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Abstract— Social navigation is a key consideration for in-
tegrating robots into human environments. Concurrently, it
imposes heightened requisites: tasks must not only be executed
succesfully without collisions, but also adhere to principles
encompassing comprehensibility, courtesy, social compliance,
comprehension, foresight, and scenario compliance. In this
paper, we present the incorporation of social norms as a
guiding framework for robot navigation within social contexts.
We adopt field theory to provide a formal elucidation of the
social norms, using Physical-Informed Neural Network (PINN)
to predict pedestrian movement under the influence of social
norms, respectively, and using Reinforcement Learning (RL) for
navigation. We use supervised learning to train the pedestrian
velocity field prediction model and reinforcement learning to
train the navigation policy. We conduct three parts of experi-
ments: (1) analyzing the spatiotemporal characteristics of the
velocity field in the walking pedestrians dataset; (2) evaluating
the accuracy of the vector field prediction in the pedestrian
dataset; (3) using Gazebo simulation and the PEDSIM library
to evaluate the improvement of navigation performance under
constraints of social norms. Experiments have confirmed that
the pedestrian motion data set indeed satisfies the Gaussian
divergence theorem and can be described by the concept of
field. The performance of navigation strategies incorporating
social rules has been improved to a certain extent.

I. INTRODUCTION

Social navigation is a multifaceted challenge that requires
input from various disciplines, including human-computer
interaction, psychology, and sociology [1]. The primary pur-
pose of social navigation is to allow robots to move through
crowds and reach their destination safely and efficiently,
while avoiding collisions. According to the principles of
social robot navigation [2], socially navigating robot should
be defined as one that respects the principles of safety, com-
fort, comprehensibility, courtesy, social compliance, com-
prehension, foresight, and scenario compliance. This is the
key to the socialization of robots and the fact that people
do not reject robots appearing in various life scenes. In
brief, we expect social robots to be able to recognize social
cues, norms, and expectations, to have the understanding
to interpret them correctly, and to have the capabilities to
respond appropriately.
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Fig. 1. Tllustration of proposed human-robot-environment relational model.

Existing work on modeling and extracting social signals
is often based on the construction of a relational graph
between robots and pedestrians surrounding it [3]. In a
relational graph, nodes represent robots or pedestrians, and
edges represent the relationships between them. By analyzing
this relational graph, a robot can infer the intentions of
surrounding pedestrians, and make corresponding decisions,
such as avoiding pedestrians, cooperating with pedestrians,
or competing with pedestrians. However, this modeling and
extraction method has its own limitations. First, social navi-
gation based only on relational graph may result in the robot
having a limited understanding of human behavior, and thus
making incorrect judgments about the social relationships
between pedestrians. In addition, robots may have limited
understanding of social norms and may make decisions
that are inconsistent with social norms. This is because
the relational graph is a human-robot relational model that
only considers human behavior, but social navigation need
a human-robot-environment relational model that takes into
account human behavior and social norms.

Rules and conventions may allow the robot to better
interact with pedestrians [2]. Many of the social abilities of
human beings often come from following social conventions.
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[4], [5], [6]. For example, the optimal preference for driving
on the left or right is a typical social rule. Identifying and
following local rules for driving on the left or right can
greatly reduce the occurrence of traffic conflicts [7]. There-
fore, the lack of semantic information about the environment
will inevitably reduce the robot’s understanding of human
behavior and social norms, thus falling into a local optimal
solution.

Different countries and regions have different cultures, and
it is difficult to use a set of social norms to constrain socially
navigating robot in all scenarios. We must use a more general
framework to represent social norms. Intuitively, human
behavior follows social norms, and social norms also affect
human behavior. We want to indirectly obtain the guidance
of social norms on the movement of socially navigating
robot from the group behavior constrained by social norms.
Inspired by [8], it was discovered that human behavior can
be represented by fields and satisfies the Gaussian divergence
theorem. This shows that human behavior under the influence
of social norms does have rules, and the rules can be
described by field theory.

