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Abstract— Navigating robots through dynamic multi-robot
environments, avoiding collisions with both other robots and
obstacles, has emerged as a central challenge in robotics. The
existing approaches fall short in allowing the policy network to
effectively capture spatial-temporal reciprocal collision avoid-
ance in multi-robot environments, comprising both static and
dynamic obstacles, resulting in inadequate safety and efficiency
in directing robot movement. In this study, we introduce a
novel policy neural network called Spatial-Temporal RetNet
(STR), designed to encode reciprocal collision avoidance states
between robots in spatial and temporal dimensions. The goal
is to improve the safety and efficacy of the policy neural
network in directing robots to complete assigned tasks. The
spatial state encoder module is built upon a parallel RetNet
structure, which strengthens the neural network’s capacity in
extracting reciprocal collision avoidance states between robots
in spatial dimensions. This module addresses the limitations of
position encoding in transformer-based multi-robot navigation
policy neural networks. We design a temporal state encoder
utilizing a recurrent RetNet structure. This innovation bolsters
the multi-robot navigation policy neural network’s capability
to capture features in the temporal dimension of multi-robot
movements. It addresses the limitations of transformer-based
multi-robot navigation policy neural networks, particularly in
recurrently inferring information across time dimensions. Sim-
ulation experiments were conducted to showcase the superior
safety and effectiveness of our proposed method compared
to previous state-of-the-art approaches in guiding robots to
accomplish tasks.

[. INTRODUCTION

Multi-robot collision avoidance has garnered attention
from researchers in recent years due to its broad applica-
bility in various scenarios, including autonomous driving,
intelligent warehouse robotics, and crowd simulation [1]—
[3]. At its core, the robot avoids collisions in environments
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with multiple robots, including both static and dynamic
obstacles [3]-[6]. Current multi-robot navigation methods
are typically categorized into centralized and decentralized
approaches, depending on their reliance on a central server
for coordination and decision-making [5]. In a centralized
approach, a central server is utilized to coordinate the
movement of each robot, leveraging information gathered
from all robots to plan their trajectories. In this approach,
the robot’s path is initially planned without considering
collisions. Subsequently, a scheduling scheme is employed
to address potential collision instances at conflict locations,
ensuring collision avoidance during navigation [7]. However,
the growing number of robots escalates computational de-
mands, resulting in increased resource requirements, longer
computation times, and delays in the exchange of control
signals between each robot and the central server.

In a decentralized framework, each robot within a multi-
robot system can autonomously plan collision-free paths and
execute tasks independently, relying on the environmental in-
formation it perceives [8]-[14]. While these methods address
the limitations of centralized approaches, they encounter
the challenge of being unable to determine optimal speeds
under limited sensing information conditions. This involves
ensuring safe and effective collision avoidance with both
dynamic and static obstacles, as well as preventing collisions
with other robots.

In recent years, machine learning methods have played
a crucial role in improving the safety and effectiveness of
policies guiding robots within decentralized frameworks as
they complete specified tasks [14]-[21]. A decentralized
multi-agent collision avoidance deep reinforcement learning
algorithm (CADRL), as described in [1], was developed. This
algorithm employs a value network to generate collision-free
velocity vectors by considering the positions and velocities
of the robot itself and surrounding robots. In GA3C-CADRL
(GPU/CPU asynchronous advantage actor-critic CADRL) as
presented in [8], the introduction of the long short-term
memory (LSTM) structure, as outlined in [22], empowers
the policy neural network to effectively encode the positions
and velocities of an arbitrary number of surrounding robots.
The policy neural network utilizes an attentive pooling
mechanism as proposed in SARL [9], which indirectly
enhances the robot’s anticipation capability by extracting
the relative importance of surrounding neighboring robots.
In RL-RVO (reinforcement learning - RVO) as described in
[4], the reciprocal velocity obstacle (RVO) and reinforcement
learning methods are integrated to enable the policy to
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guide the robot in avoiding collisions with other robots and
obstacles, even in situations with limited information. Simul-
taneously, RL-RVO incorporates bidirectional gated recurrent
units (BiGRUs) into the policy neural network, providing
the capability to map sequential inputs and corresponding
action outputs. These methods solely focus on the spatial
dimension of interaction among robots, which results in
insufficient safety and effectiveness of policies to guide
robots to complete tasks, as they overlook the interaction
among robots along the temporal dimension [10]. The ST
(Spatial-Temporal State Transformer) was devised utilizing
the Transformer network architecture, consisting of both a
global spatial state encoder and a temporal state encoder, as
detailed in [10]. It concurrently considers environmental fea-
tures across both temporal and spatial dimensions. However,
the ST? policy neural network exhibits weak position encod-
ing capability for spatial environmental state data and fails
to consider reciprocal collision avoidance between robots.
The task of the policy network to capture a spatial-temporal
representation of reciprocal collision avoidance in intricate
and dynamic multi-robot environments remains an challenge.

