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Abstract

Navigation is the one of the most fundamental capabilities required for
mobile robots, allowing them to traverse from a source to a destination.
Conventional approaches rely heavily on the existence of a predefined map
which is costly both in time and labour to acquire. In addition, maps are
only accurate at the time of acquisition and due to environmental changes
degrade over time. We argue that this strict requirement of having access
to a high-quality map fundamentally limits the realisability of robotic
systems in our dynamic world. In this thesis, we investigate how to develop
practical robotic navigation, motivated by the paradigm of mapless
navigation and inspired by recent developments in Deep Reinforcement
Learning (DRL).

One of the major issues for DRL is the requirement of a diverse experi-
mental setup with millions of repeated trials. This clearly is not feasible to
acquire from a real robot through trial and error, so instead we learn from
a simulated environment. This leads to the first fundamental problem
which is that of bridging the reality gap from simulated to real environ-
ments, tackled in Chapter 3. We focus on the particular challenge of
monocular visual obstacle avoidance as a low-level navigation primitive.
We develop a DRL approach that is trained within a simulated world yet

can generalise well to the real world.

Another issue which limits the adoption of DRL techniques for mobile
robotics in the real world is the high variance of the trained policies. This
leads to poor convergence and low overall reward, due to the complex and
high dimensional search space. In Chapter 4 we leverage simple classi-
cal controllers to provide guidance to the task of local navigation with
DRL, avoiding purely random initial exploration. We demonstrate that
this novel accelerated approach greatly reduces sample variance and sig-

nificantly increases achievable average reward.



The last challenge we consider is that of sparse visual guidance for mapless
navigation. In Chapter 5, we present an innovative approach to navigate
based on a few waypoint images, in contrast to traditional video based
teach and repeat. We demonstrate that the policy learnt in simulation
can be directly transferred to the real world and has ability to generalise

well to unseen scenarios with minimal description of the environment.

We develop and test novel approaches towards the key issues of obstacle
avoidance, local guidance and global navigation, towards our vision of
enabling practical robotic navigation. We show how DRL can be used as

a powerful model-free approach to tackle these issues.
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Chapter 1

Introduction

1.1 Motivation

In this emerging era of artificial intelligence, the autonomous operation of mobile
robots, drones and self-driving cars, is fundamentally predicated on the existence of
a reliable and intelligent navigation system. The problem of navigation for mobile
robots has been investigated for more than forty years [41]. Its aim is conceptually
simple: to search for an optimal path from the current robot position to the desti-
nation point whilst avoiding obstacles. However, making the system work robustly
across a wide variety of situations is in practice very difficult, as will be discussed
below.

To safely reach the goal position, a conventional robot navigation system is ex-
plicitly divided into three components, a mapping and localisation module, a global
path planner and a local planner. The local planner follows a sequence of waypoints
proposed by the global planner and a good global plan mainly is contingent on an
accurate map and good position estimation. The above navigation system is fun-
damentally based on a geometric description of environment, e.g. a map, and the
dynamic model of robots.

Using a map brings multiple benefits. By projecting the high dimensional ob-
servation, such as a camera image, into a three dimensional pose in the map, the
entire planning and control system becomes computationally tractable. Furthermore,
the optimality of the global path can be easily ensured. However it also has some
limitations. Firstly, the construction of an accurate map for the environment is time
and labour consuming and always requires expert knowledge. Secondly, maintaining
and updating the map can be even more expensive from a long-term perspective, es-

pecially in the face of dynamic changes. Thirdly, the control performance completely



depends on the mathematical model of the robot which however is usually simplified
or linearised and eventually weakens the robustness of the navigation system.

Mapless navigation, as an alternative, is more widely considered as a remedy
to relieve the navigation system from the prerequisite of a map as it usually models a
direct mapping between sensory inputs and robot actions. Unfortunately, without a
map, the global planning for the optimal path is extremely difficult. Therefore, map-
less navigation is more frequently applied in tasks without explicit destinations, e.g.
obstacle avoidance, or with a known destination in robot local coordinate frame, e.g.
local navigation. In this context, mapless navigation is similar to the behaviour based
navigation[87] which has no high level reasoning process based on environmental prior
knowledge. However, they have a large difference in terms of global navigation where
the robot has no access to the destination in its local coordinate system. To achieve
global navigation, which the behaviour based navigation usually cannot tackle with,
the mapless navigation system is usually provided with some kind of environmental
information. This can be videos as in Visual Teach and Repeat (VT&R) [37] which
are relatively simple to match with camera observations, but is dense and inefficient
in terms of memory and communication. It is worth noting that both local and global
navigation aim at reaching the destination through the shortest path and the only
difference is whether the relative pose between the destination and the robot at each
time step is given or not. Natural language [24], as one of the most efficient commu-
nication media, has also been explored as the guidance in mapless navigation but its
sparsity and the cross-modality problem between language instructions and sensory
observations largely hinders its application in real time control.

As an emerging paradigm, Deep Reinforcement Learning (DRL), has been
shown to be able to master complicated tasks such as Go [135] and digest observations
from various domains, e.g. images [109], laser scans [146] and languages [133]. As a
purely data-driven method, DRL outperforms traditional approaches in several ways.
One is getting rid of handcrafted control rules that are usually sub-optimal since
they largely depend on the limited experience and the cognition of the task from
the designer. The ascendance of AlphaGo Zero [137] over human players has defini-
tively proven that a purely data-driven method can surpass the limitations of human
strategy. Another advantage is in its capability of learning from a high dimensional
domain, either in terms of sensor observations or the physical model of robots, which
is both information-theoretically and computationally hard for heuristic approaches.

In contrast with other machine learning mechanisms, e.g. supervised learning

or imitation learning, reinforcement learning is more applicable to problems with a



complex reward structure and a strong requirement for sequential interactions with
the environment [66]. Mapless navigation is a characteristic example where the agent
may finally get a single positive reward only when it manages to successfully reach the
destination after traversing a long distance, without crashing or running out of time.
The final reward is the result of multiple actions on the way, including approaching
the destination and avoiding obstacles. These challenges make DRL difficult to train
as the search space is immense.

However, the practical application of DRL in real robotic tasks raises significant
challenges discussed in the next section. Seeking solutions to these challenges is the
ultimate goal of this thesis, with the vision of creating practical DRL approaches
for mapless visual navigation that are efficient to train, generalisable, and capable of

being deployed on real robots.

1.2 Research Challenges and Questions

Although DRL has shown an astonishing performance in virtual games, it remains
challenging to achieve comparable accomplishments in noisy and dynamic real-world
problems.

The most significant problem is its inefficient sample usage. In complex real-
world environments, DRL is plagued by the challenge of high variance. This is caused
by many reasons [66]. One is the exponentially growing data and computation needed
for a high dimensional real robotics system which is termed as “Curse of Dimension-
ality” [11]. To fully explore the immense state and action space, numerous learning
samples must be accumulated through the interactions with the real-world environ-
ment. Hence, most robot reinforcement learning problems cannot be trained from
real-world samples, as robotic hardware is expensive and prone to damage. In ad-
dition, obtaining training episodes from real robots is slow and requires manual in-
tervention. As a result, conducting the training procedure in a simulator and then
adapting the learnt policy to real-world scenarios [146, 181] is a more feasible option.
The training period can be decreased by speeding up the simulation and the virtual
world can be easily reset without real damage after a collision. On the flip side, using
a simulation also brings the problem of under-modelling and model uncertainty, pro-
hibiting us from directly transferring the learnt policy from virtual to the real world, a
problem often referred to as the “reality gap”. One of the key challenges is therefore
to bridge the gap between virtual and real worlds in terms of sensory observations

such as visual appearance and physical phenomenons, e.g. robot kinetics.



| found her. Go
upstairs and turn
right when you

Does anyone
know where
Niki is?

Just learn it with my
guidance, all right?

Let me try itin
the simulation
first.

Figure 1.1: A comic (based on the illustration by YimelsGreat) that images the near
future where robots and human will have close cooperation. It also demonstrates
some core concepts mentioned in this thesis: 1) Transferring the learnt policy from
simulation to the real world. 2) Accelerating the learning process with extra guidance.
3) Learning to navigate with sparse directional instructions and visual references.

Another important challenge is the generalisation ability to transfer learnt ex-
perience from known to unknown scenarios. In our case, it refers to the ability to
navigate in an environment with an unfamiliar geometry where it is impossible for
the robot to reach the destination quickly by recalling the memorised route from
the training environment. This is relatively easy for primitive tasks such as obstacle
avoidance or local navigation where the optimal action can be learnt from local ob-
servations but is non-trivial for global navigation where additional guidance must be
supplied.

Goal specification is another significant challenge. Since in reinforcement learning,
the expected behaviour is implicitly indicated by the reward function, a suitable
reward function is of importance but can be quite difficult to design in a real robotic

problem. One contradiction, for instance, is between the sparse and dense (frequent)
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reward. Giving a dense reward with the intention of influencing behaviour based
on expert prior knowledge can largely speed up training but may finally encourage
the agent to learn a sub-optimal policy for the task. On the other hand, a sparse
reward function requires the learner to perform a great deal of random exploration as
it only gains positive experiences after observing a wide variety of negative rewards
i.e. rather than learning how to do the task directly (positive reward) it first has to
learn how not to do the task (negative reward). This leads to a very slow convergence
of the DRL policy.

With the goal of proposing a DRL mapless navigation system in real-world sce-

narios, this thesis aims to address the following questions:

1. How can we transfer the learnt policy from virtual to real environ-

ments?

This is the key issue of utilising simulators for training DRL models, since it
affects whether the learnt policy is finally valuable to the real robot problem.
However, as noted above, training in a simulator is the only realistic way of
rapidly training DRL networks. It can be considered from two perspectives,
transferring the perception or action, which depends on the utilised simulator.
Perception represents how the robot understands the surrounding environment
from its observations and the action reflects the selected control signal given
an observation. The simulated world is a highly simplified model of the real-
world in terms of the appearance and diversity of objects as well as in the
abstraction of physical phenomena. Hence the simulated robot perceives and
behaves differently from the real one. How to reduce or even remove this gap

is the main topic of Chapter 3.

2. How can we accelerate training in simulation?

Although simulators greatly speed up the training process relative to the real-
world, they still require a huge number of episodes to learn good policies. En-
hancing data efficiency and reducing the training variance is our second ap-

proach for improving DRL algorithms.

Even in a simulator which can run several times faster than the real-world, it
may still take a few days to train a good network. In the machine learning
community, a large amount of research has focused on introducing general bias
[101, 127, 2, 45] that can generalise well to different problems. However, these

algorithms do not consider the context of a specific task, which can be valuable



for training. The robot navigation task, in our case, does have existing solutions
which could aid DRL training. Although these solutions may not be optimal,
they still outperform a random exploration policy in most cases. How to fully
exploit and benefit from these prior approaches and tightly combine them with

DRL to accelerate training is the question discussed in Chapter 4.

3. How can we carry out long term mapless navigation?

Mapless navigation is not difficult for short-term navigation tasks such as ob-
stacle avoidance or local navigation with a known destination where the local
observation of the robot is sufficient for making the action decision. However,
the problem of long term navigation is different. It requires a global planning
procedure for selecting the correct local action which usually relies on the de-
scription of the environment. Motivated by human behaviours when querying
the route to the destination, we discuss how a mobile agent can learn to navigate

with sparse directional guidance and visual reference in Chapter 5.

1.3 Contribution

In this section we firstly summarise the contributions of each chapter in this thesis as

follows:

1. In Chapter 3 we propose a two-phase deep neural network to achieve monocular
vision based obstacle avoidance. A D3QN network architecture is applied for
learning a robotic task for the first time, with the added contribution of enhanc-
ing learning efficiency. As a significant and novel contribution, the estimated
depth information is used for the first time to bridge the gap of monocular vi-
sual perception between simulations and the real world. Extensive experiments
are conducted to show the high performance of our visual obstacle avoidance

system in various real-world scenarios. This work is published in:

Linhai Xie, Sen Wang, Andrew Markham, and Niki Trigoni. Towards monoc-
ular wision based obstacle avoidance through deep reinforcement learning.
Robotics: Science and System 2017 workshop on New Frontiers for Deep Learn-
ing in Robotics.

