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Abstract— Addressing safe and efficient navigation in dy-
namic, realistic, and complex environments stands as a pivotal
inquiry within the realm of robetics. Recently, numerous
learning-based methods are introduced into the field of navi-
gation, yielding notable outcomes. In this letter, we propose a
hierarchical safe reinforcement learning navigation approach
(HSRLN) for mapless navigation. It trains mapless navigation
policies for non-homogeneous complex scenarios in a hierar-
chical manner through a kind of three-stage learning, global
planning reinforcement learning (RL) + expert imitation learn-
ing (IL) + transfer RL (TRL). The innovations of this work are
fourfold: a) It effectively reduces the difficulty of training for
complex navigation by effectively narrowing the task horizon
of RL through a hierarchical framework. b) We designed an
imitation learning method based on Relative Driving Safety
Index (RDSI) [1] to focus on learning critical expert actions.
¢) It employs a TRL approach to improve generalization under
non-homogeneity assumptions by fine-tuning the policy. d)
HSRLN extracts significant features important for navigation
decisions from raw observations via velocity obstacle modeling.
Experiments indicate that it has it performs better than existing
hierarchical RL navigation methods (HDRL [2], SRL-ORCA
[3]). Relative to SRL-ORCA, it improves navigation success
by 12.1% under the non-homogeneity assumption. Videos are
available at https://youtu.be/24h9 JmcIfMw.

I. INTRODUCTION

Efficient and safe navigation systems enhance societal
productivity and generate significant economic value. How-
ever, there are three challenges in robot navigation: First,
performing complex tasks involving global planning and
collision avoidance is difficult in the absence of maps or with
limited sensor data [4]. Secondly, vehicles and pedestrians
typically use different navigation methods and lack pre-
established coordinated avoidance protocols, which compro-
mises safety (non-homogeneity assumption) [5]. Thirdly, an
additional challenge lies in efficiently extracting features for

This work was supported in part by the National Key Research and
Development Program of China under Grant 2022ZD0120002, in part by
the National Natural Science Foundation of China under Grant 62373341,
in part by USTC Research Funds of the Double First-Class Initiative
under Grant YD2100002013, and in part by Opening Fund of State Key
Laboratory of Fire Science (SKLFS) under Grant No. HZ2023-KFOI.
(Corresponding author: Qingchen Liu.)

Jianmin Qin, Qingchen Liu, Qichao Ma, and Zipeng Wu
are with the Department of Automation, University of Science
and Technology of China, Hefei 230027, China (e-mail:
gjm@mail.ustc.edu.cn; gingchen_liu@ustc.edu.cn; qcma@ustc.edu.cn;
zipengwu@mail.ustc.edu.cn).

Jiahu Qin is with the Department of Automation, University of Science
and Technology of China, Hefei 230027, China, and also with the Institute
of Artificial Intelligence, Hefei Comprehensive National Science Center,
Hefei 230088, China (e-mail: jhqin@ustc.edu.cn).

979-8-3503-7769-9/24/$31.00 ©2024 IEEE

\/

Robot clusters navigate without maps in non-homogeneous,

Fig. 1.
dynamic, and complex scenarios.

navigation decisions from the redundant environmental data
acquired through sensors [6].

Multi-agent navigation is typically categorized into con-
ventional, learning-based, and their fusion methods. Conven-
tional methods typically entail a fusion of global planning
[7], [8] and collision avoidance [9], [10]. They are more
stable in operation and are widely used in commercial
scenarios. However, conventional collision avoidance meth-
ods [9], [10] can guarantee theoretical safety only under
homogeneity assumptions. This constraint restricts their
applicability in real-world scenarios. These methods [9],
[10] exhibit serious safety declines under non-homogeneity
assumptions [5]. Learning-based methods [11]-[13] have
received extensive attention. Their advantages are the ca-
pacity to autonomously acquire navigation policies from
real interaction data, obviating the necessity for designing
intricate rules. Since the navigation problem is a fusion
of different levels of planning, solely relying on end-to-
end learning approaches proves inadequate in effectively
addressing dynamic environmental challenges. In scenarios
characterized by large state and action spaces with long task
horizons, standard RL cannot explore sufficiently to obtain
better strategies [14]. In contrast, HRL offers a mechanism
for tackling challenging tasks by decomposing them into
simpler subtasks through a hierarchy of policies.