To overcome the above challenges, we introduce a
novel Spatial-Temporal RetNet (STR) designed to capture
the spatial-temporal state of reciprocal collision avoidance
among robots in dynamic multi-robot environments, even
in situations with limited information. The proximal policy
optimization (PPO) algorithm is employed to train a policy
neural network, empowering it to guide robots through a
multi-robot environment featuring both static and dynamic
obstacles. Our main contributions can be summarized as
follows:

(1) We introduce a novel Spatial-Temporal RetNet (STR)
aimed at encoding reciprocal collision avoidance states be-
tween robots in both spatial and temporal dimensions. This
approach utilizes reinforcement learning to acquire the navi-
gation policy, resulting in enhanced safety and effectiveness
of multi-robot navigation in complex environments.

(2) The parallel RetNet architecture is proposed to develop
a spatial state encoder, augmenting the neural network’s
capacity for extracting reciprocal collision avoidance states
among robots within spatial dimensions. This approach
addresses the limitations of transformer-based multi-robot
navigation policy neural networks in position encoding.

(3) The recurrent RetNet structure is employed to design a
temporal state encoder, enhancing the multi-robot navigation
policy neural network’s ability to encode features in the
temporal dimension of multi-robot movements. It overcomes
the transformer-based multi-robot navigation policy neural
network’s inability to recurrently infer information in the
time dimension.

(4) The simulation results demonstrate that our method
outperforms state-of-the-art approaches in terms of both
effectiveness and safety in guiding robots to complete tasks.

II. PRELIMINARIES

The issue of enabling robots to avoid collisions with
other robots, dynamic obstacles, and static obstacles in a

multi-robot environment can be framed as a constraint prob-
lem, effectively addressed using deep reinforcement learning
(DRL). The typical DRL framework comprises four key
elements: the state space of the agent, the reward function
design, the policy neural network design, and the agent’s
action space. This framework aims to train the policy neural
network to guide the agent in avoiding collisions and suc-
cessfully completing tasks. The details of the state space of
robots, the reward function design, and the action space of
robots within the multi-robot collision avoidance reinforce-
ment learning framework are elaborated in this section. At
time t, the spatial state o, of reciprocal collision avoidance
between the robot and surrounding neighbor robots includes
the state of!f of the robot itself and the state of"" of neigh-
boring robots, mathematically expressed as o; = (0{°'f, of'").
For the temporal dimension, three consecutive moments, ,
t — 1, and t — 2, of reciprocal collision avoidance spatial
states are considered. Consequently, the spatial-temporal
reciprocal collision avoidance state O, is mathematically
expressed as O; = [0, 0;—1, 0;—2]. The robot’s own state
includes its current velocity, direction, desired velocity, and
safety radius. The spatial state of the ¢-th robot at time
t is mathematically represented as 0¥ = [vi;, 01, VIS,
R;.]. The reciprocal collision avoidance state encompasses
the interaction between the robot and surrounding neighbor
robots, including relative distance information and the time
to collision at the current velocity. The relative distance
between the center positions of the i-th and j-th robots
at time ¢ is mathematically represented as d;;;. Similarly,
the required time duration for the i-th and j-th robots to
collide at their current velocities at time ¢ is expressed as
teij. However, if these two robots will never collide at their
current velocities, .;; becomes infinite. Since infinity cannot
be computed, in reference [4], t.;; is replaced with the
reciprocal of t.;; plus a constant C. This approach is adopted
in this work, and during experimentation, the constant C' is
set to 0.2. It is mathematically expressed as follows,