2. In the fourth chapter we propose a new framework for effectively incorporating
heuristic knowledge to overcome the high variance issue in learning a policy us-
ing DDPG. It is the first time that either expert or naive classic controllers can

be ‘softly’ combined into the learning process. We demonstrate that they can



not only boost the learning process of an underlying off-policy DRL approach,
i.e. DDPG in the early stage but also be completely discarded when they are
outperformed by the learnt policy, leaving DDPG to learn from self-exploration.
We present both deterministic (AsDPPG) and stochastic (SGuidance) tech-
niques and compare their relative merits. Both algorithms largely accelerate
and stabilise the training of DDPG, where SGuidance achieves near-oracle per-
formance. Additionally, we demonstrate how the proposed switch mechanism
dynamically learns which controller to choose based on the input and anticipated
reward, outperforming switches which only learn from anticipated reward (e.g.
Thomson sampling). We also show that this technique is particularly important
for sparse rewards, where vanilla DDPG is unable to learn how to complete an

entire episode. This work has been published as follows:

Linhai Xie, Sen Wang, Stefano Rosa, Andrew Markham, and Niki Trigoni.
Learning with training wheels: speeding up training with a simple controller-

for deep reinforcement learning. In 2018 IEEE International Conference on
Robotics and Automation (ICRA), pages 6276—6283. IEEE, 2018

Linhai Xie, Yishu Miao, Sen Wang, Phil Blunsom, Zhihua Wang, Changhao
Cheng, Andrew Markham, and Niki Trigoni. Learning with stochastic guidance
for robot navigation. Under review at IEEE Transactions on Neural Networks
and Learning Systems.

3. In Chapter 5 we propose a novel visual navigation system which enables the
robot to navigate in unknown environments with very sparse guidance. A two-
level architecture of the network is designed and each module can be trained
with different learning mechanisms and data from various domains and sources.
It provides the navigation system with a higher degree of autonomy and can
easily transfer the learnt policy from simulation to the real world. The high-
level commander is trained with a novel self-supervised training approach with
multiple learning signals. Finally the trained network is shown to navigate in

real-world experiments robustly. This work appears in the following:

Linhar Xie, Andrew Markham, and Niki Trigoni. SnapNav: Learning mapless
visual navigation with sparse directional guidance and visual reference. Ac-
cepted at 2020 IEEE International Conference at Robotics and Automation
(ICRA).

Other contributions during my PhD career are also listed as follows:

1. Linhai Xie, Sen Wang, Andrew Markham, and Niki Trigoni. “GraphTinker:
Outlier rejection and inlier injection for pose graph SLAM.” In 2017 IEEE/RSJ



International Conference on Intelligent Robots and Systems (IROS), pp. 6777-
6784. IEEE, 2017.

. Linhai Xie, Yishu Miao, Sen Wang, Phil Blunsom, Zhihua Wang, Changhao
Cheng, Andrew Markham, and Niki Trigoni. “Learning with Stochastic Guid-
ance for Navigation.” NeuralPS 2018 workshop on Infer2Control.

. Zhihua Wang, Stefano Rosa, Linhai Xie, Bo Yang, Sen Wang, Niki Trigoni, and
Andrew Markham. ”Defo-Net: Learning body deformation using generative

adversarial networks.” In 2018 IEEE International Conference on Robotics and
Automation (ICRA), pp. 2440-2447. IEEE, 2018.

. Lu Chris Xiaoxuan, Yang Li, Peijun Zhao, Changhao Chen, Linhai Xie, Hongkai
Wen, Rui Tan, and Niki Trigoni. ”Simultaneous localization and mapping with
power network electromagnetic field.” In Proceedings of the 24th Annual Inter-
national Conference on Mobile Computing and Networking, pp. 607-622. ACM,
2018.

. Changhao Chen, Yishu Miao, Chris Xiaoxuan Lu, Linhai Xie, Phil Blunsom,
Andrew Markham, and Niki Trigoni. ”MotionTransformer: Transferring Neural
Inertial Tracking between Domains.” In Proceedings of the AAAI Conference
on Artificial Intelligence, vol. 33, pp. 8009-8016. 2019.

. Hu, Qingyong, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang,
Niki Trigoni, and Andrew Markham. ”RandLA-Net: Efficient semantic seg-
mentation of large-scale point clouds.” arXiv preprint arXiv:1911.11236 (2019).



Chapter 2

Background

In this chapter, we provide a comprehensive overview of fundamentals and recent
work on Reinforcement Learning and Robot Navigation. We firstly explore a few
Deep Reinforcement Learning (DRL) solutions and discuss their key strengths and
weaknesses. Then the formulation and limitations of map-based robot navigation are
discussed, followed by the motivation and recent work on mapless navigation.

This chapter is organised as follows: Sec. 2.1 describes the formulation of a
reinforcement learning problem and its solutions. Sec. 2.2 and Sec. 2.3 review the
map-based robot navigation and the mapless robot navigation respectively. Finally
the limitation of state-of-the-art DRL based navigation methods are discussed in Sec.
2.4.

2.1 Reinforcement Learning

Reinforcement Learning (RL) is a discipline of machine learning investigating how to
learn from interactions, which is thought to be the most natural learning experience
to humans. When an infant, who is born with no prior knowledge, sees and plays
with the environment, they can swiftly accumulate information about the cause and
effect in the physical world. It is achieved without any guidance and only from their
interactions with the environment, namely, the actions and the sensory observations.
This kind of learning mechanism never ends in our life and is fundamental to many

intelligent agents.

2.1.1 Markov Decision Process

In the theoretical formulation, the RL problem is modelled as a Markov Decision

Process (MDP) which maps from states to actions, so as to maximise a numerical



reward signal. Therefore we need to firstly overview the principle of an MDP [10].
The Markov property states that the future state is independent of the past given
the present state. More specifically, in a sequence of states xq, x1, 2, ..., x7 from time

0 to T, we say a state x; € X has the Markov property if and only if
P(zi1]|20) = P(w414]20, 71, -0, T1), (2.1)

where X is the state space and P is the transition probability function which describes
a distribution of what the next state will be given the current and historical states.
Based on this property, the Markov process is a memory-less random process, namely
a sequence of random state x,z1, ... satisfying the Markovian dynamics. When we
sample this process according to the transition possibility function P, the obtained
sequence is called an episode. Additionally, with a reward function r as a value
judgement, we obtain the Markov reward process. Here the reward function r is used
to assess the sampled episode by accumulating the instant reward r, at each state
transition as 23:1 r-. Finally the Markov Decision Process is defined by introducing
the action a € A in the transition function as P(xy1|x¢, a;). Therefore a MDP is also
formulated as a tuple (X, A, P,r), consisting of a state space X, an action space A, a
transition possibility function P and a reward function r. Additionally, the sequence

Xg, 121, ...ar, 7 sampled from time 0 to T is termed a trajectory s.

2.1.2 Essential Elements

The essential elements for RL problems are illustrated in Fig. 2.1. At time ¢t € [0, 7T
the learner, which is termed an agent, takes an action a; € &/ according to the state
xy that represents the current state of the environment. After executing the action,
the robot receives a reward r; given by the environment according to the reward
function and then transits to the next state x;.;. Note that each action the agent
takes at time ¢ may affect all the subsequent observations, actions and rewards in the
future, therefore the meaningful feedback of current action can be delayed by many
steps. The target of this decision making process is to reach a maximum discounted
accumulative future reward R = Zzzt ~7~'r, which infers the optimal action sequence
of reaching a goal state from the current state. Here 7 is defined as a discount factor.

Besides the above definition, there are some other basic concepts in RL we would
like to introduce here.

The policy 7 is the strategy for the agent to determine the action a; based on the

current observation x;. It maps directly from the state to action:

a; = m(xy) (2.2)

10



Agent Environment

Figure 2.1: In an RL problem, the learning agent observes the state of the environment
and carries out an action to affect the environment at each time step. According to
different actions, the environment returns a numerical reward as the feedback to the
agent, assessing whether it is the desired behaviour.

In this formulation we are assuming a deterministic policy but it can also be stochastic
where the actions are sampled from a distribution. Furthermore, the actions can be
either continuous and discrete. The continuous action usually results in a much larger
search space for the learner and is more difficult to learn in most cases.

The value V is the expected sum of discounted reward in future E[S "_ 7 r |n]
where the discount factor 7, also used in R, is used to downweigh the long-term future
reward and avoid an infinite value in an endless sequence. Value V' is defined given
a specific policy 7 and state x as V,(x). The Q-value is similar to value V. But the
difference is that the Q-value Q. (z,a) is further defined on the action as an extra
parameter. Since the reward r; is a measure of how beneficial the action a; adopted
under state z; is, we can consider that the value V,(z) represents an assessment of the
policy 7 given an state z. The Q-value Q,(x,a) further measures whether a specific

action a is good under the state x.

2.1.3 Comparison with Other Learning Paradigms

RL is different from the broad classes of supervised learning or unsupervised learning.
The former is the most widely used learning approach which aims to find a mapping
function from input to output variables given labelled data. The labelled learning
samples link every optimal output with an input variable. Training is carried out by

minimising the error between the prediction from the agent and the label for each

11



input state. With sufficient training examples, the agent can generalise the learnt
knowledge to unseen situations. This is an efficient learning approach but does not
suit interactive problems where there is often not an oracle providing the optimal
solution. Conversely in unsupervised learning, the learner aims to find the hidden
structure of the unlabelled data which, however, does not serve the target of reaching
a goal with a sequence of actions. Therefore, RL is the most suitable paradigm for
learning from interactions. It also fits in many complicated robotic applications where
the optimal trajectory is unavailable due to the problem of high dimensionality. Hence
the solution must be explored from interacting with the environment.

RL has a featured challenge — the exploitation and exploration dilemma. On the
one hand, the agent prefers to exploit the actions which it estimates that they will
obtain a high reward. On the other hand, those highly rewarded actions can only
be discovered by trying unexplored actions. Additionally, the design of the reward
function is also of critical importance. With sparse and delayed rewards, e.g. only
using the final result as the reward when playing chess, the agent may capture positive
learning signal only after millions of trials. Nevertheless, learning with a dense but
handcrafted reward function may prevent the agent from progressing to the optimal

policy.

2.1.4 History

The history of RL can be divided into three threads and we briefly describe them
according to [141]. The first one is derived from the optimal control [58] and a main
approach is using value functions and dynamic programming [12]. Bellman has also
introduced a discrete stochastic version of optimal control problem which is termed
Markovian Decision Process (MDP) [10] and the policy iteration approach is later
proposed by Ron Howard [56] to solve MDPs. These concepts and theories have paved
the road for modern RL. Another thread is called trial-and-error which we are most
familiar with. It is built based on the authentic “reinforcement” learning concept
firstly phrased by Edward Thorndike as “Law of Effect” [149]. Briefly speaking,
it is to increase the tendency of choosing actions with good feedback and decrease
the preference of the one with bad feedback. By following this thread, the term
“reinforcement learning” appeared for the first time and several important problems
in RL are investigated, e.g. credit assignment, in [97]. The last thread is temporal-
difference learning. The core idea is to learn the difference between the estimations
of a value (future total reward as an example) at two successive time steps. The

ideas from Klopf [65], Sutton [140] and other researchers have contributed a lot in
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Policy- Actor- Value-
based critic based

Figure 2.2: Three categories of model-free RL methods, i.e. policy-based , value-based
and actor-critic approaches.

refining this thread. Finally, by combining the temporal-difference and trial-and-
error threads, the actor-critic architecture was introduced in 1983 [8]. In addition,
the famous Q-learning approach was proposed in [163], bringing temporal-difference
and optimal control threads together.

In recent years, deep learning has stimulated a boom in research on Deep Re-
inforcement Learning (DRL). Both the value estimation and the policy searching
problem in highly complex domains are relieved by the deep neural network that
is theoretically able to approximate any function. In this thesis, three DRL algo-
rithms are exploited and will be mentioned in different chapters with details, i.e.
Deep Q-learning [103], deep deterministic policy gradient [79] and a “deep” version
of REINFORCE algorithm [164].

2.1.5 Methods

In this thesis we focus on model-free approaches. That is because with recent devel-
opment of deep neural networks, model-free RL has been proved to be effective in
high-dimensional state spaces. However, learning the model of the real-world envi-
ronment in a high-dimensional state space is very computationally expensive.

The model-free methods fall into three different categories, i.e. value-based,
policy-based and actor-critic methods.