In our previous work, we proposed SRL-ORCA [3], a
"nominal-controller + safetyride” method that uses NH-
ORCA [10] as a monitor to ensure safety in RL navigation.
However, it inherits NH-ORCA’s limitation to homogeneous
scenes. This paper proposes a hierarchical safe reinforce-
ment learning approach for mapless navigation, namely
HSRLN. It replaces NH-ORCA with learning modules
as a safety monitor and extends SRL-ORCA to handle
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non-homogeneous scenes. To address dynamically complex
scenes, it divides the navigation policy into simpler subtasks
of global planning and collision avoidance, facilitating hier-
archical training. The main contributions are as follows: a)
We present a hierarchical training framework for mapless
navigation with global planning RL + expert imitation
learning + transfer reinforcement learning. By leveraging
global or local sub-policy reuse, it effectively reduces the
task horizon of RL, thereby reducing the training difficulty
of complex tasks and yielding more efficient polices. b) We
employ an RDSI-Dagger imitation learning method in HRL
based on RDSI threat assessment. It overcomes the state
distribution mismatch between IL and expert policy (NH-
ORCA), and focuses on learning critical expert actions in
complex scenes. ¢) We designed a Transfer reinforcement
learning [15] method for representation reuse. It utilizes a
progressive neural network structure [16] to prevent catas-
trophic forgetting [15] of avoidance policy in IL, and fine-
tuning to enhance generalization. It exhibits better avoidance
performance under both homogeneity and non-homogeneity
assumptions. d) We model dynamic obstacles as velocity
obstacles on the Voronoi diagram [9]. This extracts crucial
features of the optional action space from the raw observa-
tion, thereby improving RL performance.

II. RELATED WORK
A. Conventional navigation methods

Conventional methods are characterized by two notable
shortcomings. Firstly, global algorithms [7], [8] typically
necessitate highly precise maps to facilitate accurate path
planning. This places high demands on both the sensors
and the arithmetic power carried by vehicles. They are not
deployable in mapless scenarios characterized by inadequate
sensing precision. Secondly, ORCA methods [9], [10] are
only applicable to collaborative collision avoidance under
homogeneity assumption, but not to non-homogeneity as-
sumption [5]. Their avoidance performance degrades dra-
matically in non-homogeneity environments. homogeneity
assumption implies that all agents, whether vehicles or
pedestrians, are controlled by the same algorithm. This
entails the existence of pre-established, coordinated avoid-
ance protocols among all agents. Evidently, in real-world
scenarios, this assumption often does not hold. The behavior
of humans or vehicles is frequently influenced by multiple
factors such as habits, goals, and emotions. Consequently,
they often exhibit diverse movement intentions and do not
consistently adhere to standardized avoidance protocols.

B. Learning-based and Fusion navigation methods

Learning-based algorithms commonly employ deep learn-
ing (DL) [11], IL [12], RL [13], or TRL [15] to train navi-
gation policies. Moreover, recent studies [6], [17] integrate
conventional methods to enhance the efficacy of learning-
based approaches. HGAT-DRL [17] employs velocity obsta-
cle (VO) [9] to characterize obstacle data, facilitating more
effective collision avoidance learning and enhancing success
rates. DRL-VO [6] introduces an innovative RL approach for

navigation within pedestrian-dense environments, utilizing
VO to design the reward function. However, their [3], [6],
[17] common shortcoming is that they jointly execute global
and local planning with a single policy, without a reasonable
task decomposition. These approaches have excessively long
action sequences (task horizons) [18], leading to a high
dimensionality of the action space. This challenge makes
it difficult for RL to explore and obtain better policies for
complex dynamic navigation. Unlike the above approaches,
our work reasonably hierarchizes the navigation framework
into easily trainable sub-tasks, which effectively improves
the performance of learning-based navigation [18].

C. Hierarchical reinforcement learning navigation

HRL methods are a subset of learning-based navigation
that has recently received widespread attention. It is well-
suitable for learning goal-conditioned behavior in complex
tasks and long task horizons [18]. Predominant HRL meth-
ods, such as Option Critic [19], Feudal Networks [20],
Hierarchical Actor-Critic [21], decompose long-horizon RL
tasks into simpler subtasks capable of being reused. This
significantly enhances the efficiency of RL exploration. Sev-
eral new works [2], [22] also introduce HRL into dynamic
and complex navigation for robots. HDRL [2] proposes a
goal-directed representation of the action space of subgoals
based on HRL, enabling fast and safe navigation in vari-
ous environments. PNSS [22] designs mapless navigation
methods on the HRL framework, which obtains a better
strategy by predicting neighboring space scores to reduce the
observation dimensions. Their shared drawback is a failure
to adequately integrate expert knowledge from conventional
methods, relying solely on a simplistic hierarchical approach
to strategy training. They still exhibit limited efficacy in
dynamic obstacle scenarios lacking maps.

III. PROBLEM FORMULATION

The hierarchical safe navigation task is formulated as a
semi-Markov decision process (SMDP) [18]. An SMDP is
defined as a 7-tuple (S, A, P,R,T,Q, 0). S is the state space,
A 1is the action space, P is the transfer function, R is the
reward, T is the waiting time distribution, Q is the subtask
space, and O is the observation space. Experimental sce-
narios have M moving agents that act as dynamic obstacles
to each other. Next, observation O, subtask space (2, and
action space A are introduced in detail. The state probability
transfer model P is unknown.