In this paper, we study robot social navigation based
on field theory, using Physical-Informed Neural Network
(PINN) to distill the salient features of human behavior and
social norms. At the same time, a velocity vector representing
social norms is predicted at the robot’s location, which is
used to constrain the movement of the socially navigating
robot. Finally, we leverage Reinforcement Learning (RL)
to train the navigation policy. We respectively proved the
feasibility in theory and practice of using pedestrian velocity
vector field to indirectly represent social norms and use it as a
reward function for reinforcement learning to constrain robot
navigation strategies. At the same time, it also quantitatively
proves the improvement effect of our method on navigation.
The illustration of proposed human-robot-environment rela-
tional model is shown in Fig. 1. The code of our approach is
publicly accessible at https://github.com/SiyiLoo/SocialNav-
FTI

II. RELATED WORK

Social navigation essentially allows robots to navigate
using social signals. Properly extracting and utilizing social
signals can improve robot navigation efficiency and social-
ization. Hence, current research on social navigation can be
categorized based on the difference in the extraction and
utilization of social signals.

Social navigation with no social signals. Early work
designed rule-based navigation strategies based on ideal
human cooperative behavior. RVO [9] and ORCA [10]
solve for collision avoidance for multi-robot scenario under
reciprocal assumptions. This approach is effective only when
pedestrians are able to fully cooperate, which is often not
possible. The ROS [11] navigation framework is another
classic model-based approach. [12] takes human safety into
the path planning algorithm and incorporates costmaps based
on the ROS navigation framework to address human-aware
navigation problems. All of these model-based methods all

need to establish a pedestrian kinematics model, so as to
use optimization methods to constrain the robot’s motion
to achieve obstacle avoidance. The existing pedestrian kine-
matics model cannot accurately depict the real pedestrian
environment, so the navigation effect is poor.

Social navigation with coarse-grained social signals.
Some studies apply supervised learning to social navigation.
Trained with expert demonstrations, the supervised model
is able to learn a complex mapping of target locations to
the robot’s required steering commands [13], [14], [15],
[16]. The end-to-end navigation method based on supervised
learning learns the connection between sensor input and
navigation target, further improving the navigation success
rate. However, pedestrian behavior is influenced by various
intricate social cues and interactions, which pose a significant
challenge for end-to-end learning methods to accurately
capture and incorporate in order to improve robot navigation
performance. It can also be seen from experiments that
navigation methods based on supervised learning are difficult
to generalize to new scenes and large-scale crowds.

Social navigation with social intent signals. With the
development of trajectory prediction research [17], robots
have begun to actively seek cooperation with pedestrians
in social navigation, planning their own movements by
inferring pedestrian intentions and predicting pedestrians’ fu-
ture trajectories. ‘Understanding Pedestrians - Anticipate
and match pedestrian behavior” is an important guiding
principle in social navigation [2]. In Social-LSTM [18], a
recurrent network was used to simulate the movement of
each pedestrian, and then they used a pooling mechanism
to aggregate the recurrent output and predict subsequent
trajectories. However, some studies show that relying only
on the pedestrian’s future movement trajectory to plan its
own movement will cause the robot to freeze [19], [20].

Social navigation with social relation signals. In order to
further improve the social awareness and navigation perfor-
mance of robots, [6], [21] use deep reinforcement learning
to train social navigation strategies. With the development
of graph neural networks and attention mechanisms [22],
[23], [24] began to mine social relationship signals in so-
cial navigation scenarios, using self-attention mechanisms to
capture interactive information that will indirectly affect the
robot. [25] proposed approach leverages graph convolutional
networks for navigation. In the method proposed by [3], the
relationship model is further expanded, and GCN is used not
only to capture the robot’s attention, but also to capture the
attention between people. At the same time, the relationship
model is combined with the pedestrian motion prediction
model.

Social navigation with social norm signals. The semantic
information of navigation scenes is also an important so-
cial signal. The semantic information of navigation scenes
usually acts on pedestrian groups in the form of social
norms. Recent research [8] shows that human migration
from a macro perspective satisfies the Gaussian divergence
theory and can be well described by a vector field model.
This article will extract social norm signals based on the
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vector field model and improve the reward function in
reinforcement learning based on social norms to improve
navigation performance.