Teij = 1/ (teij + C) . (D

The RVO method is employed to determine the reciprocal
collision avoidance state between robots, highlighting the
mutual interaction involved. The reciprocal vector between
the i-th and j-th robots is denoted as c;;. This reciprocal
vector ¢, which comprises six elements derived from the
three components v,, vl, and vr, can be mathematically
defined as ¢ = [v), vl, vr]. The calculation of v, vl, and
vr is depicted in Fig. 1. The spatial reciprocal collision
avoidance states surrounding the ¢-th robot are represented as
oy = [Cij, dij, Teij], where j = 0,1,...,m, and m denotes
the number of nearby robots and obstacles.

The robot’s velocity in the plane at time ¢ is denoted as
v¢. This velocity is constrained within the range defined by
the maximum velocity v, and the minimum velocity Vi,
represented as [Vipin, Vimax]. The output of the policy neural
network, which determines the agent’s actions within the
reinforcement learning framework, is defined as the velocity
adjustment a, expressed as a = [Av,, Av,]|. Consequently,
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vr = [ury, vry ]
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Fig. 1: The diagram illustrates the reciprocal velocity obstacles for both static line obstacles and dynamic agents.

the velocity v, at time ¢ + 1 is computed as the current
velocity vy plus the adjustment a;, formulated as vy, =
vy + p - a;. The reward function’s design is a crucial
aspect of the reinforcement learning framework, aimed at
encouraging the robot to efficiently complete tasks while
avoiding collisions with other robots, static obstacles, and
dynamic obstacles. The reward function utilized in reference
[4] is employed in this work, thus describing the reward value
at time ¢ as follows,

—ex(E+ )7
rt={e—dx(E+ )7
a—bxdest

if € <0.1
if vi €rvoand £ > 0.1 (2)
if vi ¢ rvoor £ > 5

where ¢ denotes the minimum time at which a collision
will occur between the robot and its neighboring robots,
given their current velocities. At time ¢, the discrepancy
between the agent’s current velocity and its desired velocity
is mathematically expressed as des!. In our experimental
setup, the constants a, b, ¢, d, e, and f are assigned the
values 0.3, 1.0, 0.3, 1.2, and 0.2, respectively. The criteria
for determining whether the velocity v, lies within the region
rvo is defined as follows:

vy ¢ rvo:= (v —v,) X vI< 0V (v —v,) xvr >0
{ vy €rvo:i= (v —Vy) X VI > 0A (v —v,) x vr <0

3)

where V represents the logical OR operation, A signifies log-
ical AND, and x denotes the vector product. The definitions
and computations of the vectors v,,, vl, and vr are depicted
in fig.1.

III. SPATIAL-TEMPORAL RETNET

In this section, we present a novel Spatial-Temporal
RetNet developed in this study. This network is designed
to map environmental states perceived by robots and the

corresponding actions they undertake. By training the net-
work parameters using the reinforcement learning framework
detailed in Section II, the RetNet enables robots to effectively
avoid collisions with nearby robots, dynamic obstacles, and
static obstacles.

As illustrated in Fig. 2, the Spatial-Temporal RetNet
comprises the spatial state encoder module, the temporal
state encoder module, and a fully connected neural network.
At time steps t, t — 1, and ¢t — 2, the environmental states
perceived by the robot are encoded by the spatial state
encoder module. In this work, the spatial state encoder
module processes data from these three time steps using
consistent network parameters and structure. These encoded
states are subsequently input into the temporal state encoder
module, yielding a spatial-temporal state. A two-layer fully
connected network is employed to map the mean Ve
and the features ST'Spy, derived from applying Layer
Normalization to the spatial-temporal state. Similarly, an
additional two-layer fully connected neural network serves
as the critic network, where ST'Sp v is processed to obtain
Vi;(0). The action executed by each robot is sampled from
a Gaussian distribution defined by the mean vy and log
standard deviation vieg sq- Detailed descriptions of the spatial
state encoder module and the temporal state encoder module
can be found in Subsections III-A and III-B, respectively.