Observation space: For the agent-i (1 <i < M), its ob-
servation at time ¢ consists of four components, 0;;, =
[oi’f, i oi’;v, on’]. Here, oi”l represents the internal data of
agent-i, 3% = [0}, 5;‘2,z’ e 65;] represents the information
of the k nearest mobile agents for agent-i (k is fixed), and
of}" represents the information of static obstacles around
agent-i. We obtain off; = [ pi, Vis @i, Tis diy Viprer] from the
agent’s internal sensors and 6{"[’ , ofjv by instruments such as
cameras or LIDAR. The position, speed, orientation, safety
radius, destination, and preferred speed of the agent-i are
indicated as p;, v;, ¢;, 7, d;, and v; .5, respectively. The
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observation of j-th dynamic agent by agent—i is the position
speed, direction, and safety radius, 0 = [pj, Vj, & i Tl
while their destination d; and preferred speed V. are
hidden states cannot be observed.

Unlike existing RL methods [4], [13], we extract useful
velocity obstacle observatrons 0;7 based on 0, 077 to obtain
better policies. 0 [orca“, orcd' e orca ‘M] can be
obtained by performrng VO modehng of dynamic obstacles
around robot-i on Voronoi diagram, as in Section IV-A.
orcd . = [pﬁj, ity;] represents features of the ORCA line
[9] for robot-i relative to dynamic obstacle-j (pﬁj is a point
on diagram and 7;; is a unitized vector of direction). M is
the number of ORCA lines.

Subtask space and action space: Similar to [18], we
define that hierarchical navigation policy 7*"* consists of
policy w3’ for the global planning (GP) subtask and policies
7r£ ”’ for the collision avoidance (CA) subtask. 6, &, € are
networks of HSRLN, as in Section IV-B. Based on obser-
vation o0;, and policy ﬂg" , agent-i outputs the global action
gir(0iy) = 75’ (0;4). Since HSRLN is deployed on differential
wheeled robots, the sub-task space Q is equivalent to the
allowed holonomic velocity set S fﬁ,vi [10], gis = [Virwis] €
Q=S ﬁﬁ,v Here, v;; and w;, represent linear and rotational
velocities. When encountering complex dynamic collision
avoidance tasks, policy 7r” in IL part overrides g;, based on
observation o0;, and global action g;,, outputting action a’] =

(o, 1> 8ir)- Policy n”’ of TRL fine-tunes the action a’l of IL
1n non-homogeneous scenarios to obtain final action a’”””
with better generalization capability, /5™ = ﬁ”’(o,,,a

” h”’" also belong to set SAHV

tl

Actions a; . d;

IV. APPROACH

HSRLN designs GP-module and CA-module to accom-
plish global planning (GP) and collision avoidance (CA)
subtasks hierarchically. GP-module is a standard RL struc-
ture, while CA-module is composed of imitation learning
(IL) and transfer reinforcement learning (TRL) parts. We
use three stages to train these networks: First, as in [3],
we activate the NH-ORCA monitor and individually train
the GP-module individually to improve its mapless planning
policy, as shown in Fig. 2(a). Second, IL part of CA-module
is trained to learn actions of the NH-ORCA monitor by using
imitation learning, as in Fig. 2(b). We use GP-module as
a global planning controller to output action g;,. IL part
obtains similar collision avoidance policy as NH-ORCA.
Finally, to address NH-ORCA’s diminished avoidance ef-
ficacy in non-homogeneous scenarios, TRL part of CA-
module is trained under such conditions, as in Fig. 2(c).
Compared to NH-ORCA, HSRLN fine-tunes the policy of
CA-module in real non-homogeneous scenarios, resulting in
improved generalization performance. It uses a centralized
training, distributed execution approach in which all agents
following HSRLN share the same navigation policy 7"
This section also discusses modeling dynamic obstacles as
velocity obstacles on the Voronoi diagram [9] to extract
significant features and thereby improve RL performance.

A. Extract features of dynamic obstacles on VO diagram

In multi-agent RL, it is difficult for agents to learn safety
actions when they are directly fed with the position and
velocity data of dynamic obstacles from sensors [6]. Even
humans sometimes fail to make safe avoidance decisions
when surrounded by dense, dynamic obstacles [23]. The
reason is that neither humans nor robots can directly know
which movement decisions are safe based on a large amount
of velocity and position data. Hence, constructing velocity
obstacles on Voronoi diagrams from these data allows for
easier differentiation of safe actions. We can pre-process
observations by VO modeling and extract useful features to
build interactive agent-level observations. This enables RL
to get useful features directly and learn safe policies.

