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Abstract— Collision avoidance and navigation in dynamic
and dense environments remain highly challenging for swarm
robotics. To address this, we propose SwarmNav, a novel goal-
region amplification navigation policy that leverages LiDAR-
based position data to generate velocity commands guiding
robots toward their goals while actively avoiding obstacles.
SwarmNav is trained within a deep reinforcement learning
actor-critic framework. In this framework, the reward function
integrates a goal-region amplification term with the reciprocal
velocity obstacles formulation, enabling goal-directed naviga-
tion under dynamic obstacle uncertainty. Extensive simulations
demonstrate that SwarmNav significantly outperforms state-
of-the-art approaches, including both reinforcement learning-
based and traditional velocity obstacle-based methods, in terms
of success rate and computational efficiency. Real-world exper-
iments across diverse scenarios further confirm its effectiveness
in dynamic and dense environments.

I. INTRODUCTION
Swarm robotics has increasingly been applied across a

wide range of domains, including search and rescue [1],
[2], agricultural automation [3], [4], warehouse management
[5], [6], and environmental monitoring [7], [8]. However,
enabling effective swarm navigation in dynamic and dense
environments remains highly challenging, due to the need to
perceive complex surroundings with unknown and moving
obstacles, extract meaningful information from sensor data,
and adapt navigation policies to diverse scenarios.

To address these challenges, considerable research has
focused on developing methods for collision avoidance and
navigation in swarm robotics. Among them, velocity obstacle
(VO)-based methods [9] represent typical early approaches
in dynamic environments. However, these methods are lim-
ited by computational efficiency, reliance on cooperative
dynamic agents, and susceptibility to deadlock in symmet-
ric situations, leading to inefficient navigation in dynamic
environments with motion uncertainty. Several extensions
have been proposed to address these limitations, such as
the variable responsibility strategy introduced by Guo et
al. [10] to improve collision avoidance efficiency and the
diversion strategy proposed by Xu et al. [11] to resolve
deadlocks in symmetric scenarios. On the other hand, some
reinforcement learning-based methods have been investigated
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to tackle navigation challenges in swarm robotics under
dynamic and dense environments. For example, Han et al.
[12] proposed a deep reinforcement learning-based method,
which incorporates the reciprocal velocity obstacles (RVO)
formulation into the reward function to ensure safe naviga-
tion in swarm robotics. Building on this work, Chen et al.
[13] expanded the RVO representation by developing a novel
spatio-temporal network comprising a temporal state encoder
for sequence features and a reciprocal spatial state encoder.
However, the aforementioned methods still struggle to ensure
safe navigation in dynamic dense obstacle environments. To
this end, Huang et al. [14] addressed multi-robot navigation
in environments with dense dynamic obstacles by incorpo-
rating the VO formulation into the reward function of a
deep reinforcement learning framework. Similarly, Martinez
et al. [15] employed the VO formulation by leveraging
nonlinear opinion dynamics to adapt to varying levels of
agent cooperation, thereby enhancing the safety of swarm
robotics navigation in dynamic and dense environments.

Nevertheless, in dynamic and dense environments, rein-
forcement learning-based methods still exhibit poor gener-
alization, hindering the deployment of a single model to
larger swarms and causing the safety of swarm navigation
to degrade rapidly with increasing swarm size. To address
these limitations, we propose SwarmNav, a novel naviga-
tion framework for dynamic collision avoidance in swarm
robotics. The overall training framework of SwarmNav is
illustrated in Fig. 1. Inspired by [12] and built upon the
RVO formulation, SwarmNav introduces a goal-region am-
plification strategy to optimize the design of reinforcement
learning reward functions. In addition, it leverages LiDAR
data to obtain observations of each robot’s surrounding
environment. This proposed method not only guides robots
effectively toward their target regions but also enables them
to proactively avoid other robots and dynamic obstacles
with motion uncertainty, thereby achieving safe and efficient
navigation for every robot in the swarm.

The main contributions are summarized as follows:
1) A reinforcement learning framework with a hierarchi-

cal training strategy, where robots first acquire basic
collision avoidance skills in obstacle-free environments
and then progressively adapt to dynamic obstacles in
complex scenarios.

2) A novel reward function design that integrates the
reciprocal velocity obstacles (RVO) formulation with
a novel goal-region amplification term.