A. Spatial State Encoder Module

The spatial state encoder module is designed to capture
the spatial characteristics of reciprocal velocity obstacle
sequences by integrating a Bidirectional Gated Recurrent
Unit (BiGRU) with a parallel Residual Network (RetNet)
architecture. The fundamental component of the BiGRU is
the GRU cell, which serves to encode sequences of varying
lengths, corresponding to different numbers of neighboring
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Fig. 2: Overview of the Spatial-Temporal RetNet architecture. The architecture comprises a spatial state encoder module, a
temporal state encoder module, and a fully connected neural network. The notation CAT refers to the concatenation operation,
LN stands for Layer Normalization, and GN denotes Group Normalization.

robots. The calculation of GRU is as follows,
2t =0 (Wz [htfly xt])
=0 (Wr [htflamt])
ilt = tanh (W [7"t ® htfl, Z't])
he=(1—2)®hi_1 + 2 ® hy,

“4)

where W,, W, and W represent the learnable parameters
of the network. The symbol © signifies the Hadamard
Product, which entails the element-wise multiplication of
corresponding entries in matrices. The activation function,
denoted by o, is implemented as a sigmoid function in this
study. The Bidirectional Gated Recurrent Unit (BiGRU) is
constructed with two independent GRU units: one processes
the sequence in the forward direction, while the other pro-
cesses it in the reverse direction. The calculations for the
forward and backward passes are as follows:

By — GRU (ﬁxt)

i = GRU (?let) , )

where Ez and E denote the outcomes of the forward and
backward computations, respectively. Upon encoding the
neighboring states of"" using a BiGRU, the resultant outputs
are designated as hyfor and hpecr. The combined effect of
hyor and hpger yields hq,, as illustrated by the following
equation:

hfora hback = BZGRU(O?“T),

6
o = hfor + Nback- ©

The encoding of h,, via the parallel RetNet results in the
extraction of spatial features from the surrounding neighbor
states, as illustrated in Fig. 2. The computation process of
the parallel RetNet is detailed as follows:

Q=(XWu) 00, K=(XWg)e6, V=XWy,
. >
0, = 61807 Dg,q= 7 , s2d
0, s<d
Retention(X) = GN ((QKT © D) V),

s—d

)
where Wq, Wi, and Wy denote trainable network param-
eters, while Osignifies the complex conjugate of ©. The
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term G'N refers to Group Normalization. The matrix D €
RI#I¥Il is constructed by integrating exponential decay over
relative distances with causal masking. Ultimately, the spatial
dimension of the environmental state features is formed by
concatenating the spatial features of the surrounding neigh-
bor states with the robot’s own state o] lf as mathematically
represented below:

SSE (o;) = LN (Concat (Retention(hm),ofelf)> , ®

where Concat denotes the concatenation operation, while
LN stands for Layer Normalization.

B. Temporal State Encoder Module

The temporal state encoder module employs three re-
current RetNet modules to effectively capture the temporal
characteristics of environmental states. The computational
process is as follows:

St—2,0t—2 =TSEy(SSE (0t—2),S0)
Si—1,04_1 =TSE, (SSE (Otfl) ,Stfz) &)
Ot = TSEQ (SSE (Ot) ,Stfl)

where SSE denotes the spatial state encoder module. The
components T'SEy, TSE,, and T'SE, correspond to seg-
ments of the temporal state encoder module responsible for
encoding spatial states at time steps ¢t — 2, t — 1, and ¢,
respectively. The computation of the initial segment T'S Ej
of the temporal state encoder module is conducted as follows:

Si—o =780+ K, _3Vn2

10
Ot—2 =GN (Qn—-25:—2) . (10

The computation method for @, K, and V follows the ap-
proach outlined in equation 7, with v denoting a scalar value.
Initially, all entries in Sy are set to zero. The procedures for
calculating T'SE; and T'SE5 are detailed as follows:

Si1 =St o+ K, _Vy_q,

(11
Oi—1 =GN (Qn-15t-1) ,

Or =GN (Qn (vSt-1 + K, V1)) (12)

where 7y is defined as in Equation 10. Similarly, the compu-
tation methods for @), K, and V follow the same procedures
outlined in Equation 7. The spatial-temporal state is formed
by concatenating Oy, O;_1, and O;_5. The detailed calcula-
tion process is as follows:

STS; = Concat (O, O—1,0¢—2) , (13)

where ST'S; represents the robot’s spatio-temporal state at
time .