Based on observation 49, the Voronoi diagram for ve-
locity obstacles in HSRLN 1s constructed as in Fig. 3. For
two robots i and j, the velocity obstacle 4%% for agent-i
is the set of all relative velocities of it (the safety radius is
r; + ey at p;, r; is the physical radius, ep; is the tracking
error) with respect to agent-j (the safety radius is r; + &g;
at p;). This results in a collision between agent i and j at
some moment before time 7 [9]. As shown in the diagram,
VOlTU is formally defined as follows:

VO;J {17]3t €[0,7],t-Ve D(pj — piritEmi+ i+ gHj>}
(1
with D(p,r) = {qlllq —pll < r} the open ball of radius

r = ri+eé&y + rj + enj. Next, the set of collision avoid-
ance velocities CAile (Vj) for agent i (given that robot j
selects its velocity from V;) can be obtained, CA}, (Vj) =
{\7ll7¢ VOlTU@Vj}. Then we can calculate the minimum
variation i (the vector from (\7’0 Pt - t) to the closest point

on the boundary of veloc1ty obstacle) where ﬂf’p is the
optimization velocity and # denotes the outward normal of
the boundary of VO, at point (wp "— ") + ii. From the
allocation of # by pr10r1ty levels pr and pr [3], we can

obtain the vector of point p as follows
N pr;'i t t t  —opt
P = Vit ———|argmin|[y' = 7" = ")l - (F" - ). Q)
P"j, + P",j 7edV Oy,

The point /. and the vector i mark the position of the

ORCAlle line, which is a useful feature for robots to avoid
each other. They represent which velocity areas are safe
on the Voronoi diagram. We feed each orca;; = [p;ij, 7
into the HSRLN as important observations. Given the higher
update frequency of our VO graph, we can approximate that
obstacle-j in non-homogeneous scenarios has a large pr?

Jjr
letting agent-i take the main avoidance responsibility.

B. Hierarchical Safety Reinforcement Learning

(1) RL training of global planning module: Compared
to conventional navigation, global planning in RL is less re-
liable on maps and allows for flexible and dynamic decision-
making in non-convex complex scenarios [4]. Similar to
SRL-ORCA [3], HSRLN uses the GP-module as the global
planning controller in the first stage of training, while the
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(a)(b)(c) denote three stages of training for the HSRLN algorithm. The yellow box indicates the process of extracting VO features from raw

observations. The blue box shows the CA-module, which consists of two parts of networks, IL and TRL. Green lines in (a) demonstrate the process of
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Fig. 3. Extracting features of dynamic obstacles on Voronoi diagrams.

NH-ORCA monitor is turned on to ensure safety of dynamic
avoidance, shown by green lines in Fig. 2(a). NH-ORCA
overrides unsafe actions output by GP-module, thus GP-
module only needs to implement mapless global planning
in static environments [3]. Due to the larger space for safe
motions in static scenes, it can obtain better navigation
performance. We use the SAC algorithm [24] to train
policy #5” for GP-module. It contains Q-value network
¢ and policy network 6. HSRLN trains agents based on
observation o;}, 07" and VO observation o;7. o] provides
more direct and useful feature of dynamlc obstacles than
the raw observation 07. As in Fig. 2(a), variable-length o7
is encoded by the GRU network as a fixed-length feature
The Q-value function is defined as follows

0/ (014, 8i1) = 3)

where h(-) represents a two-layer MLP network. The regres-
sion loss function of Q-value network ¢ can be defined as

env VO

h(01[7 it ltvglt)

i

J €]
Vig = ",g P+ YEg[,pnﬁ(o,-v,ﬂ)[Q‘}//(Oi,m,gi,m)

— alog(mg(gir+110ir+1))]s

1 2
LQ('J’) :E(oi_,,g,, 5P 0i101)~R [2 (Q;p(oi,t’gi,t) - yi,t) ],

where Q;.p represents another Q-network in SAC to solve
the overestimation problem, a is a regularisation factor, r‘lgf
is the reward for training in the global planning stage, and
gi 1s the global action currently output by agent-i. The loss
regression function of policy network 6 can be given as

La(0) = Eo, R g, -n, |@10g(mo(girl01) = QY (014 8i)| . (5)

The global planning reward RS’ consists of two compo-
nents, goal reward R and collision penalty RS’. Collision
penalty R’ is applied when a collision occurs between
agent-i and either a dynamic or static obstacle. When the
distance between the agent’s position p;, and the position
of goal d; is less than g, it receives an arrival reward Rf”“l.

g, ifVxe[l,N]: Hpi,t - Bx“ <r

R ={h, ifVje[l,M],j#i:|p,—pl <ri+r
0, otherwise,
(6)
e - dlze
- 0, otherwise.

B, presents x-th static obstacle. Here, g,h,m,q,z are
hyper-parameters of reward functions.