Policy-based approaches, e.g. REINFORCE[164], optimise the policy function
7 directly. A main approach is to estimate the gradients of the policy function
w.r.t. the total rewards. By following those gradients, the policy will be improved
to obtain greater rewards. Value-based methods learn from an opposite way as they

only estimate the value or Q-values, such as Q-learning [163]. With the known sum
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of future rewards the policy becomes easy, choosing the one that can maximise the
future reward.

The primary advantage of policy-based approaches is that they have a better
convergence property. This is because the policy function is continuously updated
with gradients which keeps improving the policy and is is guaranteed to converge to
at least a local minimum[114]. Another one is its natural compatibility in continuous
or highly dimensional action spaces. The maximisation operation, which is usually
used in value-based methods, can be prohibitively expensive when there are millions
of actions to choose. The value function must accurately estimate the Q-value for
each action to finally find the optimal one. The final advantage is that policy-based
approaches can learn stochastic policies which can outperform a deterministic one in
some cases, and this will be further discussed in Chapter 5. However its disadvantages
compared to value-based methods are not trivial. Policy-based methods are easier to
fall into local minima and their learning process suffers from the high variance[114, 67]
which is the main motivation in Chapter 4.

The third category is termed as actor-critic which uses both the value function and
policy function. Both functions are iteratively updated during the learning process.
The critic function is updated towards a more accurate estimation of values or Q-
values. Then the policy function is optimised through the directions suggested by
the critic function and learns better actions in different situations. The gradients
calculated from the critic function are more stable than the ones in policy-based
methods since the latter are estimated from the total rewards of sampled trajectories

while the former are based on the expectation estimated from the critic[67].

2.1.6 Deep Reinforcement Learning Algorithms

We are now in a position to discuss 3 different DRL algorithms which are implemented
and broadly tested in this thesis.

2.1.6.1 Deep Q Network
DQN [104] is typically a value based DRL algorithm. Given the policy a; = 7(z¢),
the Q-value of a state-action pair (x4, a;) can be defined as follows

Qﬂ(mta at) = E[Rt|xta Qg 7.‘—]’

where R; = Zfzt 77 ~'r; is the total future reward from time ¢, discounted by ~. The

Q-value function can be computed using the Bellman equation
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Qﬂ(il?t, at) = E[Tt + ’YE[Qﬂ(ﬂftH, at+1)’xt+1> at41, W]‘ft, Qi W]-

With a deterministic greedy policy which chooses the optimal action each time as

Q* (x4, a;) = max Q(xy, ay), we can have the optimal Q-value function
at

Q" (z,a;) = E[ry + max Q(Tiy1, ar1)|we, ag), (2.3)
at4

which indicates that the optimal Q-value we can obtain at time ¢ is the current reward
ry plus the discounted optimal Q-value available at time ¢ + 1, rather than computing
the Q-value function directly over a large state space.

Then the deep neural networks which is parameterised with 6% is used as a Q-
value estimator Q(x;, a;|0?). Given a specific learning sample (2, a;, 7, 7,41), the loss

function for optimising the network parameters is formulated as:

L(0%) = [y — Q(zy, a,]69)] (2.4)

where the the target y = 7; + v max Q (441, a;11|0%). Note that DQN is only suitable
in discretized action spaces dueaéglthe max operation contained in the greedy policy
7 over all possible actions.

Based on the above vanilla DQN, double network [156], prioritised experi-
ence replay [128] and dueling network [161] are 3 techniques that can largely

improve its performance.

Double DQN In the above DQN formulation, the greedy policy utilises the same
Q value to evaluate and select an action which, as indicated by Hasselt et al. [156],
leads to an overoptimistic value estimation. To mitigate this problem the following
target is applied in DDQN:

y =7+ vmaf(Q(xtH, a;1/69) (2.5)
a4

where 69" is the parameter for a target Q network which slowly tracks 9. Therefore
all the possible actions are assessed by the target Q network whilst the greedy selection

is still made by the original Q network.
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Prioritised experience replay As an off-policy algorithm, DQN stores the expe-
rienced learning samples in a replay buffer and uniformly samples a batch of data for
training. [128] proposed to assign higher sampling probabilities to the learning sam-
ples which can make a larger learning progress and this significance to the learning
progress is approximated by the error of QQ value estimation. It demonstrates a faster

learning speed as well as a better performance on multiple Atari games.

Deep Recurrent Q Learning DRQN [49] is proposed by Hausknecht et al. for
solving the Partially Observable MDP, namely POMDP, where DQN degrades its
performance due to the incomplete state observations. Its core difference to DQN is
leveraging advances in Recurrent Neural Networks (RNN) to incorporate historical

information for Q-value estimation.

Dueling network With the intuition that it is unnecessary for all actions to be
estimated at each state s, Wang et al. [161] propose the dueling network architecture.
In DQN only one stream of fully connected layers is constructed after the convolution
layers to estimate the Q-value of each action-state pair. However, in the dueling
network, two streams of fully connected layers are built to compute the value and
advantage functions separately, which are finally combined together for computing

Q-values. The definition of advantage A(xy, a;|0%) is:

Q(y, 0%, 0%) = V(24|67 + A(xy, a,0%)

where 6% and 6° respectively represent the parameters of the advantage stream and
value stream in the QQ network. Then to solve an unidentifiable problem, the following

formulation is finally utilised in dueling network:

1

Q(zy, at\9a> 95) = V(xt|9ﬁ) + [A(f’fn at\ea) - M ;A(xt, a;|9a)]

where &7 represents the action space.

2.1.6.2 REINFORCE Algorithm

REINFORCE [164] is a policy based algorithm which is at a completely oppo-
site position in the spectrum compared to DQN. In essence, REINFORCE learns a
stochastic policy by reinforcing the probability of sampling actions p = P7(a;|x, 07)
with high expected total rewards E(Z,:T:o ;). Note that 0™ represents the parameter
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of the policy network and here we do not consider the discount factor v currently in

the derivation firstly. The objective function is just defined as follows

T

JO) =V = Zrt|7r ZZP Ty, ag|S)T

t=0 s

where s is a single trajectory of xg, a1, x1, ao, ..., x7,ar , which depends on the policy
7, and P(zy,a;|s) indicates the probability of the occurrence of x; and a; given s.

Then by differentiating both sides we can obtain the following equation:

Vo= J (0 szeﬁp Ty, ag|s)ry

S

P
- X3 Plaade VE ),

P(xt, a:]s)

= ZZP(@;GJS)VGW log P(xy, ay|s)r
s t=0

T
= E[Z Vo log P(¢, a|s)rs].

t=0

During training, a Monte Carlo approach is used to approximate above gradients with

N randomly sampled trajectories.

N T
1
Vo= J( N;;vm log P(x¢, a|s)r

Furthermore, by expanding Vg~ log P(x, a;|s) and discarding the items that do not

depend on 6™ and have 0 gradients w.r.t. it we have:

t
Vi log Pz, arfs) = ZVGW log P™(ay |y, 07).

=0
Therefore,
T ¢
Z Vo= log P(xy, arls)ry = Z T Z V= log P" (ay|zy,07))
t=0  ¢'=0

Mﬂ

V= log P™(ay|xy, 0F Zrtr

t=0

After incorporating the discount factor ~,
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Finally the parameter of policy network 6™ is updated through:

0
0" — 0"+ —J(O"
5577 (")
Variance Reduction Since the gradient is approximated with a Monte-Carlo method,
it can be very noisy especially in a long episode. Therefore, compared with directly
applying Eq. 2.6, some baselines [142] b; with zero expectations are proposed to

reduce the variance of the gradients estimation as follows:

N T
1
N Z Z V@w log Pﬂ(at‘l't, 971-)<Rt — bt)

n=1 t=0
where the baseline b; can either be a moving average of the recent obtained rewards

or learnt from a neural network by optimising the expectation of R; — b; towards 0.

2.1.6.3 Deep Deterministic Policy Gradients

DDPG [79] falls into the category of actor-critic method which is a combination of
value and policy based approaches. It consists of two networks, an actor network
7(x:]0™) and a critic network Q(z, a;|0?), deterministically estimating the action ay
given x; and the Q-value of them respectively.

Similar to REINFORCE algorithm, the actor network is also updated by policy
gradients. However, it applies following equation as the policy gradients as proved in
[136]:

ng](@ﬂ) ~ ]E[VQWQ($t7 at\GQ)\xt, ay = W(l't‘eﬂﬂ (28)
= E[VatQ(ﬂft, a/t|9Q)VQ7r7T<l’t, ‘97‘.) |I‘t] (29)

which means the experienced total future reward R; in Eq. 2.6 is the Q value esti-
mated from the critic network and its derivatives w.r.t. 6™ follows a chain rule which
can be decomposed into two parts. Accordingly, the learning process of the critic
network is also similar but slightly different from DQN where the target y in Eq. 2.4

is changed to:
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Figure 2.3: The composition of map-based navigation and mapless navigation sys-
tems. The local goals are the sequential waypoints along the planned path provided
by the global planner.

y =71 +7Q(z441, 7T(95t+1‘9ﬂ)’962)a

as the critic network is responsible for evaluating the current policy of the actor

network instead of searching for the optimal Q-value over possible actions.

Recurrent DPG RDPG, like DRQN, is the recurrent counterpart of DDPG which
also contains RNN both in the critic network and the actor network and is updated
with back-propagation through time (BPTT). The recurrent network effectively mit-
igates the problem of partial observability in some tasks and enables DPG to solve
tasks that require preserving information over many time steps.

Note that here we only explain those DRL algorithms theoretically and their

implementation details will be further introduced in each chapter.

2.2 Map-based Robot Navigation

Robot navigation is a classic robotic problem and has multi-spectral applications
across a plethora of industries. Instead of carrying out an exhaustive review on this
immensely large field, we only consider the problem of the navigation of wheeled
robots in indoor environments.

Generally the goal of navigation is to reach a destination through a collision-

free path with the least time cost. As shown in Fig. 2.3, it can be divided into
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three sub-tasks, i.e. perception, planning and control. The perception task involves
sensing, representing the environment and localising the robot, answering the question
about where I am, while the path-planning is to search the optimal path towards
the destination, solving the problem of where to go, and finally the control system
navigates the robot according to the plan and simultaneously prevents collisions,
telling the robot how to go. Note that because the control stage does not need a map,

we will mention it in the next section (Sec. 2.3) as local navigation.

2.2.1 Sensing

Understanding the state of the robot in the environment usually focuses on extracting
the geometrical relationship between the robot and the objects in the environment
which relies on the on-board sensors of the robot. Therefore, measuring the distance
between the robot and obstacle is the most straightforward sensing approach, as the
raw sensing data can be directly utilised for obstacles avoidance and constructing
the map of the environment. To this end, LiDAR [74, 130, 176], ultrasonic sensors
[34, 107] and depth cameras [106, 26] are the common options.

LiDAR technology uses light pulses or laser beams to determine the distance be-
tween the sensor and the object. The beam travels to the object and is reflected back
to the source and the elapsed time is then used to calculate the distance. Ultrasonic
ranging is based on emitting a pulse of sound energy to a target surface and measuring
the time taken for an echo to return. The depth camera, using the Microsoft Kinect
[177] as an example device, consists of an infrared laser projector combined with a
monochrome CMOS sensor, which captures video data in 3D under any ambient light
conditions. One of its drawback is that the intense sunlight can completely blind the
Kinect infrared sensor due to excessive infrared rays causing interference.

Vision [29], as an alternative to ranging sensors, is another sensor modality broadly
exploited in robot navigation which captures the appearance information of the ob-
jects in the environment. Although geometric information cannot be obtained directly
from a single camera image, it can be inferred from a pair of images given the intrin-
sic and extrinsic parameters of the camera. Additionally, by considering the ubiquity
of a commercial camera and the semantic information contained in an RGB image,
vision based navigation has an exponentially spreading influence in robot navigation

research.
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2.2.2 Localisation and Mapping

In this section, we review the pure localisation approaches that do not construct
map of the environment, the different representations of a map and the Simultaneous

Localisation and Mapping (SLAM) approach.

2.2.2.1 Localisation

In many map-based robot navigation systems, the environment has been previously
described in a metric map and is always available to the robot. Therefore, to under-
stand the state of the robot in the environment only requires a localisation system,
providing the robot pose in the map coordinate system. This section reviews prior
work on Indoor Positioning Systems (IPS) as the thesis only focuses on robot naviga-
tion in indoor environments. We classify IPS by looking at whether they need prior
knowledge about the environment.

