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Abstract—Deep reinforcement learning (DRL) frameworks
have shown their remarkable effectiveness in learning navigation
policy for the mobile robot navigating in a human crowded
environment. Moreover, attention mechanisms coupled with DRL
allows the robot to identify neighbors with different level of influ-
ence and incorporate them into the robot’s decision. However,
as the crowd density increases, attention mechanisms may fail
to identify critical neighbors which can lead to significant drops
in navigation efficiency. In this work, we aim to address this
limitation by encoding both human-human and human-robot
interaction using a special class of Graph Convolutional Networks
(GCN) known as Message-Passing GCN (MP-GCN). In con-
trast to existing methods, where attention between robot and
humans are encoded uniformly, the proposed approach named
MP-GatedGCN-RL encodes asymmetric interactions using the
combination of novel message-passing function and edge-wise
gating mechanisms. We evaluate our approach on the simu-
lated environments of ETH/UCY pedestrians datasets consisting
of different scenarios like collision avoidance, group forming,
diverging, crossing, and so on. Experimental results demonstrate
that our proposed method outperforms the conventional bench-
mark dynamic avoidance method ORCA with a 20.6 % increase in
success rate and a 9.1% reduction in navigation time. Moreover,
we also achieve a 5.5% enhancement in success rate compared to
other state-of-the-art DRL-based methods without any additional
labeled expert data nor prior supervised learning.

Index Terms—Deep reinforcement learning, graph convo-
lutional network, collision avoidance, motion and path plan-
ning, real-time autonomous navigation, autonomous unmanned
vehicles.

I. INTRODUCTION

OBILE robot application environment will expand from
static in-door to outdoor which is often crowded with
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humans. When a mobile robot has to share an environment
with rational humans, safe and effective collision avoidance
with socially-acceptable behavior becomes a crucial challeng-
ing aspect [1], [2]. As such, collision avoidance in a human
crowded environment attracts lots of attention in the robot
navigation community [3], [4], [5], [6]. Traditional approaches
like DWA [3] and Reciprocal Velocity Obstacle (RVO) meth-
ods [4], [7], [8] consider all humans in the environments as
static obstacles or make only one-step prediction to find the
next optimal action of the robot. Another line of works [9],
[10], [11], [12], [13] focus on forecasting pedestrian trajecto-
ries prior to planning the robot’s movements. Unfortunately,
as the crowd density increases, the possible movable space of
the robot could be fully occupied by the expected pedestrian
paths. Meanwhile, these methods are based on mathemat-
ical models, that may not always yield optimal solutions
or even “freezing” when the number of humans in motion
is very large, which may lead the agent to a dangerous
situation [14].

To alleviate the above problems, recent works suggest
modeling the robot and human states and their relations
(interactions). As such, they applied a sequence to encode
the interactions between an agent and humans, which only
partially models the interactions or lacks spatial relation
reasoning, i.e., they only consider explicitly modeling the
robot-human interactions or using a sequence model to store
the crowds’ state [5], [15], [16].

Most recently, graph-based learning methods MP-RGL [17]
and G-GCNRL [6] use Graph Convolutional Networks (GCN)
[18] to explicitly model all interactions and spatial relation-
ships among agents. These approaches, however, ignore the
asymmetric interactions hidden in pedestrian trajectories and
make an assumption that interactions between neighboring
pedestrians are uniform i.e., two neighboring pedestrians have
equal influence in both directions. Typically, the interactions
between the agent and adjacent pedestrian are likely to have
asymmetric relationships. For instance, an agent or pedestrian
in the front will have a higher influence than the agent or
pedestrian in the back and vice-versa [19]. Modeling such
information is critical for identifying important neighbors in
the crowd. Moreover, these methods are built on the Deep
V-learning RL method [5], which necessitates the discretiza-
tion of the robot’s action space and traverses a discrete action
space to find the action with the maximum value from its
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Fig. 1. An overview of the interaction model used in our approach.
Varying levels of interactions between agents are encoded using directed edges
between the nodes.

value network. As a result, the size of the discrete action
space affects the final action’s optimality, hence affecting the
performance of the navigation policy.