IV. EXPERIMENTS AND RESULTS

In this section, we begin with a comprehensive overview
of the simulation experiment setup and the evaluation metrics
employed. Following this, we present a comparative analy-
sis between our proposed policy and other state-of-the-art
methods to assess its efficacy.
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A. Simulation setup

The simulation environment from RL-RVO [4], which is
based on OpenAl Gym, is employed in this study. Training
and testing of the policy neural network are conducted using
two scenarios: the circle scenario and the random scenario.
The proximal policy optimization (PPO) algorithm [23] is
used to update the parameters of the policy neural network
during the training process.In the random scenario, initial
and target positions for all robots are generated randomly
within a 5x5 meter area. Conversely, in the circle scenario,
robots are evenly distributed along a circular path with
a radius of 4.5 meters, with target positions set as the

TABLE 1. The results of the ablation studies conducted
within the Circle scenario.

Model Success Rate Travel Time Average Speed
/std (m/s) / std
Ours 0.99 100.72/4.67 0.90/0.03
STRT4 R 0.97 113.36/8.27 0.81/0.05
STRp4T 0.98 104.12/7.37 0.86/0.05
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(a) Ours (b) SARL

(c) GA3C-CADRL

(d) NH-ORCA

Fig. 5: The trajectory plots of 10 robots being guided by our policy, SARL, GA3C-CADRL, and NH-ORCA in the circle

scenario.

TABLE II: The results of the ablation studies conducted
within the random scenario

Model Success Rate Travel Time Average Speed
/std (m/s) / std
Ours 0.99 85.57/13.28 0.65/0.07
STR7T4 R 0.98 94.18/8.27 0.59/0.13
STRp4+T 0.97 94.39/19.25 0.57/0.10
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Fig. 6: The trajectory plots and iteration steps of 12 and 14
robots guided by our policy in the circle scenario.
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Fig. 7: The trajectory plots and iteration steps of 12 and 14
robots guided by RL-RVO in the circle scenario.

center-symmetric points relative to their starting positions.We
evaluate the policy’s safety and effectiveness in guiding robot
motion using metrics such as success rate, travel time, and
average speed. A task is considered successful if the robots
complete it without collisions under policy guidance. We
conduct 100 test trials, defining the success rate as the
ratio of successful attempts to total attempts. Travel time is
measured as the iteration step at which all robots reach their
respective targets. Average speed is calculated as the mean
velocity of all robots during their movement.A total of 10
test scenarios are set up, including both circle and random
scenarios, with configurations involving 6, 10, 14, 16, and
20 robots, respectively.

The policy neural network initially undergoes supervised
learning to calibrate certain parameters prior to further re-
finement through reinforcement learning. In the reinforce-
ment learning phase, an interactive scenario is established,
featuring a circular environment with 10 robots. The network
parameters are updated using the Adam optimizer [24],
with the policy learning rate set at 4e-6 and the value
function learning rate at Se-5. Simulations and training were
conducted on a system equipped with an Intel i7-9700K CPU
and an Nvidia Titan XP GPU.

B. Simulation results

We compare the proposed method with RL-RVO [4],
SARL [9], GA3C-CADRL [8], and NH-ORCA [25] in terms
of safety and effectiveness in guiding robots to accomplish
designated tasks. The success rates for different methods
in circular and random scenarios, with varying numbers of
robots, are depicted in Fig. 3 and Fig. 4, respectively. The
data clearly demonstrate that as the number of robots per
unit area increases, the success rate for task completion
diminishes. This trend highlights the increased likelihood of
collisions with a higher robot density. Our method exhibits
a superior success rate compared to the other four methods,
underscoring its enhanced safety in robot navigation.