We firstly review those that assume prior knowledge of the environment. For
systems utilising fingerprinting techniques, a survey of the Received Signal Strength
(RSS) at the specified locations in the covered area is necessary, no matter what kind
of sensor is employed. Then by comparing the similarity between the measurements
and the fingerprints in the database, the localisation of the agent can be obtained.
Wifi is a common choice as in [132]. However, another work [6] has utilised different
sensor modalities including sound, light, colour and even the users motion. Finger-
printing is a completely data-driven method which means the data collected directly
determines its performance. Once the environment is changed, the survey process
must be conducted again and this process of obtaining environment information is
usually expensive. There are also many systems applying lateration and angulation
methods, which require the position of signal emitters like Access Points (AP) to be
known. Thus by applying a physical model of signal propagation, the system can
calculate the position of users with signals received from multiple or a single emitter
[131, 68]. Some of these systems can achieve high accuracy but one of their limitations
is that certain materials and the rearrangement of objects within the environment af-
fect the propagation of radio waves and thus influence the measurement accuracy.
Similarly, optical trackers such as the Vicon system [92] also fall into this category. Tt
utilises multiple infra-red cameras to track reflective markers mounted on the moving
objects and can reach a millimetre-level resolution.

On the contrary, for systems that do not require prior knowledge about the en-

vironment, they only utilise the information collected by the agents’ sensors. One
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representative systems is visual localisation [29, 126], which is popular in robotics
due to the low cost of a camera and its high accuracy. Its bottleneck includes lim-
ited computational power and sometimes not robust to the change of environments,
e.g. variation of light. Another frequently used sensor in infrastructure-free IPS is
laser range finder [81, 82] which outperforms others in terms of accuracy. But it
also contains the disadvantage of high energy consumption and monetary cost. Be-
sides the above two kinds of infrastructure-free IPS, others may utilise magnetic field
sensors [158] or inertial sensors [167] which often contain a severe tradeoff between

manufacturing cost and measuring accuracy.

2.2.2.2 Map Representation

The environment can be described by a map in different forms. Commonly used
representations for robot navigation are grid map, landmarks and point clouds.

The grid map representation was firstly proposed in 1987 [34] and has been broadly
applied with ranging sensors based navigation systems. The world is modelled as a
fine-grained grid over the continuous space of locations in the environment. Each grid
contains a certainty value, indicating the possibility of this position being occupied
by an object.

Landmark representations [76] are used when the observed features in the envi-
ronment are sparse and can be identified, e.g. beacons. In this case, the map records
the position and uncertainty of each feature, namely a landmark.

Point cloud [165] is a formulation suitable for 3D spaces which contains the po-
sitions of all the detected feature points in the environment. It is popular among

navigation systems that use 3D LiDAR or camera sensors.

2.2.2.3 Simultaneous Localisation and Mapping

Simultaneous Localisation and Mapping (SLAM) [33] wherein the robot must incre-
mentally build a consistent map of an unknown environment while simultaneously
localising itself on this map. Note that both the trajectory of the robot and the map
are estimated on-line without the need for any prior knowledge of location and the en-
vironment. This makes SLAM occupy an important place in the robotics community
as it can provide the means to make a robot truly autonomous.

SLAM is formulated and solved in different forms where the probabilistic SLAM
[150] is usually considered as the most broadly accepted formulation. And now, in the

theoretical and conceptual level, it can be regarded as a solved problem with various
solutions, e.g. extended Kalman filter (EKF-SLAM) [7], Rao-Blackwellized particle
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Figure 2.4: A simple instance for GraphSLAM. The blue triangles represent poses of
the robot at different time steps and the red circle denotes the different landmarks
which construct the map of the environment. Furthermore the back lines are the
trajectory of the robot while the dashed lines indicate the observations to landmarks
by the robot

filter (FastSLAM) [105] and graph theory (GraphSLAM) [151]. However, substantial
problems remain open when considering a practical implementation in large scale
problems.

Computational complexity is the first problem. The state-based formulation of the
SLAM problem involves the estimation of a joint state composed of a robot pose and
the locations of observed stationary landmarks where each landmark denotes a feature
point in the map. Therefore, when the robot traverses a long path and an increasing
number of landmarks are recorded in the map, the state vector grows linearly and
its corresponding covariance matrix grows quadratically. The other problem is with
dynamic environments. Real-world environments contain numerous dynamic objects
such as human and other movable or changing objects like chairs and doors. These
all disobey the static world assumption in most of the SLAM algorithms and can
result in conflicts when updating the map through data association. For instance, if
a robot comes back to a recorded place in the map after a long journey, it will try
to close the loop by matching its current observation with the map to diminish the
drift. A non-trivial change that has occurred in this place may lead to the failure of

the association, introducing an inconsistent map.

2.2.3 Path-Planning

When the robot is able to self-localise and the goal is also singularised in the map, it
is ready to find a path towards the destination. Path-planning algorithms are used to

generate a collision free path to the destination with the least costs under a certain
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criteria, e.g. time, energy or the length of path. It can be generalised into two different
categories, i.e. off-line and on-line, based on whether the complete description of the
environment is provided.

In off-line path planning problems, since a full map of the environment is given,
searching the optimal path is relatively easier compared to the on-line problem.
Lozano-Perz and Wesley initiated this field with ideas such as configuration space,
visibility graph and cell decomposition [85, 84| in early years. These methods can
be effective in simple environments but are computationally expensive in complex
scenarios. Thus some optimisation tools like genetic algorithms and particle swarm
optimisation are exploited to generate more efficient solutions. [166, 117].

On-line path planning has wider application for robot navigation as it can tightly
cooperate with SLAM algorithms where the robot simultaneously builds the map as
it traverses the environment. Artificial potential fields is one of the main approaches
[60], together with collision cones [23]. Similar to off-line problems, classic meth-
ods for on-line path planning are later improved with more computationally efficient
optimisation tools [155, 96, 91].

A more comprehensive review of path planning approaches is available in [118].

2.3 Mapless Robot Navigation

In this section, we explore the application of mapless navigation in indoor environ-
ments. As shown in Fig. 2.3, unlike map-based navigation, mapless navigation is
carried out with neither the pre-built description of the environment nor the on-line
construction of a map. That means the robot perceives the world only with current
or recent observations where the historical information (if used) is not associated to-
gether as a map. Note that it is still possible for the robot to form the current sensory
observation as a local map. Therefore mapless navigation mainly solves the problem
of obstacle avoidance, the back bone of robot navigation. Meanwhile, if there is a
goal provided by a path planner in its local coordinate system, the system approaches
this local destination as well. But if it is not goal orientated, it simply follows the
traversable areas.

We review mapless navigation systems with two different sensor modalities in this
section, i.e. ranging sensor based and vision based systems. With different sensing
approaches, those navigation systems focus on their own specialised problems. Since

obstacle detection is straightforward for ranging sensors, robotic researchers explored
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them in the early ages and proposed many efficient control principles. While for the

visual navigation systems obstacle detection is always regarded as the core difficulty.

2.3.1 Ranging Sensor Based Systems

In ranging sensor based systems, the obstacle detection is relatively easy as the dis-
tance between the robot and objects in the environment is available from the raw

sensory data.

2.3.1.1 Edge-Detection Based Methods

The approaches based on edge detection [14, 71] were the earliest methods. An
algorithm firstly detects two vertical edges of the obstacle with ultrasonic sensors.
The line connecting those edges is defined as one of the boundaries of the obstacle.

The robot is then steered around the obstacle and reaches the destination.

2.3.1.2 Potential Field Methods

This kind of approach is based on a concept of imaginary force [60]. It comprises the
sum of a target-directed attractive force and repulsive forces from obstacles. In [69],
Krogh proposed to take the velocity of the robot into consideration in the vicinity of
the obstacles. Then, Krogh and Thorpe [70] integrated it with a global path planner
and proposed the “generalised Potential Field”. The above applications of potential
field rely on the assumption that we have description of the environment. But in
[4, 19], each ultrasonic sensory input generates a repulsive force. When the sum of
them reaches a threshold, the robot stops and turns to the directions suggested by
the attractive forces. In this way, the proposed potential field is able to be applied in
mapless navigation problems.

The Virtual force field approach [15] combines fields with a local grid map. How-
ever, it needs to build an on-line certainty grid map to record the obstacles in the
environment during navigation. Vector field histograms [16] were proposed based
on virtual force field with the aim of being computationally efficient, robust, and
insensitive to misreadings. Its core idea is to use the statistical representation of
obstacles, through histogram grids which are suited to inaccurate sensor data, and to

accommodate fusion of multiple sensor readings.
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Figure 2.5: This figure illustrates the dynamic window approach. The white circle
and rectangles are obstacles while the blue rectangle is the robot and the dashed lines
are the sampled trajectories under different control actions. Based on the prediction,
the robot will choose to go straightforward to avoid the obstacles on both sides.

2.3.1.3 Dynamic Window Based Methods

The dynamic window proposed by Fox et al. [36] is another pioneering work in ob-
stacle avoidance. As shown in Fig. 2.5, it discretely samples in the robot’s control
space. For each sample velocity, it performs forward simulation from the robot’s cur-
rent state to predict what would happen if the sampled velocity were applied for some
(short) period of time. Then each trajectory resulting from the forward simulation
is evaluated, using a metric that incorporates characteristics such as proximity to
obstacles, proximity to the goal, proximity to the global path, and speed. The illegal
trajectories (those that collide with obstacles) are discarded. Finally it selects the
highest-scoring trajectory and calculates the associated velocity to the robot. This
method is derived directly from the dynamics of the robot, and is especially designed
to deal with constrained velocities and accelerations.

It is improved in [18] which combines planning and real-time obstacle avoidance
algorithms to generate motions for mobile robots that achieve the robot’s task, while
securely navigating in an unknown environment. Based on this, Damas and Santos-
Victor [27] took the velocity of the obstacles into consideration and proposed an

approach that is effective in dynamic environments.

2.3.2 Vision Based Systems

Since there is no explicit geometric information in the sensory observations, using

vision is more difficult than applying ranging sensors for robot navigation. The core
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Figure 2.6: Output of optical flow. The green arrows display the direction of moving
pixels while the dots represent the static ones.

problem is how to detect the obstacles or traversable areas from the images. In
this section we focus on reviewing the existing approaches with traditional computer
vision techniques. The recent approaches via deep learning will be mentioned in later

chapters.

2.3.2.1 Optical Flow Based Approaches

Optical flow was firstly introduced by Gibson [40] and became a fundamental concept
in computer vision. As shown in Fig 2.6, it tracks the relative motion of pixels in a
sequence of images based on two assumptions. The first is that pixel intensities of
an object do not change between consecutive frames and the second is neighbouring
pixels have similar motion. These two assumptions enable us to match pixels in two
frames. Then the direction and magnitude of relative translation or rotation between
paired pixels in two frames are calculated to represent the relative velocity of each
feature point w.r.t. the camera. Note that the optical flow can also be estimated
sparsely by tracking the detected feature points at each frame without considering
above assumptions. Based on the intuition that the near obstacles move fast while
the distant ones move relatively slow, it enables the robot to navigate in some simple
environments like a corridor.

Santos-Victor and Sandini [125] proposed a method by mimicking the visual cor-
tex of bees based on optical flow with two divergent stereo cameras which have no
overlapping fields of views. The core idea is to compare the different velocity of the
average optical flows calculated from the cameras on two sides which is then used to

formulate the error signal for a Proportional integral Derivative (PID) controller [5]
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to generate the actions.

In [21], the optical flow divergence is extracted from the sequential observations of
a monocular wide-field camera. Based on this, the time of colliding with the objects
in each direction are computed and the control signal is generated correspondingly.

Talukder et al. investigated the detection of dynamic objects based on the optical
flow extracted from the stereo cameras [147]. The main idea is that the moving
objects cause a discontinuity in optical flow and changes in magnitude w.r.t. the
background pixels. This work is later improved by combining the optical flow with
depth from stereo cameras [148].

In [63], the floor is segmented out by computing the plane normal from the image
sequence. A dense optical flow is firstly obtained from images and is then used to

calculate the normal for the sub-regions of the image.

2.3.2.2 Appearance Matching-based Approaches

Another kind of visual approach has a two-phase solution. Firstly it memorises the
environment by recording the observed images or the extracted prominent features
in the training phase. Then in the navigation phase, by matching the current obser-
vation with “memories” the robot can localise itself and generate correct actions to
travel through the same environment. We term this kind of approach as appearance
matching.

