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Hydrodynamics Regularization in Reinforcement
Learning for Navigating Crowded Scenarios

Pingrui Lai1, Renjie Pan1, Jiaqi Yu1 and Hua Yang1∗, Member, IEEE

Abstract—The navigation task in dense crowds is a key
research problem in real-world scenarios. It requires an agent to
avoid collisions in dynamic environments and reach the agent’s
destination, ensuring high accuracy and efficiency in its decisions.
Existing methods typically treat pedestrians as rigid bodies,
detect object bounding boxes, and use rigid body dynamics to
guide agent behavior. However, in densely crowded scenarios,
this approach may lead to suboptimal path planning solutions,
thereby imposing more stringent constraints on the agent’s action
space. In some real-world navigation scenarios, pedestrians can
avoid collisions with minor posture adjustments without having to
change their direction. In this letter, we propose Hydrodynamics
Regularization to address the challenges posed by the modeling
of pedestrians in dense crowd environments. This method treats
pedestrians as deformable bodies and leverages fluid dynamics
equations to compute socially compliant velocities and postures
for the agent in dense crowds. By introducing soft constraints on
the action space, it effectively reduces collisions between the agent
and surrounding obstacles. We validate the effectiveness of Hy-
drodynamics Regularization in reinforcement learning navigation
problems with partially observable Markov processes. Extensive
experiments demonstrate that Hydrodynamics Regularization
effectively mitigates collisions caused by the modeling approach,
especially in dense crowd environments, allowing the navigation
agent to achieve higher success rates, fewer collisions, and shorter
completion times. The Hydrodynamics Regularization module is
a plug-and-play component that can be seamlessly integrated into
any reinforcement learning algorithm, demonstrating excellent
generalizability.

Index Terms—Motion and Path Planning, Machine Learning
for Robot Control, Reinforcement Learning

I. INTRODUCTION

AGENT navigation [1] has had a profound impact across
multiple domains, driving advancements in robotics, au-

tonomous vehicles, virtual reality, and logistics. The develop-
ment of humanoid robots aims to enable agents to efficiently
accomplish tasks in complex crowd environments.

Despite significant progress in navigation methods, navi-
gation in dense crowd scenarios remains a major challenge,
characterized by two main features compared to traditional
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Fig. 1. Different impacts of modeling pedestrians as rigid bodies or de-
formable bodies. Rigid body mechanics model pedestrians using bounding
boxes and determine whether a collision occurs based on the overlap of these
boxes. However, this approach has certain limitations. When two pedestrians
walk toward each other, they can avoid collisions through slight postural
adjustments without significantly altering their walking paths. In such cases,
using rigid body mechanics can lead to incorrect collision estimations. This
phenomenon is particularly pronounced in dense crowd environments.

navigation environments. The first feature is dynamical envi-
ronment. In dense crowd scenarios, humans exhibit frequent
and dynamic movements, and interactions occur not only
between humans but also between humans and robots. To
accomplish navigation tasks, robots should engage in close-
proximity interactions with humans while simultaneously be-
ing influenced by other ongoing interactions [2]. The con-
straints imposed by these interactions are difficult to pre-
dict, making navigation in dense crowd environments highly
challenging. The second feature is pedestrian avoidance.
Ensuring human safety is crucial, and avoiding collisions with
pedestrians is a critical aspect of motion planning. Obstacle
avoidance is a fundamental component of navigation, however,
a major limitation of current avoidance methods is their failure
to account for subtle pedestrian posture adjustments, leading
to inaccurate collision assessments. As illustrated in Fig. 1,
most existing collision detection modules estimate pedestrian
bounding boxes and motion spaces based on rigid body
mechanics, relying on positional and directional information
for collision assessment. However, in real-world scenarios,
pedestrians can avoid collisions through minor posture ad-
justments (such as sidestepping) without significantly altering
their intended trajectories. This phenomenon is particularly
pronounced in high-density crowds.