To this end, we propose a bidirectional graph based Deep
Reinforcement Learning (DRL) approach via an actor-critic
framework for robot navigation in continuous action space in
a human crowded environment. In particular, the environment
state is represented by a graph where information about
humans and robot are stored as node attributes. Then, the
relation between the robot and humans is represented by
constructing bidirectional edges on the graphs and stored as
edge attributes. Fig. 1 illustrates how we explicitly repre-
sent the human-human and human-robot relationships and
their asymmetric influence on each other. The thickness of
the edges indicates the degree of influence between the
agent and humans. In contrast to [6] and [17], we utilize a
Message-Passing based GatedGCN (MP-GatedGCN) to learn
the influence functions between humans and robot, where the
asymmetric interactions are learned by an edge-wise gating
mechanism [20] between the nodes of the graph. We propose
a novel message passing function for updating the states of
humans and robot. The message passing function for humans
learns the neighbor influences, whereas for the robot, it learns
the influences from the human neighbors and the robot’s
goal simultaneously. During message passing, the neighboring
nodes will exchange their hidden states with each other which
are then aggregated using a permutation invariant reduce
function (i.e. max-pooling) to generate the final hidden state of
the nodes during the reduction step. The node representation is
subsequently leveraged by the DRL algorithm to generate con-
tinuous actions of each agent. More specifically, the learnable
weights of MP-GatedGCN are shared among the agents which
allows the robot node to generate a human-like navigation
strategy by considering its own experience and its neighbors’
states in the dense crowd.

The main contribution of this research work is outlined
below:

« In this work, we investigate the importance of asymmetric
influence between robot and dynamic humans on robot
navigation by creating a novel human-human and human-
robot interaction model using the Message-Passing Graph
Convolutional Network.

« A novel navigation learning structure is proposed, which
is optimized in continuous action space. This optimizes

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

the robot navigation policy by searching for finer optimal
action in the wider range of action space.

o The proposed method is evaluated on real-world crowd
datasets consisting of various situations like collision
avoidance, group avoidance, walking parallel, and so
on. We demonstrate how the proposed edge-wise gating
mechanism enables the robot to reach its destination
while paying attention to its neighboring humans in a
crowded environment.

II. RELATED WORKS

A. Crowd Navigation

The reaction-based method like RVO [4] and ORCA [7]
solve collision avoidance problems by modeling other agents
as dynamic obstacles to find optimal collision-free velocities
under reciprocal assumptions. While these models perform
adequately where all agents perform the same policy, they are
suboptimal in real-world crowd scenes since the assumption
of reciprocity could be violated and the pedestrians’ motion
is unpredictable and can be uncooperative. The performance
can be significantly affected due to the invisible setting of the
robot and the increased size of the crowd.

Another approach is using trajectory-based methods, to plan
a feasible route for the robot before the motion by predicting
other agents’ intended paths [9], [10], [11], [12], [21]. Long-
term decisions can be made by using the trajectory prediction
results of the robot planner. The main problem is that searching
for a feasible path online after estimating trajectory sequences
can be time-consumed and computationally expensive so the
real-time performance is a concern [22]. Even though it can be
completely computed, all of the robot’s available space could
be taken up by predicted pedestrian paths, resulting in the
robot being overly cautious [23].

Learning-based approaches have been presented recently as
a result of the development of deep learning. Especially Deep
Reinforcement Learning (DRL) has been found great success
in robot continuous control and many other fields [24], [25],
[26], [27], [28], [29], [30]. CADRL [15] initially described
robot navigation as a sequential decision-making problem
constrained by robot kinematics, and then used reinforcement
learning to learn the joint state value function. However,
it evaluates only the pairwise restrictions between robots and
pedestrians and disregards the interactions between pedestri-
ans. This type of end-to-end RL robot navigation strategy
has also been utilized in [31], [32], and [33]. To navigate
in situations of dynamically changing the number of pedestri-
ans, [16] proposes utilizing LSTM to model the pedestrians’
state as a sequence with fixed length. However, LSTM-RL
assigns attention to surrounding humans according to distance,
which is not always reasonable and consistent with human
decision-making. A typical case pointed out in the related
works [6] is that the humans within the perception range
should bring higher attention than those out of the perception
range even though the former is further away. Several self-
attention models have been developed in recent years to model
the interactions between pedestrians and robots, including LM-
SARL [5] and SARL* [34]. However, these approaches only
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model pedestrian interactions on a local map, which is just a
partial representation of crowd interactions.

B. Graph Representation Learning

Graph convolutional networks (GCN) has shown great
promise in learning hidden structure in complex data such as
traffic networks [35], [36], social networks [37], physics [38],
and medical diagnosis [39]. Graph neural networks learn the
node representations by applying message passing mecha-
nism [40] between graph nodes that aggregate information
of local neighborhood [41], [42]. The fundamental structural
characteristics of GCN makes it feasible to model spatial
interaction between pedestrians and robots in a crowd [6],
[17]. Pedestrians and the robot are modeled as graph nodes
and their edges represent influences between them. The influ-
ence function is then learned through a learnable adjacency
matrix [17] or through learnable edges [19]. Other factors like
the human gaze can be used to learn the influence function
between the nodes [6]. These methods, however, use the high-
level graph representation of the crowd-interactions instead
of fine-grained node-level representations for generating the
action of the agents (nodes).

III. PROPOSED APPROACH

We first introduce how the agent decision-making in crowd
is formulated as a reinforcement learning (RL) problem and
then we will model the environment state as a bidirectional
graph representation, which leads to our proposed network
architecture.