3) Extensive simulations and real-world experiments with
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Fig. 1. Overall system architecture of the proposed SwarmNav navigation policy. Raw LiDAR observations and the goal-region amplification input are
normalized before being fed into the actor and critic networks, where the critic estimates the state value and the actor outputs the velocity commands.

multiple robots demonstrate that SwarmNav signifi-
cantly outperforms state-of-the-art VO-based and rein-
forcement learning-based methods in terms of success
rate, efficiency, and robustness.

II. RELATED WORKS

Numerous approaches have been proposed for collision
avoidance and navigation in swarm robotics, and most of
them can be broadly categorized into centralized and decen-
tralized approaches.

Among them, centralized methods typically rely on a cen-
tral server that collects the full state information of all robots
and obstacles to generate motion solutions for each robot.
Representative approaches include CBS [16], which obtains
feasible paths through a combination of low-level graph
search and high-level conflict resolution. Another example is
SIPP [17], which generates initial paths for robots via graph
search and resolves conflicts based on assigned priorities.
Several extensions, such as CL-CBS [18] and D-PBS [19],
further improve these approaches by considering kinematic
constraints. However, as the number of robots increases,
the computational complexity of centralized methods grows
rapidly, making it difficult to deploy them in real-world
scenarios.

In contrast to centralized methods, decentralized ap-
proaches allow each robot to independently generate fea-
sible motion commands based on its observations of the
surrounding environment. In decentralized methods, VO-
based approaches [9] have attracted the most attention, where
the concept was first introduced in [20]. Subsequently, the
RVO method [21] was proposed to address the motion
oscillations of the VO method by introducing reciprocal
responsibility among neighboring robots in collision avoid-
ance. Furthermore, the optimal reciprocal collision avoidance
(ORCA) method [22] was proposed to improve computa-
tional efficiency by representing the space of collision-free
velocities as a set of half-planes and determining feasible
velocities through linear programming. Several studies [10],
[11] further mitigate deadlocks in symmetric scenarios by
building upon the RVO formulation, which in turn improves
the success rate of swarm robotics navigation. Nevertheless,
VO-based methods typically assume perfect knowledge of
surrounding robots and obstacles. This assumption becomes
unrealistic in real-world environments with dynamic obsta-

cles and motion uncertainty, thereby limiting their effective-
ness in ensuring safe navigation.

Meanwhile, reinforcement learning-based methods, driven
by recent advances in artificial intelligence, have emerged
as a promising framework for navigation in unknown or
highly dynamic environments. For instance, [23] proposed an
attention-based deep reinforcement learning (DRL) approach
that enables a single robot to navigate through crowded
scenarios by extracting features of surrounding pedestrians to
predict their movements and avoid collisions. [24] employed
inverse reinforcement learning (IRL) to enable robots to
learn from human interactions and adapt to user preferences,
thereby reducing the need for manually programmed be-
haviors. [25] combined deep reinforcement learning with
imitation learning to separately handle information from
static and dynamic objects, thereby enabling more precise
motion planning in complex environments. [26] utilized
the VO formulation to design a reward function within
a deep reinforcement learning framework, demonstrating
strong collision-avoidance performance in dense dynamic
environments. However, these methods mainly focus on the
navigation of a single robot in scenarios with dynamic
obstacles. Fortunately, many studies, such as [12], [13],
[27], [28], have already focused on the problem of collision
avoidance in robot swarms. In [27], the authors proposed
a distributed motion planning framework in which each
robot estimates its relative position and orientation based on
range measurements and relative velocities, achieving robust
collision avoidance in large-scale environments. Considering
uncertainties in multi-robot motion arising from unobserv-
able intentions of other agents, the work [28] proposed a
decentralized collision avoidance approach that leverages a
value network to estimate the time to the goal from the joint
positions and velocities of an agent and its neighbors. In
addition, an RL-RVO method based on deep reinforcement
learning was proposed in [12], which integrates the RVO
formulation into the reward function to ensure collision
avoidance among robots. Building on this work, Chen et al.
[13] developed a spatio-temporal network that extends the
RVO formulation. The network consists of a temporal state
encoder for sequence features and a reciprocal spatial state
encoder that leverages a transformer to integrate information
from Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), and Bidirectional GRU (BiGRU) branches.
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In contrast to existing methods, the SwarmNav approach
proposed in this paper explicitly considers both interactions
among multiple robots and dynamic obstacles with uncertain
motions. By introducing a goal-region amplification strategy
into the reward function, SwarmNav improves the success
rate of individual robot navigation in densely dynamic ob-
stacle scenarios, enhances generalization across diverse sce-
narios and varying swarm sizes, and increases computational
efficiency.