This article aims to make full use of social norm signals
based on existing social relationship signals to guide robots
to conduct social navigation in a more ideal way.

III. APPROACH

Building on prior work in robotics [26], [27], [28], [29],
[30], we employ a hierarchical approach for social robot
navigation, consisting of Global Planning and Local Planning
components. Following [31], we use pure pursuit algorithm
[32] to select points on the complete path as sub-goal to feed
to our DRL-based Local Planner. In this section, we detail
our DRL-based Local Planner and a novel reward function
that takes into account social norms.

A. Problem Formulation

The focus of our work is the design of the local planner,
which generates the motion control instructions for the robot.
The objective is to enable the robot to quickly reach its target
while avoiding collisions with surrounding pedestrians and
considering social norms to ensure a comfortable walking
experience for the pedestrians.

This local planning problem can be modeled as a Partially
Observed Markov Decision Process (POMDP), represented
by the tuple (S,A,P,R,Q,0), which captures the robot’s re-
stricted field of view. Here, observation space (Q = [0,h,g])
consists of three component: Obstacles distance (o), hu-
man kinematics (k) and sub-goal position (g), action space
(A = [vy, @;]) consists of linear velocity (v,) and rotational
velocity (@,). After obtaining partial observations (Q') from
the sensor, the robot uses the partial observations (Q') as
state space (s') to the control policy (g ). The control policy
mapping state space (s') to action space (a') that the agent
has to respond. Reward function R will be described in detail
in Sec. III-B.

To solve the POMDP, we employ deep reinforcement
learning (DRL) techniques. The general goal of DRL is
to find an optimal neural network-based policy 7* that
maximizes the value function v”(s) for each state:

oo

T (St) — Z »}/'Vpre/Rtﬂ(stJrz, T (Stﬂ)) (1)
i=0
where y € (0,1) is the discount factor, R (s, ;, 7 (s141))
is the reward at time ¢ + i, preferred velocity v,.r is the
normalized term in the discount factor.

B. Reward Function

The reward function is an important component of re-
inforcement learning. According to the principles of social
robot navigation [2], in addition to ensuring pedestrian safety
and quickly reaching the goal, robots should also adhere to
social norms in public places. Social norms not only apply
to humans, but also enable robots to better interact with
humans. Many social skills are a matter of following routines
rather than optimizing performance [4], [5], [6].

In this paper, we use the speed vector to represent the
tendency of social norms, and use the similarity between the
speed vector and the robot’s actual speed to represent the
degree to which the robot follows social norms, and reflect
it in the reward function. Therefore, We define the reward
function as:

r=rgtretrytr, )
Same as [31], rfg incentivizes the robot to navigate towards
the desired goal, r’. penalizes unsafe behavior that may lead

to collisions, 74, punishes large turns, making the robot’s
trajectory smooth. !, punishes robot for violating social
norms. The formal description of %, ., and 7, is as follows:

g e
Tgoal if [|pl < gm
= el else if 1 > tmax (3
Foath (Hpéfl |- Hpé”) otherwise
Tcollision if ”pi)H <d;
’{- = \ Tobstacle (dm - HPZH) else if ”pi)H <dp S
0 otherwise
. T'rotation ’(Dé| if |(Dé| > Onm 5
w 0 otherwise

The influence of social norms on movement can be re-
flected in the motion patterns at a macro level [33]. We
introduce a spatial representation, field, which encapsulates
the statistical dynamic behavior in the environment. The
speed vector in the speed vector field represents the speed
with higher probability among the speeds of pedestrians
passing this location. Social norms are also a high-probability
common manifestation in pedestrian movements. Then the
velocity vector reflects social rules to a certain extent. The
formal description of r/, is as follows.

rn = reta (|| —vi])- (6)

We use v’f to represent the velocity vector of the robot’s
position in the velocity vector field. And use the similarity
between the robot’s speed v, and V) as a penalty term of
the reward function,it constrains the robot to behave in the
opposite direction of most pedestrians. We will go into more
detail about how sz is calculated in Sec. III-C.