(2) Imitation learning training of collision avoidance
module: IL offers an advantage over RL by obviating the
necessity for exploratory endeavors from the ground up,
facilitating swift assimilation of superior expert strategies
[13]. Unlike SRL-ORCA [3], HSRLN uses CA-module
to replace NH-ORCA as a safety monitor for dynamic
collision avoidance, as in Fig. 2(b). CA-module consists of
an imitation learning part (network &) and a TRL part (same
structure as SAC algorithm [24], including Q-value network
o, and policy network €). Network £ is trained independently
with imitation learning. It provides a collision avoidance
policy under the homogeneity assumption for the TRL part.
In the second stage of training, based on observation o;,, the
trained GP-module acts as a controller to provide the global
action g;,. Meanwhile, NH-ORCA is turned on to generate

the safe action a”’ orea - as follows:
srl —orca ﬂgp(oi,t)’ safe scene,
( ”) = orca (8)
7" “%oiy, 8iy), unsafe scene.

This expert policy n°““ for collision avoidance provides
safe state-action pairs {(0, 1> 8it)s a"l orea } Unsafe scenarios
are delineated in our previous work [3]. However, imitation
learning has the following shortcomings: large action errors
are accumulated due to a mismatch between the state
distributions of expert and learned policies, which leads
to a decline in learning performance. In certain high-risk
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scenarios, the expert policy is too complex, which also
leads to learning failure. HSRLN designs an RDSI-Dagger
imitation learning method to improve learning performance
in dangerous scenarios based on threat assessment. It pre-
trains the network & based on state-action pairs. This allows
network ¢ to learn the collision avoidance policy 79 under
homogeneous conditions. In contrast, CADRL [13] uses
only expert data generated by NH-ORCA for pre-training.
It lacks global planning data to cope with complex static
obstacles. As for HSRLN, it adopts a hierarchical network
architecture to achieve the global planning and collision
avoidance tasks separately. CA-module has shorter task
horizon and only needs to focus on collision avoidance,
which reduces the difficulty of training. We expect policy
fré_" to learn the avoidance behavior of NH-ORCA:

7T§ = argmln Eo, ~sd(0;1) Ltl((‘;:)( n_orca(ol 1> &i, l) ﬂ'g (01 1> &i, t) )
)

Here, if the learner executes the policy 7r ! between step 1
and step ¢ — 1, sd(o;,) indicates the state dlstrlbutlon at step
t. The loss function L;(&) of policy ﬂf can be defined as

Lu(€) = 1041, 810) - | 0is 81) = 7l0irn i)+ (10)

where 1(0;;, gi;) 1S a weighting factor to assess the risk level
of the training sample {(0, 15 8it)s a"l ”’“’} in the current
navigation scenario. According to Relative Driving Safety
Index (RDSI) [1], n(0i;, giy) for agent-i can be defined as:

k k
N(0i8i) = 1+ (SPEg; + ) SPEyi ++ > SPEy;)/DSI",

J=1 J=1

1D
where SPEp ; represents the safety potential energy (SPE) of
potential fields for agent-i. SPEy ; is the energy of kinetic
field from agent-; to agent-i. SPEy, ji is the rate of change
for SPEy j;, and DSI" is the standard driving safety index
for the current scene [1]. Meanwhile, to ensure that IL part
is still able to learn the expert policy effectively in high-risk
scenarios, we employ a controlled exploration policy that
allows the expert policy to take over the final output action
a;’;" proportionally in dangerous scenes. a‘.”” is given as

srl—orca

a% = Ay a al (Ozt»gt D+ (A=A, - Cll t(Olz, 8i, )

1t

12)

where a’l = n;(oi,,,g,;,) is the action of agent-i under the

1m1tat10n learning policy. A., = max(A’, sig(n(0;;, 0;1) — 1))
is the expert control ratio, which is the maximum of the
time #-th power of decay factor A, and 7(0;;, gis). sig(-) is
the sigmoid function to bound its value within (0, 1). The
factor A, is generally given a number slightly less than 1.
This allows the expert policy to take over the training in the
early stages so as to provide more demonstration data.
There are three advantages of RDSI-Dagger method:
Firstlyy, ~when encountering high-threat scenarios,
Eq.(10)(11) allows imitation learning to focus on learning
the expert’s policy as depicted by red lines in Fig. 4.
Secondly, output action az’f" in Eq.(12) employs more
safety expert policy in high-threat scenes, which guarantees

robot — j1

Q IL - policy @
/ Expert - policy § -\> b
u v

<
e
ere= <

1\ %
. point-A g
\ robol _]2

oot -

(|

point-D

Lo

Fig. 4.  Training scenes for RDSI-Dagger. The red and yellow lines
represent trajectories generated by expert and IL policies, respectively. The
depth of the red line for expert policy is evaluated by RDSI to assess the
threat level of the current scenario. When there are neighboring static or
dynamic obstacles (e.g., point-B,C), IL-policy focuses on learning complex
expert strategies at high threat levels, as in Eq. (10)(11). Point-A,D, which
have low threat level, do not require special attention by IL learning.

static obstacles

that the training is conducted safely. Third, Eq.(12)
augments the training data to overcome the mismatch
between the state distributions of IL and expert policies,
which increases the efficiency of IL training.