In [89], Matsumoto e.t al. stored the image sequence and the directional relations
between two consecutive images along the route in the training phase. While in the
testing phase, the robot detects its position, steering angle by comparing the current
observation with recorded images sequence. It is extended by using an omnidirectional
camera in [88] for a better matching accuracy and robustness.

In [179], the recorded image is encoded with a multi-dimensional histogram to
describe the appearance features e.g. colours, edge density, gradient magnitude and
textures. It largely reduces the memory consumption and enhances the retrieval
efficiency.

Remazeilles et al. [119] proposed to model the environment as an image graph
base in the off-line process. Then in each navigation task, relevant images are re-
trieved to form a desired route for the robot. Finally the 2d positions of the points
matched between the images in sequence are used to generate control signals based

on a potential field approach.
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Figure 2.7: The ground segmentation in [154]. Images in the left column are the
inputs where the area within black polygon is the proposed reference area for learning
ground texture. The right column illustrates the segmentation results.

2.3.2.3 Reactive Visual Approaches

This class of methods are usually focused on detecting the movable areas based on
some qualitative characteristics of the image and can avoid the computation of accu-
rate numeric values such as distance and coordinates of points.

Shakey [111] is one of the pioneer systems in this field. It navigates in an artificial
environment where the obstacles are differentiated from the textureless floor based
on an edge detector. A similar method also appears in [54] where the robot is able
to navigate in a real indoor environment.

The above approach suffers from issues with environments with textured floors.
This is addressed by Ulrich and Nourbakhsh et al. in [154]. It is solved by learning
the colour features of the ground plane within a reference area proposed in the image
during a training phase as shown in Fig. 2.7. Thus the robot is able to classify pixels

in the images between floor and obstacles during the navigation.
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2.3.2.4 Feature Tracking-based Approaches

Tracking salient features in computer vision has contributed significantly to the field
of visual navigation. The first step is to find feature points in a pair of images with
feature detectors, e.g. edge [22, 47], corner [47, 120] or blob [9, 95]. Then features in
two images are matched correspondingly. When there are enough matched features,
the homography matrix is estimated and finally the relative rotation and translation
between two images are calculated.

H-based Tracker is proposed in [113] which tracks the corners in the indoor envi-
ronments. The tracker employs planar homographies and is initialised with 5 corner
points on the ground. This work is extended in [78] to detect the obstacles by recognis-
ing the feature points above the ground planar. A similar approach is also mentioned
in [83] where the obstacles are detected by searching for the feature points that can-
not be registered on the ground plane with the assumption of locally planar ground.
Additionally, in [180, 28], homography matrix is calculated and utilised to find the
ground plane based on previously tracked image corners with Harris corner detector
[47].

2.4 Discussion

Recent research has commenced the journey towards deploying DRL based navigation
systems on physical robots and some state-of-the-art solutions have been proposed
to solve the core challenges that mentioned in Sec. 1.2. However, they only address
those problems under limited situations and a practical navigation system which is
able to be generalised to different scenarios and deployed on various physical robots

has still not been concretely established.

2.4.1 From Simulations to the Real World

Domain randomisation is one possible solution to this problem [152, 122]. The core
idea behind this technique is to force the policy to learn with a randomised visual
appearance of the environment. It is simple, but the eventual performance heavily de-
pends on correctly selecting the distribution of random variables [108]. The dilemma
here is that a highly variant randomisation complicates the task and prolongs training
whilst a narrow distribution may not reach the target realistic domain.

Another branch bridges the “reality gap” by adapting visual observations between

synthetic and real domains. Bousmalis [17] and Stein [139] both suggest to render
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more realistic visual observations with generative models (virtual to real). These
are more straightforward approaches than domain randomisation but they result in
an additional computational burdens as they have to generate realistic images in
parallel with optimising the DRL policy during training. This problem is tackled by
preceding the adaptation operation in the real-world inference stage with an inverse
adaptation direction (real to virtual) as presented in [175, 57]. However another
problem which largely discounts the practicality of this category of methods is that
the trained adaptation network is tailored to a specific virtual/real environment pair
and lacks generalisation ability to environments with apparent visual change. This
becomes even more apparent in indoor environments which have a huge diversity in
visual appearance.

In Chapter 3 we are the first to propose a more practical and task-oriented type
of solution. It minimises the discrepancy between synthetic and realistic data by
projecting the visual observations to another modality, i.e. depth. It is easy to imple-
ment for both training and testing. The ground truth depth information is provided
in most robotic simulators, e.g. ROS Stage', ROS Gazebo? and Carla [31]. Mean-
while, when testing in the real world, it can be estimated from visual observations
with an off-the-shelf depth prediction network [75, 1] which is usually generalised to
various indoor scenarios. Another reason for using depth information as the bridge is
that the directly provided distances between the robot and objects in the environment

facilitates easier learning of obstacle avoidance.

2.4.2 Speeding up Training in Simulations

Dealing with the inefficient sample usage of DRL has been a long-established topic
in the machine learning community. To maintain the generalisation ability to various
kinds of tasks in machine learning area, many theoretical [162, 127] and systematic
[101] methods are introduced. Those methods improve the training efficiency by op-
timising the learning mechanism itself but do not consider any extra information.
However, different from the generalised machine learning area, there are many con-
ventional methods for robotic tasks such as mapless navigation that can be utilised
as the prior knowledge for learning a policy.

Learning from demonstrations (or imitation learning) [32] leverages both the in-

teractive learning pattern in RL for gaining the robustness and the efficient learning

thttp:/ /wiki.ros.org/stage_ros
Zhttp://wiki.ros.org/gazebo_ros_pkgs
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signal in supervised learning by forcing the network to mimic the behaviour of an ex-
pert. However, it is limited to expert controllers which themselves are usually difficult
to establish in robotics.

Another method is to embed conventional controllers into the navigation system
as in [170]. It only learns a planning strategy with reinforcement learning to assign
different reference signals to a low level controller in different situations. Although
this method effectively accelerates the learning process in the early stage, its final
performance is bounded by the low level heuristic controller.

Therefore, in Chapter 4, we introduce a novel framework where all classes of
heuristic controllers, no matter expert or simple, are only regarded as guidance to re-
duce the variance in the learning process of an off-policy DRL approach, e.g. DDPG.
Under this framework the underlying DRL approach can learn rapidly from the guid-
ing controllers in the early stage and automatically discard them when its policy has
an upper hand and then continues to learn with self-exploration. The utilised heuris-
tic controllers can be naive or expert as the performance of this “soft” guidance only
affects the rate of acceleration brought to the learning process but does not restrict

the learning of the underlying DRL approach.

2.4.3 Learning Global Mapless Navigation

Generalising the learnt navigation policy to unseen environments is still an unsolved
problem in DRL, hence its application to global mapless navigation is also of great
difficulty. Many pioneering works [99, 181, 98] do not consider this problem, as their
shortest path policy is achieved by memorising all the environmental information with
the deep neural network. Some others must be provided with an metric or graphic
map to transfer the policy to a new environment [46, 20, 157].

For learning a transferable mapless navigation policy, solutions similar to conven-
tional visual teach and repeat (VT&R) [37] were introduced in [143, 72, 53] recently.
They only require a image sequence, that may or may not be paired with actions,
as guidance which is much easier to acquire in contrast with a map. However, a
constraint is that the movement between each adjacent piece of guidance must be in-
cremental, otherwise the navigation system may easily get lost amongst the guidance.
This results in the requirement for a high density of guidance information, impacting
communication and memory, especially in a multi-agent setting. Additionally, system
autonomy and robustness to altered or dynamic environments is also limited due to
its strong reliability on the dense guidance. Interestingly, using a panoramic camera

as mentioned in [53] can enhance the robustness to minor changes of the environment
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as a wider field of view brings richer visual information and enables the robot to carry
out the homing task[3].

A much more sparse and efficient guidance, i.e. natural language, has also been
used to attempt to learn visual mapless navigation [159, 51] but only in simulation.
The extreme sparsity, ambiguity of natural language and the difficulty of perceiving
multi-modality observation (vision and language) for robots prevents natural language
from being an accurate and reliable guidance for a real time robot control problem.

To establish a visual mapless navigation system whose navigation experience can
be easily and efficiently generalised to unknown scenarios, deployed on physical robots
and shared among multiple agents, we proposed a novel navigation system in Chap-
ter 5. Its navigation policy can be transferred to new scenarios with the minimal
description of the environment, i.e. a few snapshots of the environment paired with
directional commands. Such a guidance can be easily extracted from one agent’s
experience and shared to others. The proposed system can also be straightforwardly
deployed on real robots due to a two-level hierarchy where each layer learns a robust

sub-policy with data from different domains.
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Chapter 3

Visual Obstacle Avoidance: From
Simulation to Real World

This chapter aims at addressing the challenging problem of bridging the reality gap
from simulated to real environments and focuses on the particular task of monocular
visual obstacle avoidance. Obstacle avoidance is a fundamental ability in robot nav-
igation which is relatively simple for a DRL policy to learn. The main issue tackled
here is whether the robot can learn to navigate around obstacles when only supplied
with monocular visual observations from a simulator as training data. Our aim is
to examine whether our proposed approach can transfer the perception of the learnt
policy accurately from simulation to the real world, without being trained with real
world data. Extensive experiments verify the effectiveness of the transferred obstacle

avoidance policy and its robustness to various real world scenarios.

3.1 Introduction

When mobile robots operate in the real world, subject to ever varying conditions, one
of the fundamental capabilities they need is to be able to avoid obstacles. Although it
can be partially solved with a global planner to propose a collision free path according
to the map, it is more important to accomplish this function based on the on-board
sensors of the robot due to dynamic objects as well as changes in the environment.
As a long established problem in robotics, obstacle avoidance is typically tackled
by approaches based on ranging sensors [35], e.g. laser scanner and sonar sensors.
They can directly measure the relative position between the robot and obstacles
which largely simplifies the problem. However, ranging sensors only capture limited
information and some of them are expensive or are too heavy and/or power consuming

for a particular platform e.g. a UAV. Monocular cameras on the other hand, provide
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rich information about the robot’s operating environment, are low-cost, lightweight
and applicable for a wide range of platforms. Unfortunately, when perception of range
is obtained by monocular vision, i.e., RGB imagery, the obstacle avoidance problem
becomes surprisingly difficult. This is because the 3-D world is flattened into a 2-D
image plane, eliminating direct correspondence between pixels and distances.

Deep Reinforcement Learning (DRL) has recently achieved, or exceeded, human-
level performance in complex tasks based on high dimensional visual observations such
as playing Atari games [104]. Its direct mapping from raw appearance inputs to action
outputs relieves the system from manually designed feature extraction on images
which can be unstable in many situations e.g. when changing lighting conditions or
facing a textureless surface. In addition, DRL learns from the interaction with the
environment and optimises its policy according to the experienced rewards, making
it possible to eventually outperform heuristic approaches [138, 154, 13]. Although it
possesses the above advantages, a large restriction of DRL based approaches is the
demand for interactive learning samples, making training in the real world almost
impossible, especially for mobile robots. It is time and labour expensive and can also
incur safety problems. Therefore DRL currently only has remarkable performance
in virtual environments where training is affordable. Transferring the learnt policy
from simulation to the real world remains an open problem and a key limitation for
applying DRL to real robot problems.

In this chapter, we propose a deep neural network based obstacle avoidance sys-
tem, utilising an on-board monocular camera for environment perception. The train-
ing is purely carried out in simulation and can be eventually generalised to various

real-world scenarios.

3.2 Related Work

A standard framework to solve the obstacle avoidance problem consists of two steps,
firstly making use of visual information to infer traversable spaces and obstacles, and
secondly applying conventional path planning strategies. Recovering visual geometry
is a common approach to detecting obstacles, e.g. through optical flow [138, 90],
detection of vanishing points [13] and even visual SLAM [109]. Segmenting traversable
areas, such as floors, based on visual appearance [154] is also a popular method.
Once the surroundings are understood, various conventional path planners can then
be employed to drive robots along traversable routes [36]. Although the described

methods are able to decouple planning from visual information and hence benefit

35



from conventional path planners, they usually require a large number of parameters
which need to be manually tuned to plan feasible paths. It is also challenging for
them to automatically adapt to the new operating areas.