The modeling of pedestrian dynamics has progressed from
representing individuals as points, to rigid bodies, and as
deformable bodies. In high-density crowds, pedestrian flow
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begins to exhibit behaviors analogous to those observed in
fluid dynamics [3]. Under such conditions, individual move-
ment patterns are strongly influenced by the surrounding
dynamic environment. Pedestrians tend to adapt by making
subtle postural adjustments and modifying their trajectories in
response to local flow conditions, such as semi-autonomously
following the motion of the crowd to avoid collisions. This
analogy between dense pedestrian flow and fluid behavior
offers a valuable perspective to improve robot navigation in
crowded environments. By modeling robots as fluid particles
that interact with crowd flow, it becomes possible to more ac-
curately define their action spaces. This perspective facilitates
the development of more precise obstacle avoidance methods
that are grounded in the motion characteristics of pedestrians.

To address these issues in navigation, we propose a new
regularization term for the loss function in Deep Reinforce-
ment Learning (DRL), termed Hydrodynamics Regularization.
This method models the humanoid robot navigating through a
crowd as a fluid element, predicting the speed and orientation
distribution of the agent in densely crowded scenarios using
fluid dynamics equations. The predicted values are incorpo-
rated into the DRL loss function to achieve soft constraints
on the action space, enabling more granular decision-making
control. Specifically, we conduct experiments to demonstrate
the challenges posed by Rigid Body Collision and
designed a navigation task for an agent in densely crowded
scenarios based on DRL. Hydrodynamics Regularization is
a plug-and-play module that can be integrated into any RL
algorithm to enhance navigation performance. We explored
the impact of different environmental factors, such as road
conditions, crowd densities, and the types of algorithms used.
Comprehensive comparative studies and ablation experiments
validate the feasibility and superiority of our approach. Our
contributions can be summarized as follows:
• By modeling pedestrians as deformable bodies, we high-

light the limitations of rigid body mechanics in collision
avoidance, providing a new paradigm for pedestrian mod-
eling.

• We propose a new DRL loss function regularization term,
Hydrodynamics Regularization, which can be integrated
into any RL algorithm, improving the accuracy and effi-
ciency of agent navigation in dense crowd environments.

• We design various challenging and realistic dense crowd
navigation scenarios and paths in the CARLA [4] sim-
ulator, which enables end-to-end training of diverse RL
algorithms and leads to a 5% average improvement in
navigation success rate.

II. RELATED WORK

A. Navigation with Deep Learning

Many works have applied deep learning to the agent nav-
igation problem and have proven successful in tasks such
as end-to-end learning for autonomous driving [5], [6], [7].
Supervised learning is used in [8], [9], and RL is utilized
in [10] to learn navigation strategies, but these works do not
leverage the agent’s current state for prediction. Work in [11]
and others provide a framework for navigation using imitation

learning, assuming the Social Force Model [12] as the “expert”
demonstration, training a social navigation strategy using a
generative adversarial imitation learning algorithm. Although
assuming the social force model as “expert” demonstration
is helpful, they do not consider that there might be more
than one strategy for agent navigation. Agents can be trained
through a supervised strategy of imitation learning to avoid
dynamic obstacles without estimating trajectories or extracting
the current state [13].

Research based on DRL [14], [15], [16], [17] intrinsically
estimates obstacles by incorporating available obstacle data
into their observation space. A multi-agent collision avoidance
algorithm using RL is proposed in [18], but their method is
limited to specific scenarios. Neural networks are used in [19]
to predict the probability of events like collisions, but their
reward function design does not ensure that agents reach a
safe state. Significant progress has been made by some end-
to-end deep learning methods [20], [21].

Currently, some navigation tasks consider the robot’s per-
spective and posture [22], and in many tasks, the camera
angle and robot posture do not necessarily align with the
direction of movement [23]. However, these works often
overlook the changes in the poses of pedestrians, who act as
dynamic obstacles in the environment. Avoiding collisions by
changing posture is an interactive process. In this letter, we
refine the depiction of the phenomenon of avoiding collisions
by changing posture by introducing a constraint inspired by
principles from fluid mechanics.

B. Pedestrian Modeling
The accuracy of dense crowd scene simulation is crucial

for navigation tasks. From the perspective of simulation com-
plexity and realism, existing crowd simulation methods can be
re-categorized based on how they treat individuals within the
crowd: as the point mass, vectors, rigid bodies, or deformable
bodies.