C. PINN-based Crowd Velocity Field Prediction

We aim to predict the velocity field components by
leveraging the knowledge of the velocity field in some
number of locations in the crowded environment. Through
the pedestrian velocity vector field, we can obtain the ve-
locity vector at any location, regardless of whether there are
pedestrians at this location. According to the characteristics
of pedestrian scenes commonly used in social navigation, we
can know that pedestrians in the environment do not suddenly
disappear or appear, so the velocity vector field divergence
J =0, and the partial differential equation of the velocity
vector field is:

V.B=0. 7)
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Fig. 2. PINN-based crowd velocity field prediction network. The input
is the location information of pedestrians, and the output is the x-axis
component and the y-axis component of the crowd velocity field. In addition
to the prediction loss, the loss function also has a loss function about
physical information.

According to the characteristic of crowd velocity field and
sufficient number of crowd velocity data in the environment,
we utilize PINNs to predict crowd velocity field [34]. With
PINNS, prior physical knowledge about the partial differen-
tial equations of the pedestrian velocity vector field comes
into play with the deep neural network, and the pedestrian
velocity dataset and mathematical model are smoothly com-
bined.

The partial derivatives (Eq. (7)) of the equation can be
calculated through the automatic differentiation tools pro-
vided in TensorFlow [35] . The neural network we train for
pedestrian velocity field prediction within the approximate
area will have the structure shown in Fig. 2. The activation
function of each hidden layer is hyperbolic tangent. Then,
the network is trained with a loss function that combines the
ground truth and the divergence constraint.

Loss = Lossg+A Lossy.g, (8)
where
1 N ; N
Lossp := N—B;HB(@) —B(ry)|", )

Ny
LossV-B:= Y [V-B(r)[*. (10)
Ny i3

where the parameter A is a hyperparameter that affects
network performance. Np is the number of people. The
variables rﬁl and rjg represent the position of the crowd and
the collocation points within the environment, respectively.
Ny denotes the number of collocation points in the domain
and Bj is the vector of pedestrian velocity field measured
at rfi. The collocation points rf , are sampled from the
environment and fixed throughout the training process, which
are used to verify whether the constraints of the mathematical
model of the pedestrian velocity vector field are met.

D. Deep Reinforcement Learning for Crowd Navigation

Our deep reinforcement learning framework follows [31]
and adopts the Actor-Critic architecture, specific details are
shown in Fig. 3. The input of deep reinforcement learning
comes from the sensor equipment mounted on the robot and
the target task, including camera, lidar, and goal point. We
process raw sensor data and target tasks separately to obtain
partial observation (O"). First, input the raw data obtained

Sensors Layer

4 Target Point HOKUYO Lidar ZED Camera A
o (6 o]
5 =8
Pursuit Signal
Algorithm Stacking el
Sul:;—otianr;get Pooling Pooling
. Pedestrian
(gmgy) Lidar Maps Hane
\ J J /
DRL Layer (
-

.
1x1 Conv.
3x3 Conv. ;

Bottleneck '

Blocks '

1x1 Conv. E

[ FC 3x3 Conv. E

s :

ke ][ ke 5

. ¥ ' 2 :

P ok ] | :

o '
\_ Critic Actor Bottleneck Blocks J
Fig. 3. Overall system architecture of SocialNav-FTI. The inputs to the

navigation framework are camera data, radar data, and target locations, and
pedestrian, obstacle, and target features are generated based on these raw
inputs. And use the neural network to extract high-level features representing
the environment and tasks, and combine it with the Actor-Critic framework
to implement reinforcement learning.

by the camera into the YOLO framework to obtain the
kinematic information of pedestrians (4"). Secondly, lidar
information is used to construct a lidar map that stores
obstacle distance information (o). Finally, the target position
is split to obtain the intermediate target point (g'). The
feature extractor module takes the partial observation O' as
input and extracts a set of high-level features that capture
salient characteristics of the observed state. These high-level
features are then fed into the critic module, which generates
an estimate of the state value function. Concurrently, the
actor module utilizes the same high-level features to produce
the steering action a’, which represents the robot’s decision
for the current time step.