A. Overview

The navigation problem in this work is for a mobile robot
to navigate across an area with dynamic objects such as
human crowded environments and complete its task to reach
a given target. The state of the environment is given as
s = {s{,s/'},n € 1...N, where s; is the state of the robot
and s;', n € 1... N are the states of N humans. At each step ¢,
the state s; of the environment is represented as a set of robot
and human node state x; = {x;, x;'},n € 1... N. In addition,
an edge states xi‘f j is created that store relational information
between agent i and agent j. Two linear embedding layers are
used to map the robot node state and human nodes state to a
fixed dimensional embedding X = {E}, E}'}. Next, we create
a bidirectional spatial graph G; with node attributes X and
edge attributes X, on which message-passing is performed
to extract hidden states h; = {h}, h}} of each agent. Finally,
an MLP layer is used to generate the next action of each agent
a; = {af, a'} from h,. The actions will transit the environment
state into the next state s,4; and the process is repeated for
each episode. A reward R, will be computed for each agent
by the reward function described in Section III-A.3 based on
the action a; they executed. The experienced state transition
of the environment will be stored in the prioritized experience
reply buffer as a tuple 7, which includes graph representations,
action and reward (Gy, as, Gy+1, R;), which is used to train the
actor-critic network. The episode will be terminated when the

robot successfully finishes the navigation task, or the robot
makes collisions or the maximum number of episode steps T’
is reached.

1) Action Space: Two motion types of action a; are con-
sidered for holonomic robots and non-holonomic robots, one
uses angular and linear velocities [v, w] and the other uses
linear velocities [vy, vy]. In this work, we select the holonomic
model where a; = [vy, vy] for our wheel platform. In contrast
to the existing V-learning based methods [5], [6], [15], [16],
[17] that are optimized for discrete action space, the action
a; in our methods is optimized in a continuous action space
within the range of [—Viuax, Vinax]-

2) State Graph Representation: The state of the environ-
ment with N humans and a robot is represented by a directed
graph G,(V, E, X, X,) withnodes V ={i |i e {l,...,N +
1}} and edges E = {e,;j li,jef{l,...,N+1},i #j}.
A node i € V is connected to node j € V via an undirected
edge e;j € E if ||pi — pjll} < 5, where p; and p; is the
position of node i and node j respectively. The nodes attribute
X € RO store state information of the particular node whereas
the edge attributes X, € R? store relational information
between the nodes. Specifically, each edge attribute x; j € Xe
is the difference between the real-world position between the
neighbor nodes j and i.

Each element of the node attributes x! e R*, i =1...N +
1 represents the position {pyx, py,} and velocity {v,, vy}. Since
the action of a robot depends on its goal position, we added
the robot’s goal position {gy, gy} to the attributes of the
robot node x” € R®. Next, we utilize two linear projection
layers, one for human nodes and the other for the robot
node, to embed the node attributes to a fixed dimensional
vector D. Additionally, we model the attractive influence from
the robot’s goal by adding a goal node to G; with node
attributes x¢ = {0,0,0,0, g«, gy} and edge attributes xf’g =
{gx — Px, &y — py}, where {pyx, py} is the position of robot.
The intuition is to facilitate the directional information going
through the message passing to the robot’s action during the
node updates.

3) Reward function: To obtain consistent results, all the
algorithms were given the same settings and parameters for
the reward functions R;. The reward function is composed of
four components according to the configuration of [6]:

Tfail if crashes or timeout
Tt = Treach if reaches the target
Tdanger  if is too close to humans

where Freachs Tfail, and rdanger are defined as follows:

e rreach= 1 is the positive reward for reaching the goal
without any collision, otherwise 0.

o rijl= -0.25 is the negative penalty for the robot if it
collides with an obstacle, otherwise 0.

e Tdanger 1S set to make the robot keep an appropriate safe
distance from the detected obstacle(s). It is defined as:

Fdanger = —0.1 + 3’ if (d <r;) (1)
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Fig. 2. An overview of our proposed approach. The agent’s environment is converted into a graph representation on which message passing is performed

to extract node-level state representation. The extracted representations are then fed into the Actor-Critic Networks (right box) to generate action action-value

pairs a; and V for each agent in the environment.

otherwise 0, where r; is the danger layer, d; is the
instantaneous distance between the closet obstacle and
the agent. When the agent moves into the danger layer
of an obstacle, it will get a penalty, the closer the agent
is to the pedestrian(s), the bigger penalty will be given.
In this paper, the r; = 0.2.

