2023 IEEE International Conference on Robotics and Automation (ICRA 2023)

May 29 - June 2, 2023. London, UK

Adaptive and Explainable Deployment of Navigation Skills
via Hierarchical Deep Reinforcement Learning
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Abstract— For robotic vehicles to navigate robustly and safely
in unseen environments, it is crucial to decide the most suitable
navigation policy. However, most existing deep reinforcement
learning based navigation policies are trained with a hand-
engineered curriculum and reward function which are difficult
to be deployed in a wide range of real-world scenarios. In this
paper, we propose a framework to learn a family of low-level
navigation policies and a high-level policy for deploying them.
The main idea is that, instead of learning a single navigation
policy with a fixed reward function, we simultaneously learn
a family of policies that exhibit different behaviors with a
wide range of reward functions. We then train the high-level
policy which adaptively deploys the most suitable navigation
skill. We evaluate our approach in simulation and the real
world and demonstrate that our method can learn diverse
navigation skills and adaptively deploy them. We also illustrate
that our proposed hierarchical learning framework presents
explainability by providing semantics for the behavior of an
autonomous agent.

I. INTRODUCTION

Autonomous navigation of mobile robots has gained much
interest due to a wide variety of important applications
in industry. These include assistive robots [1], a last-mile
delivery [2], a guidance at airports [3], and warehouse
navigation [4], among others. To navigate a robot to a desired
goal in complex, cluttered, and highly dynamic environments
with multiple static and dynamic obstacles, a reliable and
robust navigation policy is essential.

Traditional approaches to address the navigation problem
typically consist of a series of modules, each of which is
specifically designed for solving a particular sub-task of
navigation problems such as human detection, prediction of
future trajectories of humans, and path planning [5], [6].
However, these approaches require extensive computational
efforts and rely on manually engineered parameters, which
limit the ability of mobile robots to operate in previously
unseen environments, or across different robotic platforms,
as the modular system suffers from a lack of general-
ization and sub-optimal performance [7]. In this regard,
deep reinforcement learning (DRL) approaches have recently
been proposed as learning based solutions for autonomous
navigation, which directly map raw sensor observations to
controls and have shown remarkable results compared to
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Fig. 1. An overview of the proposed hierarchical framework of navigation

skills. A high-level policy invokes low-level navigation skills from a raw
sensory observation. A low-level policy is adopted from a continuous skill
vector among the infinite number of skills, which then drives a robot while
understanding the context.

traditional methods and robustness to sensor noise [8], [9],
[10], [11]. However, existing DRL-based approaches require
hand-engineered reward functions that can be exceedingly
time consuming. Moreover, in challenging scenarios, DRL-
based approaches with a fixed reward function easily get
stuck in local optima which makes complex situations in-
cluding navigating across narrow corridors or dense crowds
and turning corners, unsolvable.

Another potential problem of existing DRL-based robot
navigation is that a policy represented by a deep neural net-
work often lacks transparency and cannot provide explana-
tions on decision-making reasons. Recent works investigate
DRL methods which are interpretable and provide decision-
making reasons [12], [13]. However, they are only applicable
in video games or in simple simulation environments. An-
other line of research provides explanations in real-world
robots by highlighting input features that a deep network
most refers to when making a decision [14]. Nevertheless,
this approach has the limitation that it is not directly relevant
to increasing the performance of the policy model.

To address the aforementioned problems, we develop a
framework of learning to adaptively deploy navigation skills
that are explainable with hierarchical reinforcement learning
(HRL).! Specifically, our approach can be divided into two
phases. The first phase trains a family of low-level navigation
policies, each of which is optimized for a particular skill
vector in a continuous representation. This skill vector is
associated with a corresponding reward function. For exam-
ple, a skill vector that imposes an additional penalty for the
robot to be more cautious with obstacles can exhibit socially-

'Source codes are available at https:/github.com/leekwoon/hrl-nav
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aware navigation behavior, while a skill vector encouraging
the robot getting closer to its goal may result in more
aggressive behavior. In the second phase, we train the high-
level policy which deploys the most suitable navigation skill
for every time step. The main contributions of this work can
be summarized as follows:

o Proposal of a hierarchical reinforcement learning ap-
proach which learns diverse navigation skills and de-
ploys them.

« Extensive evaluation of our approach on various sce-
narios including a real-world robot navigation which
demonstrates effectiveness and explainability of our
approach.