Supervised deep learning based path planning which learns how to avoid collision
is becoming increasingly popular. In particular, with the recent advances of deep
learning, several end-to-end supervised learning approaches are proposed to directly
predict control policies from raw images [61, 42, 144] without following the previous
two-step framework. Therefore, they can avoid complex modeling and parameter
tuning of conventional path planners. Convolutional Neural Networks (CNNs), for
example, are trained to enable flying robots to navigate in complex forest environ-
ments [42]. However, due to their supervised nature, these approaches need manual
labelling which is time-consuming and labour-intensive to obtain.

Self-supervised learning can be used to automatically generate labels for path
planners with the aid of additional feedback. For instance, in [172] an algorithm is
designed to label trajectory classes for a CNN based model by using 3D cloud points.
[38] proposes to train a drone controller by predicting when it crashes. Although self-
supervised learning is a feasible approach to benefiting from large datasets without
human supervision, the learnt policy is essentially bounded by the label generating
strategy.

Reinforcement learning explores policies though trials, and has been applied to
vision based obstacle avoidance in [94]. However, the raw image is encoded as several
levels of depth to predict a suitable control strategy. Deep reinforcement learning
(DRL) has recently been shown to achieve superhuman performance on games by fully
exploring raw images [104]. Since DLR usually utilises a much weaker learning signal
compared with supervised learning, it requires a much larger training dataset. This
makes it difficult to directly use DLR for robotic applications in reality. Therefore,
simulations which have a failure-and-recovery mechanism are usually used for training
rather than real world exploration [100]. The trained networks can then be transferred
to real robots. Although this has been successful when using laser scanners [146] and
depth images [145], it is significantly more difficult for vision based models [38].
Recently the authors in [123] propose to train a network as a collision predictor
entirely in a 3D CAD model simulator and highly randomise the rendering settings,
approximately regarding the real world as a subset of training data. Although their
model can be extended into the real world, it requires substantial computational
resources to generate the huge dataset and train on it and lacks a systematic method

to tune the randomisation parameter.
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Figure 3.1: Network architecture of monocular image based obstacle avoidance
through deep reinforcement learning. A fully convolutional neural network is firstly
constructed to predict depth from a raw RGB image. It is then followed by a deep Q
network which consists of a convolutional network and a dueling network to predict
the Q-value of angular actions and linear actions in parallel.
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3.3 Problem Formulation

We formulate the monocular vision based obstacle avoidance problem as a decision
making process (MDP) which has been briefly introduced in Chapter 2. Here we
model the rgb camera image z; at time ¢ € [0,7] as the agent observation and the
desired control command a; = (a},ay) € &/ as its action, where a} and af are the
linear and anglar velocity respectively. Then, each time the agent chooses an action
a; according to the observation x; it obtains a reward r;. Again, the aim of the MDP
is to maximise the accumulative future reward R; = Zit ~Ttr., where v is the

discount factor.

3.4 Model and Training Details

The system is modelled with a deep neural network as shown in Fig. 3.1. It consists

of two modules, a depth prediction network and a Q-value estimation network.

Depth Estimation The depth estimation network is implemented by a fully convo-
lutional residual network (FCRN) in [75], predicting depth information from a single
RGB image. It firstly extracts depth information from the RGB image and converts
it into feature vectors and then reconstructs the depth image accordingly.

The FCRN is initialised with a pre-trained model provided at https://github.
com/iro-cp/FCRN-DepthPrediction which is optimised based on the NYU dataset
[110]. Next, it is retrained with 10k images collected through a Microsoft Kinect!

camera. The learning rate is set as 107°.

thttps:/ /en.wikipedia.org/wiki/Kinect
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Figure 3.2: Given a batch of training data, including current state z;, action a, reward
r, and resulting state x;,1, the training procedure of D3QN is shown in the figure.
@, © and ® are element-wise operations for addition, subtraction and multiplication.

D3QN The Q network is implemented as the DQN combined with the double net-
work and dueling architecture introduced in Chapter 2.1.6.1. As shown in Fig. 3.1,
it consists of three fully convolutional layers and fully connected layers. The former
are used to extract useful features for obstacle avoidance from depth images. It is
worth noting that the input is four consecutive depth images in order to alleviate the
problem of partial observability. All the dense layers are divided into two branches
according to the dueling network architecture and each branch estimates the value
and the advantage respectively. With this structure, the learning efficiency and final
performance is improved by a large margin which is attributed to the decomposition
of predicted Q values. The value represents the maximum of all possible Q values.
Therefore the advantages, which are calculated by subtracting the value from Q val-
ues, are scaled around 0. It is more efficient for deep neural networks to learn through
back propagation, but keep the relative relationship between all ) values unchanged.
Hence, it boosts the learning of policy as the network only needs to learn accurate
advantages to know which action to choose.

This network is optimised according to the double network mechanism which
is illustrated in Fig. 3.2. The target network shares the exact same architecture
as the online network. However, unlike the online network which updates weights

by back-propagation at every training step, the weights of the target network are
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fixed over a short period and then copied from the online network. Based on this
two-network framework, [156] claim that the online network should be used to select
actions whilst the target network should be used to solve the problem of overoptimistic
value estimation [48]. More specifically, the resulting state z,,; is employed by both
the online and target networks to compute the optimal value Q' for time ¢ + 1.
Then, with the discount factor v and current reward r;, the target value y at ¢ is
obtained. Finally, the error is calculated by subtracting the target value from the
optimal value Q* predicted by the online network, given current state x, and is then

back-propagated to update the weights.

Reward Shaping The design of the reward function plays a crucial role in learn-
ing a valid policy. A more instructive reward can largely facilitate the training but
may introduce human bias and cause the system to deviate from the optimal policy.

Therefore we propose the following reward function:

= {Rcrashy if robot crashes (3.1)

v * cos (wy)ot, otherwise

where v and w are local linear and angular velocity respectively and 4t is the time for
each training loop which is set to 0.2 second. If a collision is detected, the episode
terminates immediately with an additional punishment of R...s, = —10. Otherwise,
the episode lasts until it reaches the maximum number of steps (500 steps in our
experiments) and terminates with no punishment.

This reward function is different from the broadly utilised sparse reward function
where the agent only receives the feedback until the termination of an episode. It
provides detailed preference on robot’s behaviour, encouraging the robot run as fast
as possible and penalising it for rotating on one spot, which effectively reduces the
amount of learning samples for the agent to converge and enhances the learning ef-
ficiency. Although this human preference in reward function may deviate the robot
from the optimal policy which can be learned from a sparse reward function, it re-
sults in acceptable policy performance in the obstacle avoidance task through our
experiments.

The D3QN model is trained in two simulation environments, simple and complex
ones, both of which are built in the Gazebo simulator as shown in Fig. 3.3. The D3QN
model is firstly trained in the simple environment before being further trained in the
complex scenario. The trained model in the simulator is directly tested in several

different real world scenarios. The linear velocity is set to be 0.4 or 0.2 m/s, whilst
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Figure 3.3: Two simulation worlds in Gazebo used for training.

the angular velocity is §, {5, 0, —{5 or —% rad/s, producing ten different behaviours.
Throughout our experiments, a NVIDIA TitanX GPU is used for training whilst a
laptop equipped with a NVIDIA GTX 860 GPU is used for real-time inference and

testing in reality. The learning rate is set to 107° in an Adam optimiser [64].

3.5 Experiments

We carry out extensive simulated and real-world experiments to evaluate the proposed
obstacle avoidance system. At each training episode the robot is spawned at the centre
of the simulated environment, heading to a random direction. In our experiments, we
set the control frequency as 5 Hz and the maximum of training steps as 10k which
take approximately 5.5 hours without simulation acceleration. A Turtlebot 22 robot is
used to test the control strategy in real-time which mounts a kinect sensor. However,

only the rgb camera is utilised for real-world testing.

3.5.1 Training Efficiency with Different Models

To analyse the training efficiency and performance of the proposed D3QN model and
the advantage of introducing dueling and double techniques for obstacle avoidance,
two competing models, deep double Q network (DDQN) and DQN are compared. As
shown in Fig. 3.4, the D3QN model outperforms the other two both in terms of train-
ing speed and reward performance. Unlike DQN whose average reward only reaches
10, networks with a double network structure learn policies with higher rewards. This

may be because, the problem of overestimating the Q value hinders DQN to learn

2https://www.turtlebot.com /turtlebot2/
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Figure 3.4: Smoothed learning curves of the three models with average rewards ac-
quired by robot.

a robust policy from avoiding obstacles. With the dueling network learning the im-
portance of each action in different scenarios, the D3QN model further has another
advantage over DDQN. Not only does it demonstrate the superior performance on
obstacle avoidance but also points to an interesting direction of applying D3QN to

other robotic applications.

3.5.2 Real World Tests

Several experiments are conducted to directly test the trained models in the real

world.

3.5.2.1 Action Prediction from Static Images

Firstly, we examine whether for arbitrary, complex scenarios, the network is able to
predict a reasonable action that will avoid obstacles. As shown in Fig. 3.5, a number
of RGB images taken by a hand-held camera in a variety of environments including
library, museum, attic and bedroom are used to predict actions. The bars in the figure
indicate the Q value of each action: the first two bars are for linear velocity 0.2m/s and
0.4m/s, whilst the others are for the five angular velocity settings: frad/s, {5rad/s,
Orad/s, —{srad/s and —%rad/s. Note that these scenarios are more complicated than

the simulation ones used for training and none of them has been “seen” by the model
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Figure 3.5: Experiments in different indoor environments, e.g. library, museum, attic
and bedroom (from top to bottom). The underlying bars demonstrate the Q value for
each linear and angular action predicted by the network, where the red ones indicate
the actions greedily selected by the network. Notice that the first two are for linear
speed actions whilst the rest are for steering actions.
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Figure 3.6: Real world tests in three different scenarios. The curve below the image
streams shows the steering actions selected by robots at each step.

before. Nevertheless the trained D3QN model is capable of producing reasonable

actions to drive the robot according to the estimated @ values.

3.5.2.2 Tests in Three Different Scenarios

The trained D3QN model is tested for short-term (20s) navigation in three different
scenarios including a doorway, a corridor and an office. The steering actions and
some sample images of the three tests are given in Fig. 3.6. Specifically, Fig. 3.6a
shows the procedure of the robot passing the doorway. Although the steering action
of the robot is a little bit unstable when approaching an unseen obstacle (printer), it
can still pass the doorway successfully. For the corridor case, an obstacle is placed in
the middle of the corridor. As shown in Fig. 3.6b, the robot can navigate smoothly
through the narrow space between the obstacle and the wall. Similarly, the robot can
be controlled safely in an office room which is a more complicated environment with

many previously unseen objects in the simulator. The experiments validate that the
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Figure 3.7: Real world tests in a room with different number and placement of ob-
stacles. Rectangles show boxes whilst stars and circles are chairs and trash cans
respectively.

trained D3QN model enables the robot to avoid obstacles by only using a monocular
camera in different real environments, benefiting only from knowledge learnt in virtual

environments.

3.5.2.3 Tests in a Cluttered Environment

Several long-term experiments are conducted in a cluttered room to further test the
performance with dynamic layouts and objects. A Vicon system is used to record the
ground truth poses of the robot.

Fig. 3.7 records the trajectories of the robot when it is operating around many
obstacles. Green rectangles denote fixed furniture whilst the orange ones are movable
boxes. Other obstacles include two chairs (stars), a trashcan (circle) and a small
suitcase (back rectangle). From the results we can see that the robot usually chooses
to go along a similar path. This is because after the QQ value of each state and action
pair is predicted by the network, the action is selected by a greedy policy, resulting in

a fixed policy for all states. Since the reward function defined in the training phase
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(a) Simple (b) Complex

Figure 3.8: Real world test in dynamic environments. The obstacles in grey are fixed
whilst coloured ones indicate the motion of movable obstacles at each time. The
number on the obstacles indicates the changing sequence.

prefers following a straight line to turning, the robot navigates along a loop with the
smallest curvature to maintain a maximum linear speed.

Fig. 3.8 presents the results when the robot is tested on two dynamic environ-
ments. In this experiment we dynamically moved objects in the environment and
verified that the robot was able to avoid them by using a monocular camera, which
further verifies the effectiveness of the proposed method. The video of another test
is available at https://youtu.be/qNIVgGARUDM.