The total reward of the reward function R; is the summation
of all r; cases as the below equation:

2

R; = rfail + rreach + Tdanger

4) Actor-Critic configuration: We use MP-GatedGCN in
both actor and critic to model dynamic interactions between
robot and humans. Specifically, the message passing mecha-
nism, described in III-B, is used to encode both human-human
and human-robot interactions. The hidden features of a node
after [ layers of message-passing have relevant information
about the states of the neighboring nodes. The underlying
spatial relationships between agents and their influences are
encoded by the edge features. An aggregation operation is
performed on the node and edge features which are used
to generate action-value pairs for the robot. Specifically, the
node and edge features are utilized for next layer node feature
representation hﬁ“, which is then fed to the actor network
to generate the action a; following its learnt policy m(az|s;).
Afterward, the action a; will be passed to the critic network
to generate output V (s;) that can be regarded as the metric of
evaluation. The actor-critic networks are trained to maximize
the expected value function V(s;) = > o)y E[R (s¢, ar)l,
where y is a discount factor that reflects the preference of
instant rewards over future rewards. In the training procedure,
the DRL algorithm generates two copies of the neural network
(online and target network) to make training more stable for
the actor network (parametrized by 67, 67 ") and critic network
(parametrized by 6", 6"'), noted that the target network
will be updated by soft update after several steps update of
the online network. Besides, a double Q learning technique
is applied to prevent overestimation of the Q-value. More
specifically, based on the online and target network framework,
the DRL algorithm initializes two critic networks yo, yo
and an actor network m with their corresponding parameters

Algorithm 1 Algorithm to Train Our Method

1: Initialize actor network 7 and critic networks V%, V% with
random parameters 67, 61, 62,

2: Initialize target networks 6V < 6V1,0%2 « V2, 97" « o7
3: Initialize replay buffer B with warm up steps M

4: Set mini-batch N

5: fort=1... Mdo

6:  Build state graph G, from observation s;.

7:  Sample action a; ~ 7(G;) + €, € ~ N(0, 0)

8: Getreward R; and next state graph representation G

9:  Store transition tuple (Gy, a;, R, Gy+1,d) in B

10: ift > M then

11: Sample N set of transitions (G, as, Ry, Gy+1, d) from B
12: Sample action a;1| < 7' (Gy11) + €, € ~ N(0, o)

13: Estimate V' = r + y min;=; 7, v (Gi+1, ar41)

14: Update critic networks:

15: Vi < argmin,y, N~ (V' — VO (G, at))2
16: if  mod d then

17: Update 6™ by the deterministic policy gradient:
18: Vor L ~ E[V,V (G, al0V)a=x(G,) Vor 7 (Gy)]
19: Update target networks:

20: 0Vl — 16V + (1 —1)V"

21: 07— 160" + (1 —1)0™

22: end if

23:  end if

24: end for

6v1,0"2, 67 respectively. And when calculating the Q-value
from the critic network, the smaller Q-value between the two
critic networks is utilized. The Q-value will be estimated more
precisely in this way. A step-by-step training process is shown
in Algorithm 1.

B. Message Passing GCN With Edge-Wise Gating Mechanism

The vanilla GCN considers the influence between neigh-
boring nodes uniformly. This may not be optimal in the real
world. Assuming a situation in which the robot is following
the former pedestrian and a latter pedestrian is trailing the
robot, the former pedestrian will have more influence on
the robot than the latter pedestrian. The robot should find
optimal action to avoid collision by paying more attention
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to the former pedestrian. Hence, the weights from former
pedestrians to the robot must be up-weighted, and the weights
of the latter pedestrians need to be down-weighted due to its
effect being less than the former one. Similarly, the weights
of pedestrians in the opposite moving direction of the robot
must be up-weighted, and the pedestrians that are in the
same direction as the robot are down-weighted; up-weighted
weights of pedestrians that are near the robot and down-
weighted for those that are far away. In this way, the weights
between human-human, and human-robot will be reasonably
distinguished. Hence the crowd feature extraction ability is
enhanced and we can direct the robot’s attention to the more
important pedestrian.

To this end, we adopt GatedGCN [20] that control the
flow of information between the nodes through an edge-wise
gating mechanism. GatedGCN has been found particularly
suitable for modeling asymmetric interactions among pedes-
trians [19]. Other complex methods such as self-attention
networks GAT [42] can also be used. But in our experiments,
we didn’t observe significant differences between GAT and
GatedGCN [20] while the latter being faster. Since the GCN
architecture of [19] is not specifically designed for robot
behavior, we extend their architecture to take into account
of the robot’s goal during the update operation of the robot
node. The node update operation at layer [ for human and
robot nodes is as follows where the robot node is specified
with subscript i equals 7:

W =hl+ReLU [ U'n} + D"y, 0 VIH, 3)
JEN;

W' =hl+ReLU (U'RL+ D> ooV | @
J€(Ny. Dy}

where U!, V! € R®*%6 are the learnable matrices shared
between humans and robot nodes, ® denotes the Hadamard
product, ReLLU denotes the non-linear activation function and
D, denote the node representing the destination of the robot.
The term nf. ; is a gating function that controls how much
information from neighbor node j should be used for updating
the hidden state of node i:
o ()

o (efj)
1
o (erj,) + €

[
> o(efj/)—i-e’ i = >
4)