III. PROBLEM STATEMENT

The navigation and collision avoidance problem in swarm
robotics can be formulated as an optimization problem that
seeks to determine a sequence of optimal velocities for
each robot, aiming to minimize travel time while satisfying
collision avoidance constraints. For a fleet of robots and
dynamic obstacles in the same environment, consider an
individual robot and its m neighbors (including other robots
and dynamic obstacles). Let pt and vt denote the position
and velocity of the robot at time t, respectively, and let pt

j
and vt

j denote the position and velocity of its j-th neighbor.
Given the robot’s proprioceptive observation ot

self and the
exteroceptive observation of its surroundings ot

sur, the policy
neural network πθ outputs the action at+1 for the next
time step. This action at+1 aims to minimize the difference
between the robot’s actual velocity and its desired velocity at
time t + 1, while satisfying collision avoidance constraints.
Thus, the navigation and collision avoidance problem of
an individual robot can be formulated as the following
constrained optimization problem:

argmin
πθ

∥∥vt+1 −vt+1
des

∥∥ ,
s.t. ∆vt+1 ∼ πθ (at+1 | ot

self,o
t
sur),

∥vt+1∥ ≤ vmax,

∥pt+1 −pt+1
j ∥> Rc +R j

c,

∀ j ∈ [1,m],

(1)

where ∥ · ∥ denotes the Euclidean norm of a vector, and
Rc and R j

c are the collision radii of the robot and its j-th
neighbor, respectively. All the robots share the same naviga-
tion policy πθ and find the optimal velocity independently.
In addition, all dynamic obstacles are assumed to move
randomly, and their motions are uncertain to the robots.

IV. METHODOLOGY

In this section, we first summarize the RVO formulation,
then formulate the observation and action spaces of our pro-
posed method. Subsequently, we present the DRL network
architecture, the goal-region amplification strategy, and the
design of the novel reward function.

A. Reciprocal Velocity Obstacle

The reciprocal velocity obstacle (RVO) [21] defines an
area of relative velocities between two robots that would
lead to a collision if maintained. Selecting velocities outside
this area avoids collisions. Based on this principle, we
incorporate the RVO formulation as a component in the

reward function design. As shown in Fig. 2, for disc-shaped
robots A and B with radii RA and RB, their positions and
velocities are denoted by pA, pB, vA, and vB, respectively.
Thus, the velocity obstacle area VOA

B(vB) is defined as:

VOA
B(vB) = {vA |λ (pA,vAB)∩ (B⊕−A) ̸= /0} , (2)

where the relative velocity vAB = vA−vB, λ (pA,vAB) denotes
the ray starting at pA in the direction of vAB, and ⊕ denotes
the Minkowski sum. Therefore, robot A avoids collision by
selecting a velocity outside the VOA

B(vB) area. Furthermore,
the reciprocal velocity obstacle area RVOA

B(vB,vA) can be
obtained from VOA

B(vB) by translating its apex from vB to
vp =

vA+vB
2 , which is formulated as:

RVOA
B(vB,vA) = {v′A |2v′A −vA ∈VOA

B(vB)}. (3)

,x yvl vl   vl ,x yvr vr   vr
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Fig. 2. The reciprocal velocity obstacle RVOA
B(vB,vA) of robot B to robot

A.

Particularly, the RVO can be represented by the vector
c = [vp,vl,vr], where vp = [vx,vy] is the apex coordinate,
and vl = [vlx,vly] and vr = [vrx,vry] represent the directions
of the left and right rays, respectively. Thus, the vector c is
subsequently incorporated as a component of the observation
space in our reinforcement learning framework, representing
the reciprocal velocity obstacle area between the robot and
its neighboring robots or obstacles.