(3) TRL training of collision avoidance module:
Compared to pre-training + RL methods, TRL offers the
advantage of mitigating catastrophic forgetting of expert
policies and yielding better generalization performance [15].
Network & of the CA-module acquires a better collision
avoidance policy similar to NH-ORCA under the homo-
geneity assumption through imitation learning. In the third
stage of training, GP-module remains acting as a controller
outputting the global action g;, to CA-module. We design
a transfer RL method (TRL) [15] for representation reuse
to additionally train CA-modules under non-homogeneity
assumption. It fixes parameters of the network &, which
provides the TRL part with the action a = E(o,,,g, ).
Then we train the TRL part to fine-tune it and ﬁnally obtain
the action a/s"" of HSRLN, as shown by blue lines in
Fig. 2(c).

In this way, network & of IL and networks o, € of TRL
compose a progressive neural network [16], which helps
to avoid catastrophic forgetting [15] of policy in network
¢. Theoretically, avoidance actions under non-homogeneity
assumption are more cautious than avoidance actions under
homogeneity assumption (have a narrower Voronoi area),
and they are similar tasks [5], [10]. Despite it being
unavailable to obtain a completely safe policy, TRL can
be used to largely maintain the performance of collision
avoidance under the homogeneity assumption in network &
and effectively improve the navigation performance under
the non-homogeneity assumption through fine-tuning. TRL
also works better than letting the CA-module directly train
the collision avoidance policy under non-homogeneity as-
sumption without pre-training of IL. Based on the action
ai’t of IL, the Q-value network o In TRL is defined as:

il il
Q7 (0ig»aiy | af) = m(o]y, 0, 0}7, aiy | af, = 7 (014> 8ia) )»

(13)
where m(-) is a two-layer multi-layer perceptron (MLP). The
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* : Pentagrams of different colors represent agents' destinations.
. : The different colored dots represent the agents' birth points.

’ : Black squares represent static obstacles in the scene.

(c) (d)
(a)-(d) represent four scenes employed to train the robot clusters,
incorporating corridors, static obstacles, and non-convex structures.

Fig. 5.

regression loss function of Q-value network o is given as

1 il 2
Lo(o) :E(O[./»ai.l”.E?vOLHI~"::{r)~R 2 (Q’ (i aic | ;) = )’i,r) ’
§ a4

_ "
Vit = r,a; + ’yEai'rnqrg(()i{H]_a::[Hl)[Q;’T(Of,r+l7ai,l+l | a:"[«{,
il

— alog(me(ais110ise1, aj, )]

Here, Q? also denotes another Q-network in SAC to solve
the overestimation problem, and the reward r{y is similarly
composed by Eq.(6)(7). The loss regression function of
policy network € in TRL is defined as follows:

Lr(€) = Eo, ~Ra;~n. [alog(ﬂe(aiﬂoi,t, al)) = 07 (oiy, ai,tlaff,)] .
15)

When all three phases of training have been completed,
the policy network 6 in the GP-module, the & network in
the IL, and the policy network € in the TRL (the latter
two belonging to the CA-module) run in tandem. NH-
ORCA is no longer involved in the operation. According
to observation [off;, af”?", 0{?], network 6 gets the global
planning g;, = 75" (0;,), while network & further gets the
action agl = ﬂé’(oi,,, gi.)- Finally, network e outputs the final
hsrin

: _ ol . il
action a;;™ = m/ (O,J,aiJ .

V. RESULTS

We assess the efficacy of seven mapless naviga-
tion algorithms, HDRL [3], CADRL [4], SRL-ORCA
[3], HSRLN, HSRLN(without VO), HSRLN(RL+IL),
HSRLN(RL+TRL). These methods share the same envi-
ronment, realized in PyTorch, trained within Gazebo, and
subsequently deployed onto a physical swarm comprising
6-8 robots for experimentation. We execute 1000 simulation
trials for each algorithm and obtain results in Table I
Robots operate without pre-existing map data, relying solely
on LiDAR sensing to acquire environmental observations

denoted as of,’;v. Additionally, observations 02’,,0;‘; can be
sourced from Sensors. We set v, € (0.01,0.20)m/s, w; €
(=2.5,2.5)rad/s, t = 0.2s. Hyper-parameters are chosen as
g=-40,h=-15,m = 80,9 = 0.15m,z = -0.25.