J'€(N;. Dy}
where, o is the standard sigmoid activation function, € is a
small fixed constant for numerical instability, and eﬁ ; is the
edge feature which is obtained by;

I _
Nij =

el = ¢~ + ReLU (A’hﬁ*l + B Clef]l) ©)

el; =el-' +ReLU (A’h’;‘ + B+ c’eﬁ;l) 7
where A/, B! e RP*DP ¢l ¢ RP*D are the learn-
able matrices. The relational edge features combined with
the gating mechanism facilitate the learning of asymmetric

(b) Pedestrian simulator

(a) Real-world scene

Fig. 3. A visualization of the pedestrian environment on our Gazebo
simulator. Black, red and white color represents robot, robot’s goal and
pedestrians respectively.

influences among nodes with different levels of field of view
(FOV).

IV. SIMULATION ENVIRONMENT

To train the policy and evaluate the performance of the
approaches in the crowd scene, we build a pedestrian simulator
base on the Gazebo platform [43] and utilize the Turtlebot3
robot as our evaluation wheel platform. The Gazebo pedestrian
simulator with real-world pedestrian trajectories of datasets
imported is shown in Fig.4. These figures demonstrate the
density level in the simulator. More specifically, according to
the pedestrian data from datasets, we let human models (square
cylinders) be respawned and deleted on the ground plane to
simulate the real-world scene (e.g. a shopping mall center or
a shopping mall street) of human walking into a scene and
leaving out from the scene. An example is shown in Fig.3(b).
A video demo of our simulator can be viewed in the sup-
plementary video materials (https://youtu.be/CsaVqC4YS-E).
Every person with its specified ID has a full trajectory with
its appearing time interval and time stamps. We load these
data from datasets, spawn and delete cylinders that represent
the humans frame by frame according to their time stamp.
We will then re-load human dataset frames from scratch after
rendering all data frames. The robot is updating at a fixed
frequency where we used 0.25 seconds in the paper. As the
keyframes’ time interval of the original dataset is not the
same as the robot, we use interpolate function and insert
consecutive frames between every keyframe in their interval to
make the trajectory smoother and be able to synchronize the
executive time step of human and robot. The inserted frame
node information is based on the last frame node information,
where [py, py] is calculated from interpolate function and
[vy, vy] is along the direction of the connected line from the
last keyframe to the next keyframe.

UCY and ETH datasets consist of tracked video segments
of pedestrian crowds recorded from an elevated bird-eye
camera in five different environments. An example is shown
in Fig.3(a). The environment constitutes different crowd levels
and varying levels of interaction scenarios such as colli-
sion avoidance, crossing, merging, group formation, and so
on. UCY dataset [44] includes four scenes: STUDENTSO001
(~ 40 pedestrians/frame), STUDENTSO003 (~ 26 pedestri-
ans/frame), ZARAO1 (~ 26 pedestrians/frame), and ZARA2
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(a) Students001 (~40 /frame)

(b) Students003 (~26 /frame)
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(c) Zara02 (~7 /frame)

(d) ETH (~6 /frame) (e) Hotel (~6 /frame)

Fig. 4. Visualization of crowd density on the simulated environment of ETH/UCY datasets at a particular frame.

TABLE I
HYPER PARAMETERS

Hyper-parameters Value
Mini-batch size (N) 100
Buffer size (B) 100,000
Max steps/episode 1000
Max training steps (T) 1000,000
Warm up steps (M) 2000
Discount factor () 0.99
Activation functions ReLU
Number of GCN layers (L) 2
Dimension of hidden layers (D) 256
Learning rate 0.001
TABLE II
SIMULATION PARAMETERS
Simulation parameters Value
Simulation platform Gazebo
Robot model Turtlebot3
Human model Square Cylinder
Goal model Red Square
Human model size 0.2x0.2 (m?)
Goal model size 0.4x0.4 (m?)
Robot model radius 0.2 (m)
Collision detection range 0.25 (m)
Datasets UCY, ETH
Time step 0.25 (s)

(~ 7 pedestrians/frame). ETH dataset [45] includes the
HOTEL (~ 6 pedestrians/frame) and ETH dataset (~ 6 pedes-
trians/frame). The trajectories of all pedestrians are manually
extracted every 0.4s i.e. 2.5Hz. We smoothen the trajectory
by interpolating at 10Hz before feeding to the simulation
environment.

The simulation is running on a server with Intel Core
19-9900k and NVIDIA GeForce RTX2080Ti. The training
parameters and simulation parameters are shown in Table I
and Table II respectively.