II. RELATED WORK
A. Reinforcement Learning for Navigation

Recent advances in deep reinforcement learning have
enabled the solving of complex navigation tasks from raw
sensory measurements. Long et al. [8] propose a DRL-
based multi-agent navigation framework to train collision
avoidance policy with proximal policy optimization (PPO)
[15] using 2D LiDAR observation. This DRL-based collision
avoidance policy is further integrated into a hybrid control
framework [16] and a conventional global planner from
robot operating system (ROS) [17]. A similar approach is
proposed in [10], however, additional ego-safety and social-
safety rewards are used to consider human-awareness. Apart
from using 2D LiDAR observation, navigation that learns
from RGB images has also been studied [18], [19].

B. Reinforcement Learning with Sparse Rewards

Existing approaches which handle sparse rewards in rein-
forcement learning (RL) can be divided into two categories,
curriculum reinforcement learning and reward shaping. In
the context of curriculum reinforcement learning, the implicit
curriculum uses goal relabeling techniques which randomly
sample goals from failed trajectories [20], [21]. The explicit
curriculum considers the difficulty of goals during train-
ing, e.g., by generating the goal further from the start in
navigation or increasing the number of obstacles [22], [8].
The reward shaping technique modifies the reward signal by
learning a parameterized dense reward function [23]. Sibling
rivalry [24] uses a model-free, dynamic reward shaping
method that preserves optimal policies on sparse-rewards
tasks. On the other hand, AutoRL [25] uses large-scale
hyperparameter optimization to shape the reward.

C. Hybrid Control framework for Navigation

To further improve the robustness and effectiveness of
navigation policy by leveraging the strength of multiple
local planners, a hybrid control framework has been widely
adopted which uses a high-level switching controller to
manage a set of low-level control rules. For example, Jin et
al. [26] propose hand-designed switching rules to combine
goal-navigation and obstacle avoidance, Shucker et al. [27]
introduce switching rules to handle challenging cases where
collisions or noises cannot be handled appropriately, and

Fan et al. [16] classify the scenarios into three cases by
considering a robot’s sensor measurement and using both
a PID and DRL-based controller. Most similar to our work,
Kastner et al. [28] propose a hierarchical navigation system
integrating model-based and learning-based local planners
by training an agent which decides between multiple local
planners. However, the approach uses only one DRL-based
local planner with the traditional model-based planners. As
a result, navigation systems following this approach are
often strongly dependent on deployed model-based planners.
Instead, we train a family of policies that exhibit different
behaviors and focus on how to adaptively deploy them.

IIT. PROBLEM FORMULATION

HRL decomposes a general RL into a hierarchy of mul-
tiple sub-problems which themselves are RL problems [29].
Higher-level problems abstract an original RL problem and
adopt which lower-level problems to solve, while lower-level
problems are defined to solve the original problem given an
abstraction from the higher-level problems.

In this work, we decompose a problem of learning naviga-
tion skills into a hierarchy of two sub-problems, a high-level
problem and a low-level problem. The high-level problem is
to find a macro policy which understands the context of a
navigation environment and adopts which navigation skills
to invoke. The macro policy observes a current state and
demonstrates the context that the agent encounters. The low-
level problem is to discover a set of navigation skills that
drives a mobile robot to reach a target position. Each low-
level navigation skill issues a command by giving primitive
actions such as motor velocities, conditioned on the context
distinguished by the macro policy.

We formalize each sub-problem as a Markov deci-
sion process (MDP), in particular, a goal-conditioned
MDP [30] for learning general-purpose navigation skills.
A high-/low-level problem is modeled as an MDP
( Shigh/low7 Ahig}l/low7g7 Phigh/low7 R;ligh/low77>’ where S
is the set of states, G is the set of goals, A is the set of actions,
P:S8xAxS8 — [0,400) is the transition probability,
R, : Sx Ax A — Ris the goal-conditioned reward function,
v € [0,1] is the discount factor, and each superscript high
and low represents a notation for the high-level and the low-
level problem respectively.