The training procedure spanned approximately 60 hours

and was executed on a desktop equipped with an Intel Core

TABLE I
EXPERIMENTAL RESULTS FROM SCENARIO-1 TO SCENARIO-2

Number  Scenario Assumption Method Success  Col-with Col-with Time Rotate Average
of robots Rate(%) robois(%)  obstacles(%) ~ Out(%) in Place(%) ~ Time(s)
SRL-ORCA 94.2 0.0 1.5 23 20 45.30
He HDRL 84.8 92 32 20 0.8 48.54
lomogeneity
e cADRL 85.1 46 8.0 18 05 5107
HSRLN 926 28 11 19 16 46.99
SRL-ORCA 76.3 14.1 42 35 1.9 fail
1-Corridor HDRL 81.0 10.2 44 37 0.7 50.63
6 at the CADRL 78.6 1.7 6.7 2.0 1.0 fail
intersection HSRLN 88.4 45 33 14 24 4721
Non- HSRLN 845 6.6 50 3.0 09 48.92
Homogeneity  iihour Vo)
HSRLN 725 167 5.1 32 25 fail
(RL+IL)
HSRLN 689 159 6.6 58 28 fail
(RL+TRL)
SRL-ORCA  95.1 00 09 22 18 5627
HDRL 826 108 49 11 06 57.42
Homogeneity
CADRL 79.4 5.1 110 37 038 fail
HSRLN 89.5 34 27 23 2.1 56.86
SRL-ORCA 74.7 152 50 28 23 fail
2 Comple HDRL 812 110 43 25 10 5936
2-Complex
68 non-convex CADRL 737 8.5 1.6 5.1 11 fail
scenarios HSRLN 853 6.3 4.8 27 0.9 57.20
Non- HSRLN 80.8 68 60 39 25 59.17
Homogeneity  yihout VO)
HSRLN 74.1 159 45 33 22 fail
(RL+IL)
HSRLN 732 174 53 20 21 fail

(RL+TRL)

i9-11900K CPU and an Nvidia GTX 3070Ti GPU. HSRLN
is trained by 40,000 episodes of GP-module (RL), 20,000
episodes of imitation learning (IL), and 20,000 episodes
of transfer reinforcement learning (TRL). To lower the
arithmetic consumption in training, the NH-ORCA module
[10] in both SRL-ORCA and HSRLN algorithms only turns
on the dynamic collision avoidance function and turns off the
static collision avoidance function. Fig. 5(a)-(d) represents
four training scenarios for a cluster of robots. Half of the
robots use RRT* [8] to simulate dynamic obstacles with
non-homogeneity assumptions, and the other half are driven
by the algorithm being tested. Fig. 6,7 depict two test
scenarios (about 6.75 X 4.5 m), wherein the red, light blue,
and green robots are controlled by the algorithm under
evaluation, while the black, yellow, and blue robots are
governed by RRT*. We employ three evaluation metrics:
1) Success rate (y): The percentage of episodes in which
agents successfully reach their target without collisions.
2) Average Time to Goal (7): The mean duration taken by
all successfully arrived robots across episodes. A lower
time reflects more efficient navigation. If certain agents
fail to reach their destination due to challenges such as
non-convex obstacles, or if the success rate is below
80%, "average time" is marked as "fail" in Table L
3) We compare the success rate y and average time
f of these algorithms under homogeneity and non-
homogeneity assumptions, respectively.

A. Comparative experiments in homogeneous and non-
homogeneous scenarios

For Scenario-1,2, SRL-ORCA achieves the highest suc-
cess rate under the homogeneity assumption (p*~"¢ =
94.2% and 95.1%), as shown in Table I. However, under
the non-homogeneity condition, its avoidance performance
slipped seriously (y*'~°"“® = 94.2% to 76.3%, and 95.1%
to 74.7% in Scenario-1,2). As for HSRLN, it is more
adapted to the non-homogeneity scenario by the fine-tuning
of the TRL part. It still maintains a better performance
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Fig. 6. Scenario-1 is an intersection with many complex corridors. (a), (b), and (c) show the results of experimental trajectories for algorithms HSRLN,
HDRL, and SRL-ORCA under non-homogeneous conditions, respectively. "X" denotes the starting point, and pentagram indicates the goal.

1
x(m)

@
Fig. 7.
and SRL-ORCA under non-homogeneous conditions, respectively.

and achieves the highest success rate among all algorithms
("™ = 88.4% and 85.3%). For HDRL, it does not show
a serious performance decline between homogeneous and
non-homogeneous scenarios. However, since its collision
avoidance module does not have expert knowledge to pre-
train the policy, it is difficult to significantly improve the
avoidance ability by simply using RL, and thus it cannot
achieve a high success rate (¢! = 81.0% and 81.2%). In
summary, HSRLN fine-tunes the avoidance policy of IL-
part in homogeneous scenarios by TRL, which allows it to
achieve better performance in non-homogeneous scenarios
as well. Compared to SRL-ORCA, it improves the naviga-
tion success rate under the non-homogeneity assumption by
12.1% and 10.6% in Scenario-1,2 respectively. In addition,
HSRLN improves average time 7 by 7.2% and 3.8% com-
pared to HDRL in the non-homogeneous Scenario-1,2.