B. Observation Space and Action Space
The observation space of each agent at time t consists of its

own state and the observations of the m nearest surrounding
robots or obstacles, denoted as ot = [ot

self,o
t
sur, j] with j =

1, . . . ,m. Specifically, the vectors ot
self and ot

sur, j are defined
as follows: {

ot
self =

[
vt ,θ t ,vt

des,Rc
]
,

ot
sur, j =

[
ct

j,d
t
j,r

t
j

]
.

(4)

Here, ot
self represents the state of the robot itself, including

its current velocity vt , orientation θ t , desired velocity vt
des,

and virtual radius Rc for collision avoidance. Meanwhile,
ot

sur, j denotes the observation of the j-th closest neighbor,
including the reciprocal vector ct

j derived from the RVO
area, the relative distance dt

j between the robot and its j-
th neighbor, and the collision-risk indicator rt

j, defined as
follows:

rt
j =

1
tt

j +D
, (5)
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where D is a constant value and tt
j is the predicted time-

to-collision with the j-th neighbor. Note that dt
j and rt

j are
estimated from LiDAR measurements. Since sensor accuracy
diminishes with distance, the LiDAR detection range is
limited to rmax meters. The robot selects the m closest
robots or obstacles within this range, padding with zeros if
fewer than m objects are detected to maintain a consistent
observation-space dimension.

The action space is defined as the change in the robot’s ve-
locity within the plane, i.e., at = [∆vt

x,∆vt
y], representing the

velocity increments in the x and y directions. In addition, the
robot’s velocity is constrained within the range [vmin,vmax].
The relationship between the velocities at times t and t +1
is given by:

vt+1 = vt +µ ·at , (6)

where µ is a parameter controlling the range of the velocity
increment.

C. Neural Network Architecture

Fig. 1 outlines our network architecture. We use a BiGRU
module, consisting of two GRUs that process the inputs in
both forward and backward directions. At each step, the
exteroceptive measurements ot

sur, j (a series of vectors) are
first sorted in ascending order of rt

j and then in descending
order of the distance dt

j, and are fed into the BiGRU. Two
final hidden states, hfor and hback, are obtained from the
forward and backward GRUs, respectively. This output is
concatenated with the proprioceptive measurement ot

self to
form the integrated fixed-length observation ot . We then
apply layer normalization [29] to this fixed-length obser-
vation. The normalized output serves as the input to two
neural networks. The first is the policy actor πθ , which
consists of two hidden fully connected (FC) layers using
Tanh as the activation function. The final layer outputs a
two-dimensional vector representing the velocity increment.
The second network corresponds to the policy critic Vψ ,
which also consists of two hidden fully connected layers
using ReLU as the activation function. Its final layer outputs
a scalar value that evaluates each state-action pair.

D. Goal-Region Amplification

To enable the robots to actively avoid dynamic obstacles
in the environment while moving toward their goal positions,
we propose a goal-region amplification strategy to improve
the reward function. As illustrated in Fig. 3, we define the red
circular region, centered at the goal position pgoal = [pg

x , pg
y ]

with radius Rgoal , as the goal region. The goal region is then
expanded into a larger virtual goal region with a radius of
Mgoal , given by

Mgoal = K ·Rgoal , (7)

where K is an amplification coefficient. Next, we describe
how the amplified virtual goal region is used to generate
a triangular reward region Are = [pA,p1,p2] that guides the
robots toward their goal positions. Here, p1 and p2 are
auxiliary vertices defined with respect to the current robot

position pA = [pA
x , pA

y ]. Specifically, if |pA
x − pg

x | ≤ Mgoal and
pA

x ̸= pg
x , then

p1 = [pg
x , pg

y +Mgoal ], p2 = [pg
x , pg

y −Mgoal ]. (8)

Similarly, if |pA
y − pg

y | ≤ Mgoal and pA
y ̸= pg

y , then

p1 = [pg
x +Mgoal , pg

y ], p2 = [pg
x −Mgoal , pg

y ]. (9)