To build the hierarchy, an action from the high-level agent
ahigh ¢ Abish s observed as a state by the low-level
agent, where this high-level action implies the context of
the environment. In addition to aM&®, the low-level agent
observes the same state as the high-level agent, which
results in s'°% = (shish ghish) ¢ Slow Wwhile interacting
with the environment and observing the state s'°%, each
low-level agent receives a reward from a reward function
RY (1%, alo™, aMieh) that consists of multiple reward terms
which we will describe in more detail in the following
section. To effectively train each low-level agent to present
discriminative primitive actions conditioned on a"8", they
are trained with different reward functions by weighting each
reward term in R;"W by alish,
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Phase 2: Learning to Deploy Skills
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Fig. 2. A two-phase training procedure of the proposed hierarchical framework. A family of navigation skills is trained in the first phase, while a high-level
policy is trained in the second phase. To train the infinite number of navigation skills in the first phase, a single policy network which is conditioned on a

continuous skill vector is utilized. The skill vector aP8P

is sampled from a fixed distribution per episode to construct s'°¥ along with a scan observation.

The high-level agent is then trained by taking actions from the low-level skill deployed by the high-level agent.
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Fig. 3. Actor-critic architecture used for learning a family of navigation
skills (left) and learning to deploy skills (right). Conv denotes a convolu-
tional layer and Fc denotes a fully-connected layer.

Under this problem definition, the optimal low-level poli-
cies and the high-level policy in the hierarchy are achieved
by an off-the-shelf RL algorithm which maximizes a corre-
sponding value function formulated as follows:

A

low / low high\ A&
\%4 (S ,g|7T ) =E afltowNTrllow(alto-wlslto\Tv?g%
aiughNﬂ_hlgh(aiugh‘Siugh’g)’
SN~ P (SIS 0l
)
t plow/ low _low _high low __ _low
E YRV (57 a7 a0 ) |sg = s , (D
t=0
high / _high 1 A
yhig (S ig ’g|7r OW) = Ea]t]ighNTrhigh(a]tﬁgh shish o).
a.;ow Nﬂ_low.(a}ﬁow ‘.s;ow’g)’
<P (a8 6P i)
o0
t high high high low high _ high
E Y RSE (5,5 a0 ) |sp 0 =8 (2)
t=0

IV. APPROACH

In the hierarchy, the high-level agent and the low-level
agent interact with each other. To train agents in the hier-
archy, we decompose a training procedure into two phases.
In this section, we describe how each component of MDP is
defined and how the agent is trained for each training phase.

A. Learning a Family of Navigation Skills

In the first phase, we learn a family of low-level navigation
policies, each optimized for a particular skill vector in
continuous representation. We present a detailed setup of
phase 1 as follows:

1) State space: A state si°V at time step ¢ consists of four
components: the raw 2D LiDAR measurements s} € R512
casting 512 rays over 360° with up to 6m range, the linear
and angular velocity of the robot s¥ € R2, the relative goal
state s} € R? represented in the polar coordinate, and the
high-level action a!"®" € R®. We call a}"8" a skill vector
since it induces a specific behavior by weighting a number
of reward terms.

2) Action space: Considering nonholonomic kinematics
constraints, an action aiow € R? is composed of the linear
velocity v; € [0, 0.5] and angular velocity w; € [—0.64,0.64]
which is normalized into [—1, 1] in the neural network.

3) Reward function: Our goal is to learn a family of
navigation policies with a diverse set of behavioral charac-
teristics. Thus, we set the reward function parameterized by
the skill vector a"&" as follows:

low ( low _low _high
RY(s™", 0", a0 0")
high T
= Tsuccess + @ ° [Tcollision Tprogress Tv Tw Tsafety]

The first term, rsyccess, 1S the success reward, which is 1 if
the goal is achieved and O otherwise. The collision reward,
Teollision 1S -1 when the robot collides with obstacles and 0
otherwise. The progress reward, 7progress 1S the difference
between the previous distance to the goal and the current
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Fig. 4. Training environments used to train the policies, with both
randomized maps and obstacles. We randomize training environments so
that the agent learns diverse skills. To control the difficulty, we manipulate
the number of humans, obstacles, and corridor and the width of corridor.

> Difficult

distance to the goal. The driving reward, r, is the positive
linear speed which encourages the robot to drive as fast
as possible. The turning reward, r,, is the negative angular
speed for smooth driving. Finally, inspired by the social-
safety zone in [10], 7satety is the safety reward that gives a
penalty with value 1— T_fé_ = When the robot enters the safety
zone, where d; is the distance to the closest obstacle and r
is the robot radius.

4) Network architecture: The neural network architecture
used for learning a family of navigation skills is illustrated
in the right of Fig. 3. We follow the architecture in the prior
work [8], except that the policy and the value function are
additionally parameterized by the skill vector a™8" which is
concatenated with the output of the third layer, the current
velocity s, and the relative goal state sg.