Methods treating individuals as the point mass focus on
the overall motion and distribution of the crowd, simplifying
each individual to a point with mass. This approach is evident
in the works of Lashley et al. [24], who simulate nonlinear
physical phenomena by formulating behavioral criteria based
on mass-point dynamics. In methods where individuals are
treated as vectors, the focus is on the direction and magnitude
of movement. Reynolds et al. [25] developed a bird-like
flock model, a vector-based simulation of collective behavior,
defining core rules for directional movement. Considering
individuals as rigid bodies involves accounting for personal
space and collisions, suitable for simulations where these
factors are crucial. Helbing et al. [12] treated the crowd as
a collection of rigid bodies, following rules of social forces
and motion mechanics. Subsequent works in this area focus
on optimizing exercise rules [26], [27], including adding
psychological factors [28], [29], and classifying human be-
havior based on tasks to provide exercise recommendations
for different populations performing various tasks [30], [31].

Methods viewing individuals as deformable bodies are
the most complex, simulating detailed interactions and move-
ments. This is seen in the work of Van et al. [32], who use

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



LAI et al.: HYDRODYNAMICS REGULARIZATION IN REINFORCEMENT LEARNING FOR NAVIGATING CROWDED SCENARIOS 3

Environment

Agent

Actions

Observation

Visual Information

(W×H×C)

Perceived Information

(W×H×C)

Location: p(t)  

(3×1)

Convolutional layer

ReLU

Flatten

Mean

Variance

Latent

Vector

Feature Extractor

Features

Policy: DRL Algorithm

Frozen Weight

Reward

𝐶𝑂𝑁
𝐶𝐴𝑇

Speed

Regularization Loss
Hydrodynamics

Regularization
Actor Loss

Posture Regularization

Macro manifestation Micro manifestation

           
     
  

 

   

1. Adjust posture to adapt to the 
crowd flow:

When the crowd moves in the 
same direction

  has similar values
       

         

       

    

  

  

  

2. Adjust posture to avoid 
collisions: 

When approaching a 
sideways pedestrian,
         

 

       

  
  

 

 

  

  

 

 

 

 

      

   

   
  
 

  
 

  

       

        
 
 
  

 
  
  
 

 
     
    
 

            

 

       

       

   

  
  
  

       
 

 1. Translational velocity: 

Centroid translational 

velocity
2. Deformation 

velocity: Strain 

rate field3. Rotational 

velocity: Rotational 

linear velocity field

                         

              

Fig. 2. DRL Navigation System with Hydrodynamics Regularization. The agent’s observations include first-person view semantic segmentation images, a
local semantic map centered around the agent, and its position. After dimensionality reduction using a pre-trained feature extractor, these observations are
utilized for RL. The algorithm receives feedback from the environment at each time step. The loss function, incorporating Hydrodynamics Regularization,
includes two penalty terms, Lspeed and Lposture, which regulate the agent’s speed and posture changes, respectively. These penalties are calculated based
on the velocity values predicted by fluid dynamics.

smooth particle hydrodynamics to intuitively control crowd
density, considering the dynamic deformation of individuals.
Applying the deformable body perspective to navigation tasks
is essential for studying agent path and action planning in
real-world scenarios [33]. This letter attempts to accurately
simulate fine-grained individual behavior and interactions in
crowd scenes.

III. METHOD

A. Problem Formulation

The navigation task in dense crowd scenarios is formu-
lated as a Partially Observable Markov Decision Process
(POMDP) in a DRL framework, which is defined by a tuple
(S,A, P,R, γ, L).

The agent’s state is denoted as st = {p, v, ω, o, b}, consist-
ing of position pt, velocity vt, angular velocity ωt, orientation
ot and bounding box bt. We consider bt as a hexahedron with
variability (not always a cube), so the orientation of the agent
during movement is not always aligned with the direction of
velocity. Therefore, st should include the orientation of the
agent. The agent’s observation of the scene is represented as
gt ∪ mt, where gt denotes the robot’s first-person semantic
segmentation image, and mt represents the robot-centric BEV
map. Both have dimensions of W×H×C. Both gt and mt are
fed into a feature extractor for dimensionality reduction, and
then concatenated with pt to form a new observation feature
it.

it = FEr(gt)⊕ FEr(mt)⊕ pt (1)

where ⊕ means concatenation operation, FEr denotes a Fea-
ture Extractor with an output layer of size r. P : S ×A→ S
is the state transition function. γ ∈ (0, 1] is the discount factor
and L is the maximum episode length. R : S ×A→ R is the
reward function.