V. SIMULATION RESULTS AND ANALYSIS

This section compares the proposed approach to other
methods. The generated pedestrian information is from the
aforementioned real-world human trajectory datasets, the

STUDENTSO001 datasets will be used for policy training, and
the remained datasets are used for evaluation. In the training
process, the starting point is randomly generated on a 4 m
radius circle, with the circle’s center corresponding to the
distribution center of pedestrians. The goal and starting point
are symmetrical concerning the center of the circle. So the
total length of navigation will be 8 m. Each policy is trained
for 1 x 10° timesteps in the training phase. In the evaluation
process, the reward function with the same setting for all
evaluated approaches will be used to maintain consistency.
The start point and goal point in evaluation follow the rule
described in training, a total length of 8 m with a fixed
start and goal point is set in each scene. To fully show the
method’s efficacy, the robot in the simulated situation is made
invisible to pedestrians. So the robot will have no effect on
the pedestrian’s behavior which means the pedestrians will not
perceive the robot and hence do not avoid it. Besides, this can
alleviate the problem that the robot makes an aggressive invade
policy, which is the situation where the robot invades human
social space and tries to force pedestrians to avoid it. To do
the statistics, each dataset is evaluated more than 250 times.

A. Comparison With ORCA

The conventional dynamic avoidance method ORCA based
on the optimization [7] and under the reciprocity assumption,
performs well in multi-agent navigation scenarios in which all
the agents execute the same ORCA policy. However, it requires
hand-tuned parameters and an optimization function. In addi-
tion, ORCA presupposes that agents would cooperate for half
of the necessary distance for avoidance while pedestrian policy
in real crowd scenes can be affected by various unknown
reasons, and hence the reciprocity assumption may violate,
resulting in a bad performance. We evaluate the ORCA and RL
models by success rate and navigation time in the datasets with
different densities. As indicated in Table III, RL approaches
have a great improvement in the success rate and navigation
time as compared to ORCA. Particularly in the scenario of the
STUDENTSO003 dataset, the navigation success rate reaches
around 0.8 thanks to the attention weight extracted by our
MP-GatedGCN. In addition, the prolonged navigation time
demonstrates that ORCA is too cautious in the thick crowd.

B. Comparison With the State-of-the-Art Methods

We first compare our proposed model with the State-of-
the-Art RL method G-GCNRL [6]. Note that the result of
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TABLE III
QUANTITATIVE COMPARISON OF SUCCESS RATE AND NAVIGATION TIME WITH THE STATE-OF-THE-ART METHOD

Success Rate (%)

Navigation Time (s)

Methods
STUDENTS003 ZARA2 HOTEL ETH AVG STUDENTS003 ZARA2 HOTEL ETH AVG
ORCA 0.566 0.623 0.618 0.702 0.627 12.9 12.2 12.3 11.5 12.2
G-GCNRL [6] 0.753 0.936 0.703 0.831 0.806 11.2 10.9 11.1 11.1 11.1
U-GCNRL [6] 0.671 0.928 0.687 0.827 0.778 11.2 10.1 9.3 10.2 10.2
MP-GatedGCN-RL ~ 0.788 0.941 0.723 0.878 0.833 11.1 11.0 10.9 11.1 11.0
TABLE IV
COMPARISON OF THE PROPOSED METHOD AGAINST OUR BASELINE MODELS
Methods Success Rate (%) Navigation Time (s)
STUDENTS003 ZARA2 HOTEL ETH AVG STUDENTS003 ZARA2 HOTEL ETH AVG
DNN-RL 0.611 0.803 0.624 0.692 0.683 12.8 12.4 12.2 12.9 12.6
GCN-RL 0.697 0.917 0.696 0.829 0.785 11.9 104 10.2 10.3 10.7
MP-GatedGCN-RL  0.788 0.941 0.723 0.878 0.833 11.1 11.0 10.9 11.1 11.0

G-GCNRL is from the original paper since the source code
is not released. We attempt to reproduce the experimental
environment similar to that of the original paper as much as
possible in our gazebo simulator (e.g. trajectory datasets, robot
prefer velocity, robot state representation, etc.) In contrast
to G-GCNRL which uses all pedestrians in the environment,
we use only pedestrians that are within a radius of 5 meters
from the robot position, as the environment in the real world
is rarely able to be fully observed. The models are compared
using two criteria: success rate and navigation time. Table III
shows the experimental results for four datasets. The success
rate of our approach is greater than G-GCNRL and higher than
6% of the model U-GCNRL.