As illustrated in Fig. 5, our proposed policy, SARL [9],
GA3C-CADRL [8], and NH-ORCA [25] successfully guide
the trajectories of robots in a circular formation with 10
robots. Figs. 6 and 7 respectively show the paths and iteration
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Fig. 9: The trajectory plots of 10 robots being guided by our
policy in environments containing varying numbers of static
obstacles.

steps of our policy compared to the state-of-the-art RL-
RVO method, guiding robot motion in circular scenarios
with 12 and 14 robots. Figs. 5, 6, and 7 indicate that our
policy provides superior guidance for robot motion relative
to the other advanced methods. To evaluate the efficiency of
robot task completion, we employed travel time and average
speed as metrics. The experimental results in both circular
and random scenarios with varying numbers of robots are
depicted in Fig. 8. Specifically, Fig. 8(a) and Fig. 8(e) show
that the average travel time for task completion under our
policy is shorter than that of the other four methods, demon-
strating improved effectiveness. Furthermore, Fig. 8(b) and
Fig. 8(f) reveal a lower variance in travel time, indicating
greater stability of our policy. The average speeds of robot
motion, as guided by our policy and the other four methods,
in circular and random scenarios are presented in Fig. 8(c)

and Fig. 8(g), respectively. Our policy achieves a higher
average speed compared to the RL-RVO method, as shown in
these figures. Additionally, the low variance in average speed,
illustrated in Figs. 8(d) and 8(h), suggests that the stability
of our policy is on par with the other methods. GA3C-
CADRL and SARL do not adequately represent reciprocal
interaction information among robots. RL-RVO employs a
BiGRUs module to represent the spatial states of robots, re-
sulting in insufficient representational capacity of the policy
network. Moreover, these three methods consider only spatial
information, neglecting the temporal characteristics inherent
in robot motion.

The ablation experiments aim to determine whether the
spatial-temporal RetNet addresses the limitations observed
in the transformer-based multi-robot navigation policy neural
network. To this end, we developed STR p 1 by integrating
a transformer block into the spatial state encoder, replacing
the parallel RetNet. Similarly, STRp p was created by sub-
stituting a transformer block for the recurrent RetNet in the
temporal state encoder module. Both STRp 7 and STR7 g
policy networks were trained using the same scenarios and
methodologies as the spatial-temporal RetNet.We assessed
the performance of STRp,r, STRr g, and the spatial-
temporal RetNet in circle scenarios and random scenarios,
each involving 13 robots. The results, detailed in Tables
I and II, encompass success rate, travel time, and average
speed metrics for both scenarios. The spatial-temporal Ret-
Net consistently outperformed STRr, r in terms of success
rate, travel time, and average speed, demonstrating that the
spatial state encoder enhances the ability to guide robots
more effectively than the transformer-based policy neural
network, primarily by improving position encoding capa-
bilities. Additionally, STRp7 was outperformed by the
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spatial-temporal RetNet, indicating that the temporal state
encoder significantly enhances the safety and efficiency of
robot navigation by improving the recurrent processing of
temporal information. The efficacy of our policy was further
evaluated in simulated environments with both static and
dynamic obstacles. As illustrated in Fig. 9, the trajectories of
10 robots navigating through scenarios with varying numbers
of static obstacles showcase the robustness of our policy.

V. CONCLUSION

In this study, we introduce the Spatial-Temporal RetNet
(STR), aimed at guiding multiple robots through environ-
ments featuring static and dynamic obstacles. The goal is
to navigate these robots, ensuring collision avoidance and
successful completion of navigation tasks, achieved through
reinforcement learning training. We employ the parallel Ret-
Net structure to develop a spatial state encoder, augmenting
the neural network’s capability in multi-robot navigation
policies to extract reciprocal collision avoidance states be-
tween robots in spatial dimensions. To improve the multi-
robot navigation policy neural network’s capacity to encode
features in the temporal dimension of multi-robot move-
ments, we introduce the recurrent RetNet structure to de-
sign a temporal state encoder. Simulation experiment results
demonstrate that the Spatial-Temporal RetNet enhances the
safety and effectiveness of multi-robot navigation policies in
guiding robots through multi-robot environments, surpassing
the state-of-the-art method RL-RVO. Ablation experiments
reveal that the spatial state encoder enhances task completion
performance compared to the transformer-based multi-robot
navigation policy neural network by strengthening position
encoding capability. Additionally, the temporal state encoder
improves the safety and effectiveness of robot motion by
enhancing recurrent inference of information in the time
dimension. In future research, our focus will be on exploring
how robots can navigate efficiently in denser and more
intricate environments, prioritizing safe motion.
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