Our feature extractor network is based on the CNN
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backbone architecture proposed in [36]. It takes the input
observations /' and o', which contain relevant environmental
information, and extracts salient spatial and temporal features
that capture the characteristics of the environment. These
high-level environmental features are then fused with the
goal information using a single fully connected layer. Each
convolutional layer in the deep reinforcement learning frame-
work is followed by a batch normalization layer to accelerate
the convergence of the training process and a rectified
linear unit (ReLU) activation layer to enhance the nonlinear
modeling capabilities of the neural networks. Finally, both
the critic and the actor modules are composed of two fully
connected layers.

E. Joint Value Estimation and Crowd Velocity Field Predic-
tion

The pedestrian speed vector field is closely related to the
time area. Pedestrians in the same area may follow different
social norms at different times of the day. Therefore, the
pedestrian speed vector field will change over time. We need
to update the pedestrian speed vector field in real time during
the navigation process and train the pedestrian speed vector
field prediction network in real time. Fortunately, it has been
verified through experiments that the velocity vector field
changes slowly with time and does not require high real-
time performance. We can appropriately reduce the training
frequency of the pedestrian velocity vector field prediction
network, which will greatly reduce the complexity of the
entire algorithm.

The pseudocode for the joint DRL value estimation learn-
ing and crowd velocity field prediction learning scheme is
in Algorithm 1. We use supervised learning to train the
pedestrian velocity field prediction model and reinforcement
learning to train the navigation policy. According to the
pedestrian velocity field characteristics observed on the walk-
ing pedestrian data set: at the same location, the pedestrian
velocity field changes slowly over time, and there is a
certain similarity between these pedestrian velocity fields.
Therefore, we can first pre-train the PINN model using the
walking pedestrian data set, and then fine-tune the pre-trained
model in the simulation environment to update the pedestrian
velocity field prediction model in real time. We utilize the
pedestrian velocity field prediction model from the previous
time period as a pre-trained model for the pedestrian velocity
field prediction model in the subsequent period, and fine-
tune it on this basis. This alleviates the need for computing
resources and minimizes the amount of calculations at each
step in navigation.

IV. EXPERIMENTAL RESULTS

To evaluate the performance of pedestrian velocity field
prediction and the impact of social norms on navigation,
we completed three parts of experiments: (1) analyzing the
spatiotemporal characteristics of the velocity field in the
walking pedestrians dataset [37]; (2) evaluating the accuracy
of the predicted pedestrian velocity field using the walking
pedestrians dataset. [37]; (3) using Gazebo simulation [38]

Algorithm 1: Joint training for f,. and f,4

1 Initialize f,, with walking pedestrian dataset;
2 Initialize target value network Foal < foat;

3 Initialize the replay memory E < D;

4 for episode = 1, N do

5 Initialize a sequence S° randomly; if not reach
goal then
6 Update f,,. by minimizing
Ly = [ fpre(pi) = vi|;
7 a4 argmax, 4, R (S',a',S"71) +
YAVt Y (STHD) where Reonsist of fre (S7);
8 Execute a, and obtain r; and S’ + &¢;
9 Store tuple (S,a’,r*,S"") in E;
10 Update f,,; by minimizing
Ly = || fvar (Si) = vills
11 Update target value network Foat < foals

12 return

and the PEDSIM library [39] to evaluate the improvement
of navigation performance under social norm constraints.

A. Simulation Setup

For the simulated tests in navigation experiment, We
have selected four common scenarios, namely Lobby world,
Autolab world, Cumberland world, and Freiburg world, so
that we can easily compare with other navigation methods.
The corresponding environment map is same as [31]. We use
Turtlebot 2 as a socially navigating robot model, equipped
with cameras and lidar. The socially-aware robot’s maximum
velocity is limited to an average of 0.5m/s, corresponding
to typical human walking speeds. PEDSIM is the most
commonly used pedestrian plug-in for simulating pedestrian
environments. It is based on the microscopic social forces
model [40] to simulate pedestrian-pedestrian and pedestrian-
environment interactions. In addition, the number of pedes-
trians in our control environment is 25. We evaluate the
performance of the proposed method against several state-
of-the-art baselines, including a CNN-based policy[36], other
deep reinforcement learning (DRL) based policies(DRL [31],
A1-RC and A1-RD [41]), and a traditional motion planning
algorithm(DWA planner [42]).

