigate next to 4 human participants
(Fig. 6). Robot observations were obtained by self-localization
based on RGBD odometry [28] and down-sampling of the
LiDAR scan.

Two versions of the proposed crowd model, Proposed(3C):
z € {0,1,2} and Proposed(24C): z € {0,1,...23}, and the
SFM-C crowd model were used to train three different robot
navigation policies in the simulation with the same scenario,
respectively. The trained policies were deployed on a notebook
PC with an Intel Corei9-9980HK CPU and a Nvidia RTX 2080
Mobile GPU to control the robot.

36 trials of the scenario were executed in which the robot
navigated with three different policies (12 trials per policy).

In each trial, the robot started from the bottom-left area and
navigated toward either the top-right corner of the workspace
or the middle of the top boundary line (shown as the green
flag in Fig. 6). 4 participants were told to navigate toward
the destinations designated by the square-cross scenario. To
ensure the diverse human behaviors in the experiment, we
totally hired 4 women and 2 men, and we randomly picked
4 of them in each experimental trial and asked them to start
from different starting positions in different trials. We also
asked them to take different reactions to others, including
the robot, such as different side preferences and different
aggressiveness. The robot and humans interacted in the middle
of the workspace so that its ability to avoid dense crowds could
be evaluated. The local human density under this setting was
around 0.55 human/m? which covered 85% of the scene in
real-world dataset (Zara [6]).

B. Results

Table III summarizes the results of the policies trained by
the proposed crowd model and SFM. It was found that the
SFM-trained policy tends to make overconfident movements
towards humans. This may lead to collisions when the nearby
human also makes aggressive movements as shown on the
right side of Fig. 1. The policy trained by the Proposed(3C)
also showed a similar trend, but the robot will slow down and
steer when being close to humans.

In contrast, the policy trained by Proposed(24C) usually
makes hesitations before passing through dense crowds. The
left side of Fig. 1 shows one example obtained by Pro-
posed(24C), in which the robot was staying in place and
attempting different directions to find a clear path. After a
clear and safe path was found, the robot started to move and
successfully reached the goal. However, the policy preferred to
navigate near the wall and therefore erroneous self-localization
and inaccurate or delayed motion command execution led to
more robot-wall collisions (Table III row 3).

TABLE III: Results of the real-world tests

Crowd models Succeeded Collided / Collided / Wall
Human

SFM-C 11 1 0

Proposed(3C) 12 0 0

Proposed(24C) 10 0 2

VI. DISCUSSION

For crowd simulation, the low diversity in the results of
CCP indicates that policy entropy in PPO is insufficient to
explore the behavior latent space. In contrast, the proposed
Constrained VE may give almost random trajectories high
rewards as long as they are distinct from trajectories gen-
erated under other control codes, which largely encourages
exploration. For robot navigation, the superior performance of
the policy trained by the proposed model in unseen scenarios
proved the benefit of simulation diversity in RL training.
The robot movements in the real-world test demonstrate that
our proposed method yields an uncertainty-aware navigation
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policy. We consider the reason that the simulated humans
driven by our model exhibit multi-modality in training, so the
robot should always prepare for different human movements
in the same situations.

VII. CONCLUSION AND FUTURE WORK

In this article, for robust robot navigation in human-
populated environments, we propose a novel diversity-aware
crowd model that can simulate diverse near-optimal hu-
man navigation behaviors for unseen scenarios without pre-
collected data. Diverse human behaviors are realized by Con-
strained VE in the CTDE paradigm. Experiments on crowd
simulation and robot navigation demonstrate that the proposed
method achieves diverse crowd behaviors and improves the
robustness of robot navigation, outperforming previous work.
In future work, real-world crowd data involving more humans
and complicated scenarios will be collected to enable more
thorough simulation evaluations of the proposed model. The
impact of the range of the control code z on the final robot
navigation performance will also be tackled. Moreover, to
improve the realism in the simulation of highly crowded
scenarios, human collective behavior, such as line formation,
will be tackled in the future.
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