As illustrated in Fig. 3(a), when |pA
x − pg

x | ≤ Mgoal , the
green region corresponds to Are. In this case, if the robot’s
current velocity direction lies within Are, the angles θ1 and
θ2 are computed from pA, p1, p2, and the X-axis, and
are subsequently used to determine the reward value. The
computation under the condition |pA

y − pg
y | ≤ Mgoal is carried

out in a similar manner.
Furthermore, when the dynamic obstacle enters the reward

region Are, a purple penalty region Apen is generated, as
shown in Fig. 3(b). Specifically, Apen is defined by the
tangent lines from the robot’s current position to the dynamic
obstacle. The robot’s orientation θ t is then evaluated with
respect to Are and Apen to determine the corresponding reward
value. Whether θ t lies within Are or Apen is determined
by the parameter K . As K increases, the reward region
expands, allowing the robot to receive positive rewards
earlier. However, overly large values of K may lead to
unstable feedback due to uncertain obstacle motions, which
in turn can affect the accuracy and stability of the robot’s
decision-making. Therefore, we empirically set K = 4 in
our implementation to balance responsiveness and stability.

E. Reward Function

An essential challenge in reinforcement learning methods
is the design of an effective reward function that can guide
the agent to acquire the desired behaviors. In this work, we
propose a novel reward function to encourage the robot to
move safely and efficiently toward its goal while satisfying
the given velocity constraints. The proposed reward function
is composed of the following terms.

1) RVO Reward: The reward is given by

rt
rvo =


a1 −b ·dist

des if vt /∈ RVO or ξ > 5,
a2 − c1 · (ξ + f )−1 if vt ∈ RVO and ξ > 0.1,
−c2 · (ξ + f )−1 if ξ ≤ 0.1,

(10)
where dist

des =
∥∥vt −vt

des

∥∥ denotes the deviation between
the robot’s actual velocity vt at time t and the desired
velocity vt

des. The desired velocity vt
des is defined as [vmax ·

cos(α t), vmax ·sin(α t)] when no collision occurs, and as [0,0]
otherwise. α t is the angle between the vector pgoal −pt and
the positive X-axis. ξ is the anticipated shortest time until a
collision with another robot or an obstacle under the current
velocity. Parameters a1, a2, b, c1, c2, and f are adjustable
constants during training: a1 and a2 are baseline rewards that
encourage desirable behaviors (typically positive values), b
penalizes deviation from the desired velocity, while c1 and c2
weight the term (ξ + f )−1. Whether vt lies within the RVO
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Fig. 3. Geometric illustration of the proposed goal-region amplification in the reward function. (a) Scenario without any obstacles in the reward region.
(b) Scenario with obstacles entering the reward region, resulting in the generation of a penalty region.

area is evaluated using three vectors, vp, vl, and vr, with the
following expression:{

vt ∈ RVO := (vt −vp)×vl ≥ 0∧ (vt −vp)×vr ≤ 0,
vt /∈ RVO := (vt −vp)×vl < 0∨ (vt −vp)×vr > 0,

(11)
where ∧ and ∨ denote logical AND and OR, and × denotes
the vector product.

Taken together, rt
rvo drives the policy to prefer admissible

velocities that remain outside the RVO region whenever
possible, to track the desired velocity vt

des in collision-free
situations, and to promptly decelerate or reorient as the time-
to-collision ξ decreases. By coupling the distance-to-desired-
velocity term with an inverse time-to-collision penalty, this
reward provides a proactive safety margin around nearby
agents and obstacles, stabilizes behavior near the RVO
boundary, and reduces oscillations and near-collision dither-
ing.

2) Advance Planning: The reward is given by

rt
ap =


h · |θmax −θ t | if θ t ∈ Are and θ t /∈ Apen,

−h · |θmax −θ t | if θ t ∈ Apen,

0 otherwise,
(12)

where h is a constant coefficient, and θmax = max(|θ1|, |θ2|).
Note that θ1 and θ2 are obtained from our goal-region am-
plification strategy. rt

ap serves as the reward for encouraging
the robot to avoid obstacles in advance, thereby improving
the smoothness of the trajectory.

3) Reaching the Goal: The reward is given by

rt
g =

{
g if reach the goal,
0 otherwise,

(13)

where g is a constant positive reward that encourages robots
to reach the goal region.

4) Passive Collision Avoidance: The reward is given by

rt
c =

{
−g if collide with robots or obstacles,
0 otherwise,

(14)

where rt
c is the penalty for collisions with other robots or

obstacles, which discourages unsafe behaviors. Here, g is the

same constant as defined in Section IV-E.3, but used with a
negative sign to penalize collisions.