2 3

1 2 3 : Environment 

  numbers

: Agent’s destination

: Agent’s starting point

: Pedestrian area

1

Fig. 3. The navigation environment. Our environment setup comply with the
NHTSA typology’s scenario specifications [34], the paths in the environment
incorporate classic road structures, including SI (Signalized Intersection),
USI (Unsignalized Intersection), RAB (Roundabouts), LANE, and EOA
(Emergency Obstacle Avoidance).

In each episode, the agent begins at an initial state s0 ∈ S.
At timestep t, the agent selects action at ∈ A according to the
navigation policy π(at|st), gaining a corresponding reward r
according to the reward function R. The process continues
until t exceeds the maximum timestep L, the agent reaches its
destination, or the agent collides with pedestrians or obstacles.
The reward used for our DRL training is defined as:

r =


−2, if collision with pedestrian
−0.5, if collision with others
α|vt − v∗|, if too fast or too slow
+100, if success

(2)

where α < 0 is the weight (We use α = −0.1), v∗ is
the desired velocity of the agent, and the reward function
encourages the agent to navigate as quickly as possible while
ensuring safety.
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B. Hydrodynamics in Crowd Behavior

When an individual is in a moving crowd, their movement
is closely related to the collective motion, analogous to a fluid
element in a flow. The theoretical velocity of a robot moving
in a pedestrian flow is derived based on hydrodynamics
equations. If the current coordinates of the agent are denoted
as M , and an adjacent point as M ′. As shown in Fig. 2,
according to Helmholtz’s velocity decomposition theorem, it
can be obtained that:

vM ′ = vTrans + vDeform + vRotate

= vM + E · δr + ω × δr
(3)

where vTrans = vM represents the translational velocity,
vDeform = E · δr represents the deformation velocity, and
vRotate = ω × δr represents the rotational angular velocity,
and

δr = (δx, δy, δz) =

(
b′x + bx

2
,
b′y + by

2
,
b′z + bz

2

)
(4)

To compute vDeform, we need to obtain the deformation rate
e. the relationship can be expressed as:

vM ′ = vM +
∂vM
∂x

δx+
∂vM
∂y

δy +
∂vM
∂z

δz

= [u− ωzdy + ωydz + exxdx+ exydy + exzdz]~i

+ (...)~j + (...)~k.

(5)

where u = ∂bx/∂t, q = ∂by/∂t, exx = ∂u/∂x, ωz =
1
2 (∂q/∂x − ∂u/∂y), exy = 1

2 (∂u/∂y + ∂q/∂x), and the
omitted parts of the formulas and symbols maintain rotational
symmetry. We use the finite difference method to derive the
velocity changes of the agent. That means we consider ∆t as
the smallest time interval. Therefore, we consider the agent’s
state after ∆t as st+∆t = {p′, v′, ω′, o′, b′}:

ex =
∂u

∂x
dxdt/dx =

∂u

∂x
dt (6)

and the linear deformation rates are expressed as follows:

exx =
∂u

∂x
≈ b′x − bx

∆t
b′x+bx

2

=
2(b′x − bx)

∆t(b′x + bx)
(7)

exy =
1

2

(
∂q

∂x
+
∂u

∂y

)
≈ 1

2∆t

(
b′x − bx
b′y+by

2

+
b′y − by
b′x+bx

2

)

=
1

∆t

(
b′x − bx
b′y + by

+
b′y − by
b′x + bx

) (8)

exy represents the extent of deformation in the y-direction
caused by the movement of the x-boundary (illustrated in
Fig. 2, where the bounding box changes from a rectangle
to a parallelogram). This results in an additional velocity
component. During the agent’s navigation process, we provide
two simplified conditions based on real-world scenarios: (1)
No obstacles apply external force in the robot’s z-direction to

cause deformation. (2) Only the rotation around the robot’s
own z-axis is considered.