3.5.2.4 Comparison with the Baseline Approach

In this experiment the proposed approach (Ours) is compared with an optic-flow
based baseline method [138] (OF). Note that the baseline method is implemented
based on the git repository®. Tests are carried out in two different environments, a
cluttered environment as shown in Fig. 3.7 and a corridor environment shown in Fig.
3.6b. In each environment 5 independent runs are carried out with an one-minute
time limit for each run. Meanwhile the number of collisions (NC) and the distance
before the first collision (Dsit) are selected as performance metrics.

Table 3.1 shows that our method significantly outperforms OF particularly in the

corridor environment. As shown in Fig. 3.9, this is because the textureless objects

3https://github.com/zainmehdi/Optical-Flow-based-Obstacle-Avoidance
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Table 3.1: Compare an optic-flow based baseline approach (OF) with Ours in two
different environments respectively. Each test consists of 5 independent runs with a
one-minute time limit. The used metrics are the number of collisions (NC) and the
distance before the first collision or timeout (Dist).

Cluttered Corridor

NC Dist(m) NC Dist(m)
OF 26 267 54 1.32
Ours 0.6 6.28 0.2 10.35

Figure 3.9: The left image is the feature detection result in the cluttered environment
and the remaining two are in the corridor environment.

(e.g. walls) in the environment hinder the feature detection which is fundamental for
the feature-based estimation of the optic-flow between two frames. This is a common

weakness of the conventional visual geometry based approaches.

3.6 Conclusion

In this chapter, we proposed a novel and practical solution to successfully transfer the
learnt DRL policy from simulation to the real world, for the task of monocular visual
obstacle avoidance. Our novel insight used to tackle the reality gap is to project from
the visual appearance domain of the scene to the synthesised depth domain. It is
simple to implement and can facilitate the learning of avoiding visible obstacles.
Extensive experiments show that the network can be trained solely in the simulator
and then directly deployed on real robots only by using monocular vision. In addition,
for the first time, the D3QN architecture is applied for a real-time mobile robot control
task which demonstrates boosted learning efficiency and robustness to noisy depth

observations.
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Chapter 4

Local Navigation: Speeding up
Training with Guidance

Having explored the problem of bridging the reality gap on the task of obstacle avoid-
ance, we are now in a position to investigate the second challenge. The aim is to speed
up training in the simulation for learning a more complex task, i.e. local navigation.
Local navigation requires the robot to 1) reach a specified destination in the local co-
ordinate frame and 2) avoid obstacles on its way. Since either of the above goals can
be partially solved by a simple conventional controller, in this chapter, a novel frame-
work is proposed to leverage these simple controllers to guide and boost the training
of an off-policy DRL approach, i.e. DDPG. The proposed framework is implemented
with two algorithms respectively, AsSDDPG for the deterministic guidance and SGuid-
ance for a stochastic variation. The experimental results show that both algorithms
effectively boost the training of DDPG especially when using a sparse reward func-
tion. We further note that SGuidance outperforms the deterministic version, reaching

near-oracle performance.

4.1 Introduction

Local navigation, where a specific destination is defined in the local coordinate frame
of the robot, is a more complicated task in robot navigation compared with obsta-
cle avoidance as it requires a more nuanced control policy that can simultaneously
approach the destination and bypass all the obstacles.

Deep Deterministic Policy Gradient (DDPG) [79] is an actor-critic algorithm that
is suitable for such a continuous control task in principle, but in practice the cost of
exploration in complex navigation environments can be prohibitive. Since an agent

must stochastically explore a long sequence of states during each training episode,
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high variance becomes the main bottleneck that hinders DDPG from learning effec-
tive DRL models. In order to mitigate this issue, conventional architectures generally
require a huge number of learning samples, resulting in high computational and en-
vironmental costs.

In the machine learning community, researchers mostly focus on algorithmic tech-
niques for accelerating the training of DRL, such as parallel training [101] and data
efficiency [127]. However, these algorithms do not consider the context of a specific
task, which can be valuable for training. The local navigation task, in our case, does
have existing solutions which could benefit the training of DRL. Although these solu-
tions may not be optimal, they still outperform a random exploration policy in most
cases. How to fully exploit and benefit from prior approaches and tightly combine
them with DRL to accelerate training is an important, yet open, topic.

In this chapter, we propose a new framework that allows an agent to switch
between high variance controllers (e.g. DDPG), and low variance controllers (e.g.
simple deterministic controllers), effectively allowing the DDPG component to be
quickly bootstrapped instead of starting from completely random moves.

Furthermore we have proposed two different approaches of learning the switch
policy. One is the Assisted DDPG (AsDDPG) which uses DQN to deterministically
use the controller with the highest Q value. The other is the Stochastic Guidance
(SGuidance) that learns a probabilistic distribution with REINFORCE algorithm to

sample the action from different controller accordingly.

4.2 Related Work

Many works have applied DRL on robotic problems, e.g. navigation [146, 181, 124,
168, 153, 174, 173] and manipulation [45, 171]. Since most of the robotics problems
involve continuous control, policy based approaches such as policy gradient [142] or
actor-critic method [44], e.g. DDPG [80], are widely used. However, due to the
high complexity of the environment, they usually require a large number of learn-
ing samples to cope with the high variance problem. Introducing inductive bias [52]
is a common approach for alleviating the issue. [127] assigns higher weights to the
data where the model has less confidence to improve the efficiency of sample usage.
[55] leverages the concept of information gain when exploring new policies. There
are other approaches that accelerate training without additional bias such as parallel
training [101], where the variance is suppressed by simultaneously collecting multiple

diverse learning episodes. In [162], an advanced network architecture is proposed
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to factorise the estimation of Q-value into value and advantages. Unlike the above
approaches where bias is tightly merged into the models, our framework incorpo-
rates extra knowledge as stochastic guidance without imposing any change to the
underlying approach.

Yang et al. [173] proposed a hierarchical reinforcement learning based method. It
learns basic skills with multiple independent actors and finally samples actions from
the one with the highest Q-value estimation which is similar to the deterministic
AsDDPG implementation. However our goal is only to assist the training of DDPG
and eventually discard the other controllers.

Thompson Sampling [62] shares with SGuidance the idea of learning to switch
among different controllers. The difference is that, instead of explicitly calculating
the posterior for updating in Thompson Sampling, our framework directly employs
neural networks to construct the latent distributions which are trained jointly with the
DDPG component by backpropagation. The advantage is that the switch function can
be easily built and conditioned on all of the sensor inputs so that it chooses different
controllers according to different contexts/conditions. In addition, the target of our
framework is more focused on training a better DDPG component, which is able to
benefit from the low-variance gradient estimator due to the better samples generated
by the stochastic switch.

In [77], Leonetti et al. introduced another approach to incorporate external infor-
mation into the training of DRL approaches. It utilises a global planer to constrain
the available actions for DRL based on a map of the environment, which however is
not compatible with our mapless navigation task. Additionally, in our framework,
DDPG can explore the full action space by itself alongside the guidance during the
entire training process and can eventually work independently.

Xie et al. [170] proposed to learn a feedback planning policy with a DRL approach.
The planner learns to assign different reference signal for a low level PD controller
to control a bipedal robot in various situations. Although this method effectively
accelerates the learning process in the early stage, its overall performance is bounded
by the low level heuristic controller, no matter how good the learnt planning policy
can be. Here, the heuristic controllers represent some sub-optimal controllers designed
based on human knowledge.

The proposed framework is also related to imitation learning [32, 115]. In the
imitating approaches, the demonstrator must be good enough to solve the problem.
But our approach stays in a larger spectrum since it should be compatible with both

simple heuristic and complex learnable controllers. This is because, how to use these
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controllers is decided by the switching policy. It learns to use suitable controllers
under different observations and these controllers might be completely useless in other
cases. Furthermore, after obtaining a good DDPG component, all of the heuristics
(or controllers) can be removed, and we are able to test in the environment just by

the DDPG component without any of the other controllers.

4.3 Problem Formulation and Assumptions

We can consider the local navigation problem as a decision making process [10] where
the robot is required to avoid obstacles and reach a target position. At time ¢ € [0, 7]
the robot takes an action a; = [v;,w;] € &/ according to the observation x; which
controls the linear velocity v; and angular velocity w; of the robot. After executing
the action, the robot receives a reward r; given by the environment according to the
reward function and then transits to the next observation x;,,. The goal of this deci-
sion making procedure is to reach a maximum discounted accumulative future reward
R, = Zf:t ~Ttr,, where v is the discount factor. Note that since this chapter only
focuses on accelerating training in simulation, we directly apply the geometric sensory
data, e.g. laser scans or depth camera in different simulators, as the observation.

The reward function r, at time t is defined as:

Rerash, if robot crashes
re = § Rrcachs if robot reaches the goal (4.1)
(di—1 — dy) cos (wy) — C,  otherwise

where R..qsn is a large penalty for collision, R,..n is a positive reward for reaching
the goal, d;_; and d; denote the distances between the robot and the goal at two
consecutive time steps t — 1 and ¢t and C' is a constant time penalty which encourages

the robot to approach the goal quickly.

4.4 AsDDPG: Learning with Deterministic Guid-
ance

The main insight behind our framework is to provide a simple controller to assist
the network in policy exploration, accelerating and stabilising the training procedure.
We term the deterministic implementation of our framework as Assisted DDPG, or
AsDDPG for short. The intuition is simple: a naive control law will outperform a

random strategy for simple tasks e.g. driving in a straight line.
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Figure 4.1: A deep neural network is trained with an actor-critic Reinforcement
Learning approach to learn local planning for robot navigation. The critic-DQN
network assesses both the performance of the external controller, e.g. a PID controller,
and the policy network, selecting actions from a better one according to the situation.
All the resulting learning samples are stored in the replay buffer. Therefore, the policy
network can improve itself either by imitating the external controller or by examining
its own policy.

However, instead of simply treating this controller as an independent exploration
method like e-greedy, we combine the critic network with a DQN to automatically
judge which policy it should use to maximise the reward as shown in Fig 4.1. Es-
sentially, the augmented critic network controls a switch which determines whether
the robot follows the controller’s suggested actions or the learned policy. This can
avoid manually tuning parameters to decide when and how to use such an external
controller, potentially deriving an optimal strategy.

Since AsDDPG is an off-policy learning method where the network learns from
a replay buffer, regardless of the current policy, the actor network can benefit from
learning samples generated by both its own recorded policy and the assisting con-
troller. Initially, the simple controller will be chosen more frequently as the optimal
policy. However, over time, the learned policy will outperform the simple controller
in terms of total reward. Once training has converged, both the critic and the exter-

nal controller can be discarded, and the robot simply navigates based on the learned

policy.
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Figure 4.2: Network architecture. Network layers are demonstrated by the rectan-
gles. Orange arrows indicate the connectivity between network layers and some other
components, e.g. input state and the output of the simple controller. The final action
is selected based on the Q value predicted by the critic-DQN.

4.4.1 Heuristic Controller

We firstly introduce the simple controller which is used as the external guidance.
It is a P controller which is s special case of proportional-integral-derivative (PID)
controller with proportional term [5] and derives action from the relative position of

the destination [Zjocal, Yioca] in TObot coordinate frame as:

ay = Kp : [xlocah ylocal]T, (42)

where K, is a two-dimensional coefficient vector for the proportional term. PID
controller is one of the most widely used and successful control mechanisms. However,
without considering geometric observation, it does not have an obstacle avoidance
capability. The use of a simple P controller rather than a full PID controller is that
the latter may introduce too much bias for the learning process and would possibly

become harmful for reaching the optimal policy in the late training stage.

4.4.2 Network Architecture

Then, to bring the previously discussed intuition into practice, we implement the
network architecture shown in Fig. 4.2. It includes three parts, namely feature ex-
traction (blue), policy network and assistive controller (red), and the augmented critic

network (green).
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The first part of the system is the 1-D convolutional layers which are utilised to
extract features from the stacked dense laser scans. The activation applied is ReLLU.
We find these convolutional layers to be typically important for the policy to reach
both a good performance for obstacle avoidance and an acceptable generalisation
ability in the real world. In [146], the author only uses a sparse laser scan (10
beams of a scan) which enables good generalisation in different scenarios. However,
it is difficult for the robot to avoid small obstacles smoothly. Intuitively, decimating
a high-fidelity observation loses information and is not ideal. Thus, we prefer to
keep the dense laser scans as input and instead apply 1-D convolutional layers to
learn efficient features for our task. Stacking inputs across multiple timestamps also
provides more information on the environment.