5) Training procedure: As each individual policy is
trained under the similar structure of reward function, we
use a single deep neural network to train the entire family
of low-level policies simultaneously. Inspired by a universal
policy [31], we train a policy 7'°% : (slow a8 — glow that
is conditioned on both state of the robot s°% and the skill
vector a? igh In contrast to existing approaches which learn
a single policy, at the beginning of the episode, we sample a
skill vector from predefined distribution and fix it during the
rollout to train corresponding policy s : sV — alew,
which we call a skill.

B. Learning to Deploy Skills

The second phase of our approach is to learn a high-level
policy to adaptively deploy the navigation skills learned in
phase 1. The following provides a detailed formulation.

1) State space: A state s?igh composed of three compo-
nents, sé, sy and sf , which are used in the first phase.

2) Action space: An action a"®" € R® is a skill vector
that decides the learned low-level behavior characteristic.

3) Reward function: The objective of the second phase is
to minimize the time to reach the desired goal and we use

~

(a) Corridor
35mx39m

(b) Building
50mx 110 m

(c) Shopping mall
50mx 110 m

Fig. 5. Unseen environments used to evaluate the policies. The robot
navigates from the green square to the goal is located on the red square.

the following sparse reward function:

Rhishghigh  high lowy _ 0 if reach the goal
e (sp o ay s a™) = .
—1 otherwise,

where the agent gets the reward of 0 when the goal is
achieved, and -1 otherwise.

4) Network architecture: We parameterize each of the
policies and value functions with the architecture from the
prior work [8], except that the policy predicts a particular
skill vector that will be used by the low-level policy. We
further feed the output of high-level policy as an input to
the low-level policy to infer the command velocity of the
robot during a rollout as shown in Fig. 3.

5) Training procedure: After finishing training the set
of navigation skills, we can further perform hierarchical
control by training the high-level policy. During a rollout,
the high-level policy predicts the skill vector which decides
the behavior characteristic. This skill vector is observed as
an additional input to the low-level policy which outputs
the command velocity of a robot. Note that, in the second
phase, gradients flow only through the high-level policy, not
the low-level policy. Due to a problem with the sparse reward
setting where a positive reward is only provided when the
goal is achieved, we use the hindsight experience replay
(HER) technique [20] which provides an effective way to
handle the sparse reward challenge by revisiting previous
states in the replay buffer and storing additional trajectories
with hindsight goals for generating reward signals.

V. EXPERIMENTS AND RESULTS
A. Setup
We train a policy using an OpenAl-gym-compatible sim-
ulator that we specially design to integrate it into the robot
operating system (ROS) with the goal of open-sourcing it
for easy comparison of various approaches including state-
of-the-art learning-based approaches and conventional ones
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Fig. 6. Quantitative results in three unseen environments with 100 episodes.

We evaluate the proposed method by comparing four metrics: success rate,

collision rate, time to reach the goal, and path length. Our hierarchical method (blue bar) presents comparative performance in all evaluation environments.
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Fig. 7. Results of the qualitative analysis. We compare the average
value of the skill vector with standard deviation among three evaluation
environments. The high-level agent deploys slow but careful skills in the
first environment, while it deploys smooth but fast skills in the other
environments.

(see Fig. 4). To create a scenario with various difficulty
levels, we adopt the map generation method from [28] to
generate indoor (50mx50m) and outdoor (20mx20m) maps.
We randomize the noise on sensors, and static and dynamic
obstacles where we control the motion of the dynamic
obstacles using a learning-based collision avoidance method
that extends the prior work [8] with A* global planner
to make it follow the sub-goal generated from the global
path for more realistic long-range behavior. We terminate
the simulation when reaching the goal, colliding with an
obstacle, or exceeding 1000 time steps.

To train the policies, we use soft actor-critic (SAC) [32]
with an automatically tuned entropy coefficient, employing
the Adam optimizer [33] with a learning rate le-4 for both
the actor and the critic, a target smoothing coefficient of Se-4,
and a replay buffer size of 1M.

We compare our approach with a traditional model-
based approach dynamic window approach (DWA), two
DRL-based approaches LONG [8] and GRING [17],
and four agents trained with a fixed skill vector which
We term Tgoal orienteds Tsocially—aware» Tsafe> and Tmilg
where each policy is trained with the skill vector of
[0,0.2,0.1,0,0], [0.1,0,0,0.1,0.2], [0.2,0,0,0.1,0.1], and
[0.1,0.1,0.1, 0.2, 0] respectively.