B. Verify the Gaussian Divergence Theorem at the Micro
Scale

Gaussian divergence theorem is the most basic theorem
in field theory. They are the basis for building more com-
plex metrics, theorems, etc. It is important to prove that
vectors obtained from walking pedestrians datasets satisfy
this Gaussian divergence theorem. The formula of Gaussian
divergence theorem is as follows:

¢5:j§dei*7:/dsv7=¢w

Where ¢g is the surface integral, T is the unit vector at
each point, d/ is the infinitesimal of length. V is the average

Y
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Fig. 4. Verification of Gauss’s theorem. The red dashed line represents
the divergence of pedestrian movement fields in different datasets under
different grid cell sizes, while the blue dashed line represents the vorticity
of pedestrian movement fields in different datasets under different grid cell
sizes.

velocity vector. @y is the volume integral of the divergence
of V. dS is the infinitesimal of area.

It has been verified in [8] that the mobility of the crowd
on the macro scale (km) satisfies the Gaussian divergence
theorem. We need to verify that the mobility of the crowd
still satisfies the Gaussian divergence theorem at the micro
scale (m) walking pedestrians, in order to illustrate the
rationality of our use of field models to model walking
pedestrians. This is the basis for us to use field theory and
PINN. We evaluated real pedestrian movement data from
[37], and selected pedestrian movement data at different
times and locations (ETH and Univ.). Verify whether the
crowd field satisfies the Gaussian divergence theorem by
calculating ¢, and @ of the crowd field in square areas with
different side lengths R. The results are shown in Fig. 4.
It can be seen that as the side length R of the square area
changes, the ¢, and ¢; of the crowd field also change and are
consistent with ¢,, = ¢;. Excluding the deviations caused by
numerical calculations, it can be concluded that the mobility
of pedestrians at the micro scale (m) satisfies the Gaussian
divergence theorem, so field theory and PINN can be used
to model the crowd field.

C. Spatio-temporal Characteristics of Crowd Field

The same area often presents different functional attributes
at different times. The functional attributes of this area will
cause the pedestrian speed vector field to show completely
different characteristics. Therefore, the pedestrian speed vec-
tor field prediction network needs to be continuously trained
and updated over time to provide accurate prediction speed.
Too frequent training will greatly increase the complexity of
the model. We need to analyze how quickly the pedestrian

Fig. 5. Visualization of crowd field in continuous time. The red arrow
represents the vector of the crowd field, and the blue line represents the
streamline of the crowd field. It can be seen that the crowd field changes
slowly over time.

speed vector field changes over time, and analyze the feasi-
bility of using the pedestrian speed vector prediction module
to provide data for the reward function.

Fig. 5 shows that the crowd field is time-varying and
changes slowly. This requires the field-theory-inspired social
norms model to learn the latest crowd field in a timely
manner. Fortunately, subsequent experiments proved that
the time required for the Field-theory-inspired social norms
model to learn the latest crowd field is less than the time for
the crowd field to make a significant difference. Therefore,
the field-theory-inspired social norms model can be updated
to the latest crowd field in time based on the perceived data.

D. Quantitative Evaluations for Crowd Field Prediction

We used data from [37] to conduct a quantitative eval-
uation of crowd field prediction accuracy. The crowd field
prediction network based on PINN we established is a neural
network with fully connected structure, the learning rate dur-
ing training is 0.01, and the batch size is 64. The visualization
comparison between the pedestrian motion vector predicted
by the crowd field and the real pedestrian motion vector is
shown in Fig. 6.