B. Experimental results

Fig. 6,7 show experimental results of three methods,
HSRLN, HDRL, and SRL-ORCA. For HDRL, the light
blue robot and the red robot collide at the intersection as
in Fig. 6b. This illustrates that HDRL cannot efficiently
achieve safe dynamic collision avoidance even under the
homogeneity assumption. For SRL-ORCA, when the light
blue robot meets the yellow robot (RRT*), it obstructs the
path of the yellow robot as in Fig. 6(c). Although the light
blue robot slows down and resumes traveling, it interfers
with the yellow robot’s trajectory, resulting in a collision be-
tween the yellow one and the static obstacle. This indicates

1 0
x(m) x(m)

(©)

Scenario-2 contains many non-convex obstacles. (a), (b), and (c) show the results of experimental trajectories for algorithms HSRLN, HDRL,

a deficiency in SRL-ORCA’s ability to effectively coordinate
collision avoidance under non-homogeneous conditions. For
HSRLN, although it does not guarantee complete non-
collision, Fig. 6(a) shows that it can better coordinate
collision avoidance in non-homogeneous scenarios with
smooth trajectories for each robot. Furthermore, Table I
also demonstrates that the performance of HSRLN maintains
better from homogeneous to non-homogeneous scenarios
("™ = 92.6% to 88.4%, and 89.5% to 85.3% in Scenario-
1,2), with no serious decline like that of SRL-ORCA.

For Scenario-2, it is used to evaluate the performance
in complex non-convex scenarios. For HDRL, the light
blue robot and the black robot (RRT*) travel in the same
direction through a narrow intersection, the light blue one
does not decelerate reasonably and collides with a static
obstacle, as in Fig. 7(b). The green robot’s global planning
is inaccurate and it collides with a static obstacle when
turning a corner. This suggests that when HDRL learns
global planning, its strategy is susceptible to interference
from dynamic obstacles, resulting in limited planning perfor-
mance. For SRL-ORCA, the light blue robot and the black
robot (RRT*) do not coordinate their avoidance actions at
the intersection and collide with each other, as in Fig. 7(c).
This similarly illustrates that the collision avoidance ability
of SRL-ORCA declines dramatically in non-homogeneous
scenarios. Fig. 7(a) shows that HSRLN has smoother and
safer trajectories in non-convex complex scenarios. Our sup-
plementary video also demonstrates that HSRLN has better
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performance in real scenarios. In summary, HSRLN exhibits
better global planning performance than other hierarchical
RL methods (HDRL) through the training of GP-module.
HSRLN has better collision avoidance performance in non-
homogeneous conditions relative to SRL-ORCA by training
in both IL and TRL stages.

C. Ablation study

Table I shows the performance of four algorithms,
HSRLN, HSRLN(without VO), HSRLN(RL+IL), and
HSRLN(RL+TRL), in non-homogeneous Scenario-1,2. For
the latter two, either their IL or TRL modules are trained
for 40,000 episodes to ensure the same training time. First,
the success rate of HSRLN(without VO) has a decline
relative to HSRLN with the same number of training
episodes (88.4% to 84.5%, and 85.3% to 80.8% in Scenario-
1,2). This illustrates that VO module effectively extracts
important features from raw observations and improves
the efficiency of training. HSRLN(RL+IL) suffers a more
severe decline in collision avoidance performance under
non-homogeneous conditions (88.4% to 72.5%, and 85.3%
to 74.1% in Scenario-1,2). The reason for this situation
is that it only imitates the expert policy of NH-ORCA
without generalized training in non-homogeneous scenarios.
Since it lacks pre-training from expert policy, it is difficult
for HSRLN(RL+TRL) to learn efficient avoidance policy
directly through reinforcement learning, as in Table I. In
summary, HSRLN shows the best navigation performance
via three stages of learning. It obtains the highest success
rate compared to HSRLN(without VO), HSRLN(RL+IL),
and HSRLN(RL+TRL). Moreover, ablation experiments
demonstrate that HSRLN exhibits graceful degradation, re-
maining operational even with certain modules missing.

VI. CONCLUSION

This paper proposes a hierarchical safe reinforcement
learning approach for mapless navigation, namely HSRLN.
It trains mapless navigation policies for non-homogeneous
complex scenarios in a hierarchical manner through a kind
of three-stage learning, global planning RL + expert imita-
tion learning + transfer reinforcement learning. Experiments
indicate that it has a better performance compared to existing
hierarchical RL navigation methods (HDRL, SRL-ORCA).
Relative to SRL-ORCA, it improves navigation success by
12.1% under the non-homogeneity assumption.
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