5) Overall Reward: Integrating the four reward compo-
nents described above, the overall reward function is defined
as:

rt
overall = rt

rvo + rt
ap + rt

g + rt
c. (15)

F. Training Process

In this paper, we utilize PPO [30] to iteratively train
and update the collision avoidance policy. This algorithm
consists of an actor network πθ with learning rate la and a
critic network Vψ with learning rate lv. Each robot makes
decisions based on its local observations to determine the
next action. Since all robots share identical capabilities, we
employ the same actor and critic networks for all agents,
thereby reducing the overall training cost.

We adopt a staged training strategy [31]. In the first stage
(e1 epochs), training is conducted in a circular environment
of size 10 m × 10 m containing n1 robots, without additional
obstacles; the robots are treated as moving obstacles to each
other. Only the rewards rt

rvo, rt
g, and rt

c are applied to ensure
that robots learn to avoid collisions and establish connections
to the goal region. In the second stage (e2 epochs), n3
dynamic obstacles are introduced, and the policy continues
to be trained with n2 robots in the same environment. The
goal region is amplified, and the reward rt

ap is incorporated to
guide the robots in predicting obstacle motion and anticipat-
ing potential factors that may affect navigation. This design
improves both the collision avoidance success rate and the
quality of the resulting trajectories.

V. EXPERIMENT RESULTS

In this section, we compare the proposed method with
several state-of-the-art approaches in simulations across dif-
ferent scenarios and swarm sizes. Furthermore, we also
conduct real-world experiments to validate the effectiveness
and generalizability of the proposed method.

A. Training Details and Setup

We use a fleet of robots, each with a radius of 0.2 m,
to train collision-avoidance strategies in a 10m×10m envi-
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ronment, with a maximum robot speed of 1.5 m/s. Notably,
each robot independently performs localization and naviga-
tion while operating without any communication with other
robots. Furthermore, the radius of dynamic obstacles is set
to 0.1 m, with a maximum speed of 0.3 m/s. The robots’
navigation policy is trained in simulation and implemented
using PyTorch (Python 3.8). Specifically, in a circular sce-
nario, each robot is uniformly placed on a circle, and its goal
position is set directly opposite its starting point. In addition,
the hyperparameters used during training are listed in Table I;
these were selected based on preliminary tests and optimized
to ensure stable and efficient training. Training is performed
on an NVIDIA RTX 3090 GPU and requires approximately 8
hours to complete. Moreover, the performance of all methods
is evaluated using the following four metrics:

• Success Rate: The fraction of trials (out of 100 inde-
pendent trials under the same conditions) in which all
robots successfully reach their goal positions.

• Average Speed: The average speed of all robots over the
successful trials in 100 independent experiments.

• Average Travel Distance: The average distance traveled
by all robots over the successful trials in 100 indepen-
dent experiments.

• Average Computation Time: The average computation
time per iteration for generating the next-step velocity
commands in 100 independent experiments.

TABLE I
THE HYPERPARAMETERS OF THE TRAINING PROCESS

Para. Val. Para. Val. Para. Val. Para. Val.
a1 0.3 b 1.0 a2 0.3 c1 1.2
c2 3.0 f 0.2 g 6.0 h 0.9
D 0.2 la 2e-7 e1 1000 K 4
Rc 0.3 lv 5e-6 e2 2000 µ 1.0

Rgoal 0.2 rmax 4 vmin -1.5 vmax 1.5
m 5 n1 4 n2 10 n3 5

These settings form the basis for the extensive experiments
presented in the next subsection, which are used to evaluate
the effectiveness of the proposed method in both simulation
(including comparisons with state-of-the-art approaches) and
real-world environments.

B. Simulation Results

In the simulations, we first compare the proposed method
with four baseline approaches—RL-RVO [12], PCA [11],
ORCA [22], and RVO [21]—across different circular sce-
narios and swarm sizes to evaluate its performance. Note
that all dynamic obstacles move randomly in an omnidirec-
tional manner. For each condition, 100 independent trials
are conducted to collect statistics for the evaluation metrics.
The results are reported in Table II, where Nr and No
denote the number of robots and obstacles, respectively.
Moreover, Fig. 4 shows the trajectories of all robots for four
representative circular scenarios generated by our method. As
shown, our method enables all robots to successfully reach
their goal positions across different swarm sizes and dense
obstacle environments.