E =

exx exy exz
eyx eyy eyz
ezx ezy ezz

 =

exx exy 0
eyx eyy 0
0 0 0



=


2(b′x−bx)

∆t(b′x+bx)
1

∆t

(
b′x−bx
b′y+by

+
b′y−by
b′x+bx

)
0

− 1
∆t

(
b′x−bx
b′y+by

+
b′y−by
b′x+bx

)
2(b′y−by)

∆t(b′y+by) 0

0 0 0


(9)

According to the constraints of the fluid dynamics, the agent’s
state transition is given by the following rules:

vt+∆t = vTrans + vDeform + vRotate

vTrans = vt = (vx, vy, vz)

vDeform =

(
3(b′x − bx)(b′x + bx) + (b′y − by)(b′y + by)

2∆t(b′x + bx)
,

−(b′x − bx)(b′x + bx) + (b′y − by)(b′y + by)

2∆t(b′y + by)
, 0

)
vRotate =

1

2

(
ωz(by + b′y), ωz(bx + b′x), 0

)
(10)

C. Reinforcement Learning Regularization

After obtaining the velocity prediction vt+∆t for a robot
moving in a crowd based on hydrodynamics principles in
Section III-B, incorporating the corresponding regularization
term into RL can effectively constrain the agent’s action
space. Since the velocity direction of a humanoid robot does
not always align with its orientation (e.g., moving sideways
while facing forward), we propose two types of regularization
terms: speed regularization and posture regularization. By
incorporating hydrodynamics regularization into the RL loss
function, the final loss function can be expressed as:

Loss = Lactor + Lspeed + Lposture (11)

where Lactor represents the loss function related to the agent
part in the original RL algorithm.

1) Speed Regularization: At each time step t, based on
Equation 10, we obtain the predicted velocity vector v̂ =
vt+∆t and the actual velocity v of the agent. The loss function
for Speed Regularization Lspeed is obtained by calculating the
Mean Squared Error:

Lspeed = MSE(v, v̂) =
1

3
‖v − v̂‖22 (12)

The greater the difference between v and v̂, the larger the value
of Lspeed. Therefore, the speed regularization encourages
the agent to make speed decisions that are closer to the
hydrodynamics rules.

2) Posture Regularization: We transform the states of
pedestrians perceived by the agent into an undirected hetero-
geneous graph G = (V, E) that contains 2 types of nodes and
1 type of edge. The nodes V include one agent node and n
pedestrian nodes. Edges E represent the distance d from the
agent to pedestrians, the feature of each node is represented
by the agent or pedestrian’s orientation o = (ox, oy, oz). The
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Fig. 4. Occurrences of Rigid Body Collision under different crowd
densities. The first three figures present box plots and violin plots of Rigid
Body Collision occurrences under varying crowd densities across three
different environments. The fourth figure illustrates the overall distribution of
Rigid Body Collision in these three environments.

purpose of imposing this constraint is to enable the agent to
better adapt to the posture changes of surrounding pedestri-
ans. The agent needs to consider the common orientation of
pedestrians in dense crowds. For the graph network centered
on the agent, we use eigenvector centrality to design the loss
function.

Lposture = γ

n∑
i=1

oa × oi
di

(13)

where oa represents the orientation of the agent, and oi
represents the orientation of other pedestrians, γ represents
the weight.

The reason for using the cross product of oi and oa is
that when oi and oa are in the same or opposite directions,
oa × oi is zero. In real-world scenarios, the agent’s posture
typically needs to make significant changes in two situations:
(1) As shown in Fig. 2, when the crowd is moving towards
a direction, oi tends to align in the same direction. In this
case, we expect the agent to adapt to the crowd flow, making
oa and oi align, resulting in Lposture being close to zero.
(2) When the agent encounters a very close pedestrian, after
the pedestrian sidesteps, the agent needs to adjust its posture
so that oa and oi are aligned or opposite to avoid collision,
resulting in Lposture being negligible. Therefore, the Posture
Regularization allows the agent to perform collision avoidance
tasks with more precise motion planning.