It can be seen from Fig. 6 that the pedestrian motion
vector predicted by the crowd field is very close to the
real pedestrian motion vector, indicating that the crowd field
prediction network can effectively capture the field charac-
teristics of pedestrian motion. Numerically, after training for
3000 rounds based on the pre-trained model, the MSE error
between the predicted crowd vector field and the true value
is 0.065.
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Fig. 6. Crowd field prediction result. The red arrow represents the predict pedestrian speed vector of current location, and the blue arrow represents the
true pedestrian speed vector. The higher the coincidence between the blue arrow and the red arrow, the more accurate the prediction result is.

TABLE 1
EVALUATION OF NAVIGATION PERFORMANCE IN FOUR DISTINCT ENVIRONMENTS WITH 25 PEDESTRIANS
Environment | Method | SRI(1) AT*(}) AL%*]) AS*1) | Environment | Method | SRI(f) AT?(}) AL3(l) AS¥t)
DWA 0.82 1349 512 0.38 DWA 0.88 13.50 547 0.41
CNN 0.80 19.31 6.16 0.32 CNN 078  21.59 6.61 0.31
AI-RD | 090  17.87 6.07 0.34 AI-RD | 0.88 18.92 6.54 0.35
;Obzgex‘fjfs AI-RC | 088 1418 626 044 ‘;;‘t"ﬂzs‘g;ig AI-RC | 077 1563 735 0.43
p DRL 0.81 13.73 6.24 0.45 p DRL 0.75 15.66 7.03 0.45
Ours 0.85 12.57 5.87 0.47 Ours 0.89 1235 6.03 0.49
DWA 078 15.16 5.53 0.37 DWA 083  13.90 575 0.41
CNN 0.63 27.80 773 0.28 CNN 048 3038 8.30 0.27
AI-RD | 091 1747 6.63 0.38 . AI-RD | 081 17.95 6.61 0.37
C“gbeég’;‘:rmﬂd ALIRC | 081 16.31 6.93 0.43 grselb:;‘isngg AIRC | 074 17.06 735 0.43
P DRL 0.66 14.28 6.38 0.45 p DRL 0.53 15.68 7.06 0.45
Ours 080 1193  5.44 0.46 Ours 079 1196 573 0.48

! Success Rate. 2 Average Time. 3 Average Length. * Average Speed.

E. Quantitative Evaluations for Crowded Navigation

We test our social navigation policies and selected four
of the most commonly used evaluation indicators in social
navigation for testing, which are Success Rate (SR), Av-
erage Time (AT), Average Length (AL), Average Speed
(AS). Table I summarizes the results of our evaluation. As
can be seen, our approach primarily serves as an additional
component in the reward function of reinforcement learning.
For the baseline reinforcement learning method, the four
key performance indicators mentioned above demonstrate
improvements compared to the alternative approaches. This
fully proves that the constraints of social norms can not
only improve pedestrian comfort at the social level, but also
improve the efficiency of task completion in social navigation
tasks.

We analyze each indicator in detail. Compared with other
non-reinforcement learning, the navigation strategy based on
reinforcement learning has no advantage in success rate.
However, in the Autolab scenario, the reinforcement learning
method that adds social norm constraints achieved the high-
est success rate, proving the improvement of reinforcement
learning brought by mining social signals, and also confirm-
ing the huge potential of reinforcement learning navigation
strategies.

In terms of average time, average length, and average
speed, which are indicators that reflect the quality of a nav-
igation task, our reinforcement learning method with social
norm constraints has almost achieved the best performance.
Social norms encode semantic environmental information

and prevalent social rules to a degree. Experiments have
proven that robots can find better navigation strategies with
the help of information about social norms.

V. CONCLUSION

Our article applies field theory to the modeling of pedes-
trian motion in social navigation for the first time, and
introduces the concept of social rules to constrain the re-
inforcement learning strategy for controlling robot naviga-
tion. Experiments have verified that the pedestrian motion
dataset aligns with the Gaussian divergence theorem and can
be characterized as a field-based representation. Moreover,
the changes in the pedestrian field are continuous in the
time dimension and change very slowly, which is suitable
for providing social rule information during the navigation
process. Experiments have shown that the performance of
navigation strategies incorporating social rule constraints has
been improved to a certain extent.
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