(a) Nr 10 and No 5 (b) Nr 10 and No 10

(c) Nr 10 and No 20 (d) Nr 20 and No 20

Fig. 4. Trajectories generated by our SwarmNav in four representative
scenarios, where all robots successfully reach their goal positions.

From Table II, it can be observed that, compared with
the other four baseline methods, our SwarmNav achieves
the highest success rate in almost all scenarios. In contrast,
the success rates of the four baseline methods vary across
different scenarios. The only exception occurs in the absence
of dynamic obstacles, where symmetry favors PCA’s diver-
sion strategy; even in this case, SwarmNav still achieves
the second-highest success rate and maintains consistently
strong performance overall. It should also be noted that
the success rates of ORCA and RVO drop to zero in the
absence of dynamic obstacles due to deadlocks occurring
under symmetrical conditions. In terms of average speed
and average travel distance, PCA and RL-RVO achieve the
best performance in almost all scenarios. This is because
these methods do not account for the uncertain motion of
dynamic obstacles and thus adopt more aggressive velocities.
In contrast, our SwarmNav considers these uncertainties
and therefore tends to adopt slightly more cautious speeds
toward the goal positions. By comparison, ensuring that all
robots safely reach their respective goal positions is the most
important metric in swarm robotics navigation. Regarding the
average computation time, Table II shows that our proposed
method achieves the shortest value in this metric, except
for one case, and is followed by RL-RVO. This indicates
that reinforcement learning-based approaches significantly
outperform traditional methods such as PCA and RVO in
computation time for collision avoidance and navigation in
robot swarms. In summary, under circular scenarios with
dynamic obstacles exhibiting motion uncertainty, the pro-
posed SwarmNav consistently achieves superior performance
compared with the four baseline methods, particularly in
terms of success rate and computational efficiency. These
results demonstrate the effectiveness and robustness of the
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TABLE II
COMPARISON OF SEVERAL METRICS OVER DIFFERENT EXPERIMENT SETTINGS.

Environments Success Rate Average Speed (m/s) Average Travel Distance (m) Average Computation Time (ms)

Map (m2) Nr / No RL-RVO PCA ORCA RVO Ours RL-RVO PCA ORCA RVO Ours RL-RVO PCA ORCA RVO Ours RL-RVO PCA ORCA RVO Ours

5 × 5 5 / 0 1.00 1.00 0.00 1.00 1.00 1.04 1.26 - 1.19 1.05 5.62 5.57 - 5.46 5.82 0.09 14.34 - 13.92 0.07
5 × 5 10 / 0 0.85 1.00 0.00 0.00 0.99 0.84 1.17 - - 0.73 6.23 5.84 - - 7.03 0.17 20.34 - - 0.17
5 × 5 10 / 2 0.85 0.63 0.83 0.76 0.96 0.84 1.00 0.36 0.98 0.78 6.43 9.81 7.26 8.56 7.43 0.17 23.36 0.62 22.66 0.19

10 × 10 10 / 0 1.00 1.00 0.00 0.00 1.00 1.01 1.31 - - 1.18 10.85 10.49 - - 11.23 0.20 19.67 - - 0.18
10 × 10 10 / 5 0.74 0.91 0.71 0.77 0.96 0.98 1.23 0.85 1.17 1.11 11.50 12.82 14.27 12.86 12.02 0.20 26.10 0.51 25.67 0.18
10 × 10 10 / 10 0.54 0.66 0.41 0.69 0.87 0.94 1.16 0.76 1.14 1.13 12.34 13.39 17.27 13.61 12.34 0.20 29.98 0.69 29.56 0.18
10 × 10 20 / 5 0.44 0.28 0.33 0.20 0.93 0.84 1.12 0.70 1.04 0.92 12.34 18.20 20.38 19.64 14.05 0.42 29.41 0.83 30.06 0.36
20 × 20 20 / 0 0.82 1.00 0.00 1.00 0.95 0.96 1.35 - 1.24 1.22 21.65 25.87 - 25.94 22.68 0.36 20.31 - 21.49 0.35
20 × 20 20 / 5 0.63 0.76 0.83 0.24 0.87 0.99 1.32 0.83 1.21 1.18 22.09 24.24 25.44 25.35 22.90 0.38 33.21 0.39 34.90 0.35
20 × 20 20 / 10 0.52 0.68 0.72 0.31 0.73 0.99 1.28 0.83 1.20 1.18 22.53 25.02 27.43 27.62 23.67 0.38 40.07 0.44 38.92 0.38
20 × 20 20 / 20 0.22 0.00 0.00 0.00 0.52 1.01 - - - 1.18 25.02 - - - 25.15 0.41 - - - 0.41
20 × 20 30 / 10 0.16 0.48 0.49 0.13 0.53 0.98 1.25 0.82 1.15 1.18 25.09 26.84 31.38 29.26 26.18 0.53 41.21 0.54 41.90 0.48
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Fig. 5. Real-world experiment results. (a) Random scenario with four static obstacles. (b) Corridor scenario with four static obstacles. (c) Circular scenario
with four static obstacles. (d) Circular scenario with two pedestrians. (e) Linear velocity variations in the circular scenario with two pedestrians. (f) Angular
velocity variations in the circular scenario with two pedestrians.