IV. EXPERIMENTS

A. Experimental Settings

Our experiments leverage the CARLA autonomous driv-
ing simulation platform. This setup provides high-precision
maps and detailed, realistic rendering capabilities, essential
for accurately simulating pedestrian movements in diverse

environments. We utilize Gym [45] as our primary platform for
implementing and testing RL algorithms. This environment,
in conjunction with algorithms from Stable Baselines [46],
facilitates the rigorous testing and validation of our models. All
simulations were conducted on a high-performance computing
setup featuring an NVIDIA GeForce RTX 3090 GPU, ensuring
the efficient processing of complex simulations.

B. Collision Differences Induced by Pedestrian Modeling Ap-
proaches

Under the same physical constraints, modeling pedestrians
as rigid bodies versus deformable bodies leads to differences
in collision rates. Therefore, we first design experiments to
quantify the increase in the number of collisions caused by
using the rigid body model under identical initial conditions,
and to determine the proportion of these additional collisions
relative to the total number of collisions. We define the types of
collisions that occur exclusively when pedestrians are modeled
as rigid bodies, rather than deformable bodies, as Rigid
Body Collision.

We design experiments in three near-realistic simulation
scenarios, with partial scenario maps displayed in Fig. 3.
The walkable area for pedestrians in each scenario is denoted
as Sped, and npedestrian = ρSped pedestrians are randomly
generated on the map. The experiment is divided into two
groups. In the first group, we allow all pedestrians to move
freely for a period of time ttest, close to the average time of
agent movement in navigation, and record the total number of
collisions nfree. In the second group, we fix the pedestrians’
orientation to always align with their velocity direction and let
them move for the same time ttest, recording the total number
of collisions nrigid. The physical models of pedestrians, aver-
age speed of movement, and other variables are kept consistent
across both groups of experiments, and each experiment is
repeated nrepeat times to reduce random error. When nrepeat is
sufficiently large (We use nrepeat = 1000), n̄free and n̄rigid
represent the average values of nfree and nrigid respectively,
and we calculate nrbc = n̄rigid − n̄free, considering nrbc as
the number of Rigid Body Collision.

Fig. 4 presents the quantity and distribution of nrbc under
different environments and varying crowd densities. Experi-
mental results show that, in the same environment, the number
of Rigid Body Collision increases with rising crowd
density. However, their proportion relative to the total number
of collisions remains stable (within the range of 5% to 10%).
The distribution pattern of nrbc is consistent across both
training and test environments.

These findings suggest that in dense crowd scenarios, the
use of rigid body modeling for pedestrians introduces a non-
negligible impact. To effectively navigate such environments,
agents should possess more precise posture adjustment capa-
bilities.

C. Navigation Task with Regularization

The experiments are conducted in three large-scale scenar-
ios, where we select 5 classic paths that encompass a variety
of challenging situations, as shown in Fig. 3. In each area, we
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TABLE I
EXPERIMENTAL RESULTS ON THE TEST SET FOR AGENT NAVIGATION IN DENSE CROWD ENVIRONMENTS. THE VALUES IN ( ) REPRESENT CHANGES

COMPARED TO THE ORIGINAL RL ALGORITHM AFTER APPLYING HYDRODYNAMICS REGULARIZATION.