In the STUDENTSO003 dataset, our MP-GatedGCN model
outperforms the U-GCNRL and G-GCNRL in terms of success
rates and navigation time. However, the U-GCNRL model
performs better in navigation time in the ZARA?2, HOTEL, and
ETH datasets, and also gets a satisfactory result in success rate.
We can notice that these datasets have a common characteristic
that is with low density-level (under 10 pedestrians per frame).
The possible explanation is that when crowds’ density is sparse
(lower than 8 pedestrians per frame), the specific attention
mechanism is less important. It shortens navigation time by
showing less focus on the crowd’s attention weights. As for
crowd navigation in the STUDENTSO003 dataset (density of
over 26 pedestrians per frame), our method has the best suc-
cess rate and the shortest navigation time among all methods.
Even though the improvement is slight, there is one thing
worth noting that we do not need additional information such
as human gaze expert data. The G-GCNRL paper describes
that the human gaze expert data is extracted by the Tobii
Pro X60 remote eye tracker. And the way expert provides
the human gaze data is similar to work that collects gaze
data while human play the Atari games [46]. So it means
that the human gaze data collection requires an expert to have
a full observation view of the environment (a top view of the
fully observed environment), which is very difficult to build
in the real world only by local sensors in the robot, so this
work is hard to extend to real-world experiment. What’s more,

comparing the G-GCNRL with U-GCNRL in table III, we can
also notice that the improvement of G-GCNRL is mainly on
the dataset STUDENTSO003, the most density environment,
which indicates the importance of distributing correct attention
to the proper subject in the crowd environment. In contrast, our
method uses a gate mechanism and considers the asymmetric
influence of nodes. The attention is obtained from end-to-end
training, with no need for additional information. This demon-
strates that the attention extracted by our data-driven method,
MP-GatedGCN with gate mechanism, is more promising than
the method using the supervised learning method G-GCNRL,
which supervised learns the attention by expert human gaze
data.

C. Ablation Studies

We generate an ablation model that modeled the state as
a DNN 1-D sequence representation and named this model
DNN-RL. This model concatenates the pedestrian state after
the robot state. The number of surrounding pedestrians will
be fixed at 40, so the sequence will be a vector with a fixed
length of (14-40) x 6. We also implemented a GCN-RL model
in our environment that uses graph representation to model
the state. Besides, uniform attention is applied to all sensed
pedestrian nodes (5 meters) in this model, so the structure and
function of the GCN-RL are similar to the U-GCNRL. From
the result in Tables III and IV, we can see that the performance
of U-GCNRL and GCN-RL only have a slight difference. The
navigation time in the different kinds of density presents a
similar trend and character as well. However, U-GCNRL gets
a slightly lower success rate. The reason is that the U-GCNRL
work is highly based on Deep V-learning code from [5] and the
Deep V-learning method uses the discrete action space which
divides action space into 5 samples. We use the continuous
action space thus providing a wider range for searching for
the optimal action, resulting in better navigation performance.

The DNN-RL model performs poorly in our evaluation as
it is unable to capture spatial relationships in state model-
ing. Since the state vector has a fixed length in a sparse
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Fig. 5. Visualization of attention weights. The direction of influences from the neighboring pedestrians on the robot is shown by the black arrows. The number
represents the degree of influence by each pedestrian on the robot i.e. attention of the robot to the corresponding pedestrians. Short red arrows represent the

direction of the corresponding agent.

TABLE V
DANGERS/EPISODE METRIC IN ABLATION STUDY

Dangers / Episode

Methods
STUDENTS003 ZARA2 HOTEL ETH AVG
DNN-RL 1.536 0.788 1.688 1.884 1.474
GCN-RL 1.372 0.472 1.336 0.992 1.043
MP-GatedGCN-RL ~ 0.808 0.368 0.948 0.776 0.725

environment, the pedestrians’ information will be none or
0 in the sequence. As a result, its performance is not sta-
ble across datasets. In addition, we observe a significant
decrease in DNN-RL performance in the extreme crowd
scene (STUDENTSO003 dataset). This is because the robot is
unable to find the most appropriate action to perform collision
avoidance. After all, it does not generate proper attention
distribution for the surrounding pedestrians.

We also introduce a new metric named dangers per episode
to evaluate the effectiveness of our method that considers the
asymmetric influence of humans to the robot. Once the robot
moves close to a human with a distance lower than 0.2 meters,
it will be counted as one instance of danger. The metric is
computed by the total number of danger counts divided by the
total number of episodes. It evaluates whether the robot learns
safe and efficient behavior to avoid obstacles while moving
to the target. From Table V we can see that it is helpful for
the robot to learn the optimized actions by constructing the
spatial relationship of the crowd. Compared to the DNN-RL
model and the GCN-RL model, the proposed MP-Gated GCN-
RL model performs better with less number of danger cases
generated. It is worth noting that the best performance of this
metric achieved by our method demonstrates the importance
of considering the asymmetric influence between agents.