B. Quantitative Analysis

We evaluate the trained policies in three unseen large
environments (see Fig. 5). These scenarios include (a) a
corridor with 4 dynamic obstacles, (b) a building with 9
dynamic obstacles, and (c) a shopping mall with 8 dynamic
obstacles which are designed to evaluate the ability of the
agent including global planning, collision avoidance, and safe
navigation, among other real-world situations. We validate
the effectiveness of our method with four metrics: success

.:'L’ n

7o) i R W W " .-\’_ ' .
S SR FERE

e

=

!

- smooth
FwsntTl o T

L. Ak -

Fig. 8. Trajectories of the our approach in the unseen building environment
(top) and skill vectors in particular situations (bottom).

rate, collision rate, arriving time, and path length. Fig. 6
shows the evaluation results with 100 episodes in each
scenario. To solely evaluate the performance of learned
navigation policy, all approaches do not use a global planner
that is frequently used to handle a long-range navigation
challenge. A traditional model-based approach DWA fails
in dense crowds scenarios. Further, in all evaluation environ-
ments, our approach shows comparative performance to other
baselines including DRL-based agents and agents trained
with the fixed skill vector, except for goal-oriented policy.
LONG and GRING present comparative results in densely
crowded environments where a local navigation policy can
solve but performance drops significantly for a situation
where a global navigation policy is required. An interesting
observation is that Tgoal—oriented Performs well in long-range
and dynamic environments without crash or safety rewards
typically used in prior works. We assume that this is due
to the goal-oriented reward, which encourages exploration
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Fig. 9. Demonstration of our approach in unseen real scenarios. The scenarios are navigating in (a) cluttered environment, (b) narrow corridor, (c) dense
crowd and (d) open space. The skill vectors are predicted by transferred high-level policy.

and goal achievement. It would be an appealing research
direction to study the role of reward terms rigorously.

C. Qualitative Analysis

To qualitatively analyze the effectiveness of the proposed
approach, we interpret the average skill vector along the tra-
jectory for each unseen evaluation environment in Fig. 7. In
the corridor environment, there is a long wall. To successfully
reach the goal, the robot needs to detour a long range. To
this end, the high-level agent deploys skills that present slow
but careful motor commands with relatively high crash skill
value. On the other hand, in the other two environments,
the building and the shopping mall, there are little static
obstacles on the straight line from the initial position of the
robot to the target position. In these environments, the skill
vector has large progress and forward values so that the robot
presents agile movement. In addition, the high-level agent
demonstrates smooth motor command through the smooth
skill value. The average discomfort skill value in the last two
crowded environments is relatively large, which validates the
effectiveness of our approach.

The whole trajectories of our approach in the building
environment are shown in Fig. 8 where green lines represent
trajectories of successes. The skill vectors demonstrate the
interpretable deployment of learned navigation skills. At the
beginning where there are few obstacles around the robot as
shown in (a) of Fig. 8, progress and forward skill values are
huge for fast navigation towards the goal. In the middle of the
navigation shown in (b), though progress and forward skill
values are still large, the discomfort value increases when
the robot is surrounded by humans, which would lead the
robot to avoid collision with them. When the robot enters
the narrow corridor in (c), the smooth value increases to
prevent oscillatory behaviors. Around the goal which is close
to obstacles in (d), crash is high to safely arrive the goal.
The skill vector presents the same tendency across the other

evaluation scenarios. We refer the reader to the videos in
supplementary material for further information.

D. Real-World Experiment

To demonstrate the validity of the proposed approach, we
collect the expert trajectory with our robot which has two
270° LiDARs that are merged together to cover 360°. We
then evaluate how well the high-level policy understands the
context in a real-world shopping mall. Fig. 9 shows the skill
vector generated by high-level policy for different scenarios.
The high-level policy encourages the robot to keep a safe
distance from crowds and to decrease the speed in narrow
corridors. On the other hand, the goal-oriented navigation
skill with high speed is preferred in open space.

VI. CONCLUSION

In this paper, we propose a hierarchical learning frame-
work to train reinforcement learning based navigation poli-
cies that can present explainability by providing semantics of
a behavior of an autonomous agent and can reduce the effort
to design hand-engineered reward functions. The evaluation
results on unseen environments including real-world cases
demonstrate the adaptive and explainable deployment of
learning navigation skills.
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