Methods Environment 2 Environment 3

SR ↑ AR ↑ TS ↓ SR ↑ AR ↑ TS ↓

DQN [35] 42% (+7%) 68.70 (+10.12) 40.97 (-3.75) 55% (+1%) 63.95 (+6.52) 29.72 (-1.09)
PPO [36] 36% (+1%) 54.59 (+1.53) 40.64 (-3.79) 56% (+5%) 69.47 (+9.59) 30.39 (-0.70)
SAC [30] 48% (+7%) 77.63 (+14.74) 43.76 (-7.66) 57% (+7%) 69.49 (+3.57) 29.86 (-1.56)
A2C [37] 44% (+1%) 61.72 (+2.02) 40.30 (-2.11) 55% (+9%) 66.45 (+10.89) 29.42 (-6.93)
DDPG [38] 59% (+8%) 85.50 (+18.12) 36.90 (-9.74) 52% (+5%) 63.35 (+5.58) 30.69 (-1.57)
TD3 [39] 58% (+9%) 92.49 (+15.32) 38.95 (-3.76) 54% (+9%) 65.93 (+9.31) 32.33 (-5.19)
QR-DQN [40] 52% (+9%) 81.37 (+13.81) 39.61 (-2.33) 55% (+8%) 68.46 (+9.63) 30.40 (-0.20)
TRPO [41] 33% (+9%) 46.05 (+18.13) 44.50 (-2.21) 62% (+10%) 76.58 (+19.96) 28.54 (-8.98)
TQC [42] 34% (+4%) 61.46 (+10.52) 45.58 (-2.63) 53% (+1%) 64.92 (-0.48) 30.53 (-0.94)
RecurrentPPO [43] 45% (+5%) 65.23 (+8.07) 39.98 (+0.21) 65% (+4%) 80.05 (+3.56) 29.68 (-0.60)
MaskablePPO [44] 60% (+5%) 92.94 (+3.59) 39.04 (-2.79) 56% (+7%) 69.47 (+9.17) 30.39 (-1.32)

TABLE II
ABLATION STUDY OF MASKABLE PPO ON THE THREE VELOCITY CONSTRAINTS IN EQ. 10.

Speed Regularization Posture Training Set (ρ =) Test Set (ρ =)
vTrans vDeform vRotate Regularization 0 0.5 1.0 1.5 2.0 0 0.5 1.0 1.5 2.0

× X X X 87% 75% 76% 65% 60% 58% 55% 47% 43% 38%
X × X X 93% 88% 83% 78% 69% 71% 63% 61% 56% 43%
X X × X 90% 81% 82% 71% 68% 70% 60% 58% 49% 42%
X X X × 93% 87% 82% 70% 62% 71% 62% 60% 47% 40%
X X X X 93% 88% 83% 78% 70% 71% 63% 61% 58% 44%

generate crowds with a density of ρ (unit: per square meters),
using four configurations: ρ = 0.5, 1.0, 1.5, 2.0. Considering
that the positions and movement patterns of pedestrians differ
in each experiment even on the same path, we repeat each
specific scenario 100 times to fully assess the agent’s obstacle
avoidance capability. The training process was conducted in
Environment 1, with the training set comprising 5×4×100 =
2000 scenarios.

To evaluate the adaptability of the algorithm in different
environments, we test the agent in Environments 2 and 3,
with ρ = 1.5, repeating the experiments 100 times. The
test set includes 2 × 5 × 100 = 1000 scenarios. We choose
three classic evaluation metrics: Success Rate (SR), Average
Return (AR), and average navigation Time Step (TS). SR
is the ratio of episodes where the agent successfully reaches
the destination. Given the high density of the crowd in these
scenarios, the main reason for the agent failing to reach the
destination is usually due to collisions (a rare event being the
agent wandering in the scene and exceeding the maximum
allowed navigation time). Therefore, another classic metric,
the Collision Rate (CR), can be derived from SR, calculated
as (CR = 1 - SR) . In this task, SR can be used to assess
the agent’s ability to avoid collisions. AR and TS are widely
used to evaluate the efficiency of the agent’s navigation.

1) Quantitative Analysis: Table I shows the results on the
test set. With the inclusion of Hydrodynamics Regularization,
most algorithms saw an increase in their SR metrics by
5% − 10%, which is roughly consistent with the frequency
of Rigid Body Collision. The experimental results
demonstrate that Hydrodynamics Regularization achieves a
lower collision rate by avoiding most instances of Rigid
Body Collision. Additionally, with the incorporation of

Agent

MaskablePPO + Hydrodynamics Regularization

MaskablePPO

Collision !

Agent

Change Posture to Avoid Collision.

Fig. 5. A qualitative navigation visualization result of the MaskablePPO
algorithm after incorporating the Hydrodynamics Regularization module.

Hydrodynamics Regularization, there is a noticeable improve-
ment in the AR metric, and a reduction in the TS metric,
indicating that the agents are able to complete tasks more
efficiently.