D. Attention Visualization

In order to analyze how robot attend to human changes,
we show the attention values learned by the model using

Eq.(5), and this process is illustrated in Fig.5. The gating value
nf ; plays a role of a soft attention mechanism [47], manifesting
different magnitude of attention values to the human/goal
objects. Elevated attention values indicate a more pronounced
influence of the human/goal object on the robot. For better
visualization, we only display the attention between human-
robot edges because we are using the fixed trajectories from
datasets and thus the attention between humans is unnecessary.
Note that the attention between human-human is used for the
robot to learn the influence function during training, we only
make it invisible in visualization. As shown in the figures of
Fig.5, the influence exerted by neighboring pedestrians on the
robot is illustrated by the black arrows. The numerical values
indicate the extent to which each pedestrian affects the robot,
signifying the robot’s attention towards the respective pedes-
trians/goal. Meanwhile, short red arrows depict the direction
in which the robot is headed.

From the illustration of figures, the robot’s priority of
attention weights changes over the state. The robot initially
concentrates on the left top approaching pedestrians since
they are with the same moving trend and are possible to
collide, so the highest priority attention weight is distributed
in Fig.5 (a). Then after several steps in Fig.5 (b), the front
pedestrian passed and a group approached humans from the
right side. The attention on the right side increases due to
the potential collision risk. The robot then turns a left angle
to avoid colliding right with the humans. After that, with
the pedestrians approaching closer, the attention weights of
the right-side group of humans become higher accordingly
in Figs.5 (c-d). Then the crowd on the left and right sides
converged in Figs.5 (e-f) over time, severely impeding the
robot’s forward path. The robot precisely concentrates on the
most critical pedestrian with correct attention priority and
takes optimal action to avoid collisions. After moderately
navigating out of the crowd, the robot’s attention shifted to
the goal, the goal’s attention priority increased, and then the
robot proceeded directly there in Figs.5 (g-h).
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Fig. 6. Visualization of robot trajectories during the evaluation phase. The sizes of the circles represent the timestamps.

It is worth noting that in Figs.5 (c-d), the converging
crowd that tends to block the forward way of the robot may
lead to a “freezing” problem. However, our method finer
distinguishes the attention and the robot always focuses on
the most critical human in the crowd. So the robot still takes
the left action even though there will be another potential
collision risk with the left human. After that, the attention
weight on this human increase as the left human moves closer.
The robot then changes the collision avoidance priority and
prioritizes the calculation of the collision-free action for this
human. So our method is more adaptive in extremely crowded
environments than previous works and prevents the robot
trapped in “freezing” danger.

As previously demonstrated, the attention mechanism can
assist the robot in identifying targets that require higher
attention during navigation. Especially in crowded situa-
tions, the robot with assistance from the attention mecha-
nism in alleviating computational load and avoids potential
risks.

E. Trajectories Visualization

Fig.6 demonstrates the trajectories that our method gener-
ated in the evaluation datasets. The circles of different sizes
and colors correspond to the various timestamps. The robot’s
path is denoted by a red line, while the start point and
destination are represented by a blue outer circle and star,
respectively. In sparse environments like ETH, HOTEL, and
ZARA?2 datasets, our method successfully avoids approaching
pedestrians and reaches the goal while generating a smooth
and straight path for the robot. In the dense environment
STUDENTSO003 dataset, while successfully performing the
navigation tasks, the path taken by our method indicates
that even in the most congested area, where the timestamp
is between 6 and 10 seconds, the robot continues to move
smoothly and does not pause in place for additional hesitation.

More simulation cases can be found in the supplementary
video materials (https://youtu.be/CsaVqC4YS-E).

VI. DISCUSSION

Similar to other deep learning approaches, the current model
has some limitations, such as the inability to decelerate or
accelerate abruptly to avoid colliding with pedestrians sud-
denly arising from the corner or suddenly deviating from
their normal path. In addition, in the simulation environment,
the robot’s motion seems to perfectly synchronize with the
human movement, whereas in the real datasets, we have
observed that its motion is quite slow compared with pedes-
trians, which may result in the robot being kicked off by
the pedestrians. Besides, we infer the pedestrians’ intention
using only the past observations of pedestrian position and
velocity. This may not be enough for an accurate prediction
of future intention. Other factors like the hidden intentions
of humans and sudden changes of decisions are not cap-
tured in observation history. Thus, creating robot behavior
to adapt to pedestrian preferences and behaviors is still
an open challenge that is worthwhile to address in future
works.

VII. CONCLUSION

In this work, we propose a crowd navigation policy with
relation graph learning and investigate the importance of
asymmetric influence between dynamic humans and robot.
In the state processing stage, the human/robot states are rep-
resented by a bidirectional graph, with their spatial-temporal
interactions stored as the node and edge attributes. Then a
MP-GatedGCN model learns the asymmetric influence of the
robot and pedestrians by using an edge-wise gating mechanism
between the nodes of the graph to distribute proper attention
to the adjacent pedestrians. This attention is finally utilized
for the DRL network to optimize the robot’s action to derive
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safe and efficient navigation. We show that our model out-
performs the baselines and illustrates its performance on the
capability to handle the challenging crowd navigation scenes
on real-world pedestrian trajectory datasets with varying crowd
densities.
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