proposed method.
We further test large-scale robot swarm navigation in

circular scenarios. As shown in Table III, when the swarm
size reaches 60, RL-RVO succeeds only 7 times out of 100
trials, whereas our method still maintains 58 successful trials.
This demonstrates that our SwarmNav possesses superior
generalization capability.

TABLE III
LARGE-SCALE ROBOT SWARM NAVIGATION

Robot Number Methods Success Rate Average Speed (m/s)

40
RL-RVO 0.25 1.05

Ours 0.74 1.24

60
RL-RVO 0.07 1.03

Ours 0.58 1.26

C. Real-world Experiments

In the real-world experiments, we aim to further validate
the generalization capability of our SwarmNav from simu-
lation to reality. Specifically, we use four Ackermann-model
vehicles for testing, each with dimensions of 0.3m×0.2m,
with a maximum linear velocity of 0.6m/s, a maximum

angular velocity of 1.1rad/s, and a maximum acceleration
of 0.5m/s2. Each vehicle is equipped with a Jetson Nano
computing platform running Ubuntu 18.04 with ROS Noetic.
In addition, each vehicle is equipped with a Mid-360 LiDAR
to provide environmental perception data and 10Hz global
localization information obtained using the Point-LIO algo-
rithm [32].

The real-world experiments are conducted in a 5m×5m
environment, considering four challenging scenarios: a ran-
dom scenario with static obstacles, a corridor scenario with
static obstacles, a circular scenario with static obstacles, and
a circular scenario with dynamic obstacles. Note that we
simulate dynamic obstacles using pedestrians moving at a
constant speed of 0.3m/s. Finally, the experimental results
for the four scenarios are shown in Fig. 5, where Fig. 5(a)–(d)
depict the motion trajectories of the veicles and pedestrians in
the four scenarios, and Fig. 5(e) and (f) show the variations
of the linear and angular velocities of each vehicle in the
circular scenario with dynamic obstacles. As shown in Fig. 5,
although our method is trained in a simulation environment
and deployed across four real-world scenarios, it is still
able to ensure that all robots safely reach their respective
destinations. This demonstrates the excellent generalization
and robustness of the proposed method. In particular, in the
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circular scenario with dynamic obstacles, Fig. 5(e) and (f)
show that Robots 0 and 3 exhibit noticeable fluctuations
in their linear and angular velocities. These fluctuations
occur between 3 and 4 seconds after departing toward
their destinations, which corresponds to the moment they
encounter pedestrians, indicating that each robot proactively
adjusts its speed to avoid pedestrians. Overall, the real-world
experiments further validate the generalization capability of
our SwarmNav and demonstrate its robustness in real-world
conditions.

VI. CONCLUSION

In this paper, we propose a novel swarm robot navigation
method that enables each individual robot to reach its target
position quickly and safely in dense and dynamic obstacle
environments. We train the collision-avoidance strategy of
each robot through a hierarchical reinforcement learning
framework, allowing them to handle dynamic obstacles with
motion uncertainty. Within this framework, we introduce
a novel goal-region amplification strategy and incorporate
the RVO formulation into the reward function design. Ex-
tensive simulations and real-world experiments demonstrate
the effectiveness and strong generalization capability of our
SwarmNav. In future work, we plan to explore more complex
dynamic scenarios with obstacles of varied shapes.
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