2) Qualitative Analysis: Fig. 5 presents a visualization of
the navigation performance of the MaskablePPO algorithm
after incorporating Hydrodynamics Regularization. Before reg-
ularization is applied, the agent primarily avoids obstacles
by adjusting its path. However, in scenarios with insufficient
space (e.g., navigating through a zebra crossing), the agent
struggles to modify its current strategy, leading to a collision.
After incorporating regularization, the agent is able to perceive
the movement patterns of oncoming crowds and make subtle
posture adjustments to continue moving forward. This demon-
strates the effectiveness of Hydrodynamics Regularization in
optimizing the action space.
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Fig. 6. Experimental results for agent navigation in dense crowd environments with varying crowd densities. The error bars represent the changes in the
corresponding metrics after incorporating Hydrodynamics Regularization.

Agent

Collision !

Agent Turn sideways to 

avoid collision.

Sim2Sim Results on Isaac Gym

Fig. 7. Qualitative results of Sim2Sim transfer. The figure shows the
visualization results on Isaac Gym.

D. Ablation Study

We investigate the effectiveness of speed and posture con-
straints in Hydrodynamics Regularization. The speed regu-
larization constraints consist of 3 components, defined in
Equation 10 as vTrans, vDeform, and vRotate. In our experiments,
we sequentially removed each of these velocity components
and incorporated the modified hydrodynamics regularization
into a RL algorithm, as presented in Table II. The results
indicate that both velocity and posture regularization have
a positive impact on obstacle avoidance. While vTrans serves
as the primary factor influencing the agent’s movement, the
inclusion of vDeform and vRotate enables more precise motion
planning.

E. Discussion on Crowd Density

Fig. 6 presents the experimental results under different
crowd densities ρ in the training set. When ρ is low, the impact
of adding Hydrodynamics Regularization on the SR metric
of the algorithms is within 3%. This further demonstrates
that in sparse crowd scenarios, the environment provides
sufficient space for the agent to adjust its path planning. The
primary method for the agent to avoid collisions remains path
adjustment, without requiring significant posture adjustments.
However, as the crowd density increases, the constraints on
the action space imposed by the environment on the agent
gradually increase. Posture adjustments become increasingly
critical for collision avoidance. At this point, methods incor-
porating Hydrodynamics Regularization show stable perfor-
mance improvements, further confirming the effectiveness of
our approach in dense crowd scenarios.

F. Sim2Sim and Sim2Real Transfer

We completed the Sim2Sim transfer between simulation
platforms. Fig. 7 illustrate the qualitative results. The training
of a humanoid robot was conducted on the Isaac Gym simula-
tion platform, where considerations ranged from velocity and
posture variations to the coordination of limb movements. To
account for these factors, the reward function was modified as
follows:

rhumanoid = r + w1rc + w2rs + w3ra + w4rn + w5rh (14)

where r represents the original reward function in Equation
2, rc encourages correct foot placement based on gait phase,
rs penalizes excessive foot height during the swing phase,
ra is a constant reward for remaining upright, rn penalizes
feet in contact with low velocity, rh penalizes unnatural
hip positions to enforce biomechanical constraints, and wi

are weight coefficients tuned experimentally. We successfully
trained the Unitree H1 humanoid robot model in Isaac Gym,
and the policy may be directly deployed in real-world envi-
ronments. Additional experimental details are provided in the
supplementary materials.

V. CONCLUSION

In this letter, we highlight the incorrect judgment in Rigid
Body Collision detection when using rigid body me-
chanics to model pedestrians in navigation. We conducted
experiments in various environments, demonstrating that these
errors become more pronounced as crowd density increases.
Consequently, we propose the Hydrodynamics Regularization
based on hydrodynamics, treating pedestrians as deformable
bodies to further constrain the action space of the agents.
Through agent navigation experiments based on the DRL
framework, we demonstrated that the Hydrodynamics Regu-
larization achieves efficient navigation decision-making across
different environments, paths, and crowd densities. The agents
successfully completed tasks with higher success rates and
efficiency. Ablation experiments analyzed the performance
improvements brought by different types of velocity constraint
terms. In the future, we will focus on diverse tasks in embodied
intelligence navigation.
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