The second part is the policy network with fully-connected layers, estimating the
optimal linear and angular speeds for the robot based only on features extracted from
the input state (e.g., laser scans, current speed and target position in local frame).
Note that the activations for these two outputs are sigmoid and tanh, respectively.
The external controller also generates a control signal (policy) based on the error
signals between current and target positions.

Finally, the Critic-DQN constructed with fully-connected layers is the third part.
It has two branches: one is the critic branch where the action is concatenated into
the second layer; the other is DQN branch where we apply dueling [160] and double
network architecture [156] to speed up the training and avoid overestimation. Note
that there is no nonlinear activation for its output layers. We discuss the critic in

more detail below.

4.4.3 Critic-DQN

The two branches of critic-DQN act respectively as 1) a criticiser, evaluating the
action output from the policy network and generating policy gradients, and 2) a
switch, deciding when to use the learned policies from the policy network or the
external controller.

The critic branch is similar to the original DDPG. However, it estimates the
advantage A™(x, a) from Q-value Q™ (z, a) for each state-action pair. This is leveraged
by a dueling network in DQN branch where the value V™ (z) of each state will also be
learned. With the definition of advantage, it can be simply calculated as A™(z,a) =
Q™ (z,a) = V7™ (x) = Q™ (x,s) — V™ (x). Note that the action considered by critic-DQN
branch is the switching action s; rather than a; at each time step and is also different

from the concept of a sampled trajectory s defined in Sec. 2.1.6.2. According to [142],
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Algorithm 1 AsDDPG

1: procedure TRAINING

2 Initialise A(x,al6?), Q(z,s|6%) and 7(x|6™).

3 Initialise target network 64, 9" and 6™

4 Initialise replay buffer R and exploration noise €
5: for episode=1, M do

6 Reset the environment

7 Obtain the initial observation

8 for step =1, T do

9

Infer switching [Qpoticy, Qp] = Q (24, 5:[69)

10: st = argmaz([Qpoticy, Qp))

11: if s, == 1 then

12: Sample policy action a; = 7(x,|6™) + €
13: else

14: Sample action a; from external controller
15: end if

16: Execute a; and obtain 74, 2414

17: Store transition (xy, as, 7y, Tyy1, S¢) in R

18: Sample N transitions (z;, a;, 7, Ti11,$¢) in R
19: Optimise critic-DQN by minimising Eq. 4.3
20: Update the policy according to Eq. 4.4

21: Update the target networks

22: end for

23: end for

24: end procedure
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compared with Q-value, estimating the advantage largely reduces the variance and
is essential for fast learning especially for approaches based on policy gradient. The
entire critic branch is denoted as A(x,a|0?) while the part before estimating the
advantage is denoted as Q“(z, a|64).

The DQN branch estimates and compares the Q-values of either using the policy
from the actor network or applying actions from the external controller based on the
state inputs. It greedily switches to the one with a higher Q-value estimate. The
DQN branch is denoted as Q(z, s|09).

4.4.4 Training

Learning samples can be defined as tuples (xy, as, 1y, T411, S¢), where s; is a binary
variable, indicating the switching action. Among these variables, a; will only affect
the update for the critic branch while s, is only for the DQN branch.

In the critic-DQN, both branches optimise their network parameters through boot-
strapping. This means they learn from the temporal-difference (TD) error of the
Q-value estimation with Eq. 2.3. More specifically, weights are optimised based on

the following loss function L:

?JIA =r;,+ VQA/ (@41, 77/(%‘+1|97r,)|9A/)
Y2 = 1+ Q' (wiv1, argmax Q (s 1, 5i41]09))[09)

L=< " = QM ailt))” + 2 - Qi s169))).

(4.3)

i
where Q4| ' are target networks for the two branches and 7 is the indices of samples
in the batch. Note that the critic branch is updated through its QQ value estimation
instead of the final output advantage which is used for generating the policy gradient.

For the actor network, its weights are adjusted with policy gradients which are
defined in Eq. 2.8. This requires the critic branch to first compute the gradients of its
advantage output A™(x,a) w.r.t. the action a. This is then transferred to the actor

network to calculate the gradients w.r.t. the network parameters 67.

V@w J(&”) N E[V@wA(x, a‘@A)|z:$t7a:W($t‘gw)] =

N - (4.4)
E[VGA(%GW )|m:xt,a:7r(xt)v0”ﬁ(x"9 )|z:mt]'

Algorithm 1 outlines the entire training process of AsDDPG.
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Figure 4.3: The three Stage simulation worlds used for training. The gray rectangles are
obstacles while the blue one is the robot. The target position is randomly generated for
each episode.

4.5 Experiments for AsDDPG

Several experiments are conducted to evaluate the performance of the proposed As-
DDPG algorithm against the original DDPG for the robot navigation problem. We
train the networks in the Stage and Gazebo simulators and test the learned policy in
a real world scenario.

For the training in the Stage simulator, we use three environments as shown
in Fig.4.3. Both DDPG and AsDDPG are trained with the same reward function.
Specifically, it contains a sparse part R,cqen and Re..sn, Where the robot obtains a
large positive reward for reaching the goal and a large negative reward for colliding

with an obstacle, and a dense part as

Rcrasha if crashes
Tt = { Rreach, if reaches the goal
Yo((dioy — dp) At — C'),  otherwise

where d;_; and d; indicate the distance between robot and target at two consecutive
time stamps, At represents the time for each step, C is a constant used as time
penalty. and 7, is a discount factor.

Note that we introduced another reward discount factor v,. It is set to 1 for
using policy network but to a smaller number (e.g. 0.5) for penalising the usage of
the external controller when the dense reward is positive. This serves two purposes:
1) experimenting with the policy network more frequently and 2) learning faster on
how to work independently of the external controller. Theoretically, the network can
learn to gradually diminish the usage of the external controller since there is always

a better policy instead of utilising the external controller.
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Figure 4.4: Smoothed learning curves with different network hyper-parameters. The
figure illustrates the average performance of the network at each training step. Note
that MoveBase is selected as the baseline approach whose average performance reaches
a score at about 0.5.

The reward function above does not necessarily provide an objective performance
metric since it is designed to alleviate the training difficulty. Hence, in this experiment
we use a navigation task metric based on the time taken to reach the goal and whether
the robot reaches the goal. More specifically, each step gives a time penalty of —0.01

and reaching the goal gives a positive reward of 2.

4.5.1 Speeding up Training Procedure with Various Hyper-
parameters

A known problem of DDPG is the high sensitivity to network hyper-parameters.
Manually tuning hyper-parameters to make DDPG converge is very time-consuming
and is something that ideally could be avoided. Therefore, in this experiment, we
examine networks with three distinct settings, including two or three fully connected
layers with 100 neurons in each layer or three layers with 256 neurons.

The resulting learning curves over more than 100k training steps for the different
hyper-parameters are shown in Fig. 4.4. They demonstrate that AsSDDPG outper-
forms DDPG in terms of training efficiency, and is more stable than DDPG with
different network hyper-parameters. Note that DDPG with three layers and 256 neu-
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Figure 4.5: The usage of the policy network within an episode through the entire training
procedure in two different simulation worlds.

rons per layer fails to learn a reasonable policy. Furthermore, we use MoveBase! as the
baseline approach to show how the learnt policy compares with an existing determin-
istic approach. MoveBase package? is a widely used motion planner for mobile robot
navigation and is implemented in the ROS package named Navigation Stage. It con-
sists of a local planner [39, 36] and a global planner (implemented by A* algorithm).
The global planner generates an optimal path from the origin to the destination on
the global map of the environment, whilst the local planner dynamically avoids the
newly detected obstacles while moving along the optimal path. However, in the ex-
periment, the global planner is only provided with an empty map without recording
any obstacle in the environment for a fair comparison. Meanwhile, the local planner
is assigned with higher tolerance of deviating from the planned path according to the

observed obstacles by increasing the parameter “pdist_scale”.

4.5.2 Impact of Controller Parameters

In this experiment, several models are trained with different controller parameters in
two Stage worlds (Fig 4.3a and Fig 4.3b) to investigate the sensitivity of AsDDPG to
the controller parameters, i.e., how the controller parameters affect the training. We
also examine how often the critic-DQN chooses the learned policy over the external
controller, studying whether it can gradually become independent and learn a good
policy.

The proportional controller P(P;, P,) is configured with two parameters. It con-
trols linear and rotational velocity as v = P, - Zjper and w = Py * Yjocar, Where Tjpea

and Y.cqr are the coordinates of the target in the robot’s local coordinate frame.

Thttp://wiki.ros.org/move_base
2http:/ /wiki.ros.org/move_base
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We investigate three settings of the controller by altering the linear gain parameter,
namely P(0.1,1), P(1,1) and P(10,1). P(10,1) is the fastest controller, but suffers
from overshooting of the target, requiring the robot to turn around. P(0.1,1) is the
slowest controller, making very gradual changes to the robot’s speed with consequent
slow acceleration. P(1,1) is a controller that gives good performance without serious
overshoot.

Fig. 4.5 shows how the ratio between the policy and the external controller chosen
by the critic-DQN evolves over time during training. Firstly, it can be seen that the
critic-DQN learns to sample less frequently from the controller over time, with more
actions coming from the policy, although the parameters of the controller and the
environment decides how fast this trend can be. One obvious phenomenon is that in
both simulated worlds the network drops the slow controller P(0.1, 1) rapidly since it
takes a longer time to reach the goal in general and it is easy for the policy network
to outperform it. However, the ratio between policy and controller for P(1,1) and
P(10,1) differs in the two worlds. In Fig. 4.6a and 4.6b this behaviour is presented in
more detail with robot trajectories at different training stages. These also show how
often the critic network chooses the controller (blue trace) over the learned policy
(red policy) as training progresses.

According to the results shown in Fig. 4.6a, regardless of the controller, the net-
work first learns to apply its own policy for the first few steps, as shown by a concen-
tration of red around the origin. This is because the total reward is heavily influenced
by the initial heading. Considering the fastest controller P(10,1), it can be seen that
initially the robot sometimes circles around the target, due to excessive speed. This
problem is solved by the policy network by choosing a better heading at the begin-
ning, demonstrating that the network can learn when to properly use the external
controller.

Especially in the second row where P(10,1) is used, the robot sometimes hovers
around the target when it is nearby. This problem is solved by the policy network by
approaching the target with a more proper heading at the beginning.

With P(1,1), it adopts a more accurate heading towards the target and navigates
to it straightly. In the middle stage, the policy network learns a smoother but less
optimal policy in terms of time. This could be a side effect of penalising the usage of
the external controller through the reward function. However, this penalty remains
essential for stabilising the switching strategy. Eventually, the path to the target
learned by the policy network becomes more straight and optimal. Since P(1,1) is a

good controller, the network does not discard it even after ~ 8000 training episodes.
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Figure 4.6: The policy learned by the robot with various proportional controllers at
different stages of the training. Each image illustrates the trajectories of the robot
as well as the switching results between the external controller and policy network
across 200 episodes, respectively at the early, middle and late phases of the training

procedure.

Fig. 4.6b shows the robot trajectories when training in the simple world environ-
ment. It can be seen that the network learns some distinct behaviours. The external
controller is sampled less frequently than in the empty world even at the beginning.
This is reasonable since a pure PID controller cannot deal with obstacle avoidance.

Moreover, the learning speed is different with different controllers. For example, the
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Figure 4.6: The policy learned by the robot with various proportional controllers at
different stages of the training. Each image illustrates the trajectories of the robot
as well as the switching results between the external controller and policy network
across 200 episodes, respectively at the early, middle and late phases of the training
procedure.

network learns to go around obstacles more easily with P(1,1) than with others.
With P(10,1), the network learns much slower due to the confusing guidance from
the controller. Although the network drops the controller early, it retains some un-
desirable behaviours like hovering around the target at the middle stage of training.

However, it can be seen that eventually the critic becomes almost 100% independent
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after ~ 8000 episodes.

The experiments show that after a sufficient number of training steps, the learned
policy can drop the external controller and is effective to navigate the robot around
the obstacles. This verifies that the external controllers have little impact on the
final performance of the AsDDPG if the networks are trained with sufficient episodes.
However, different P values do affect the learning speed. An improper P value leads
the agent to discard the P controller early and learn purely from random exploration
whilst a better P controller can guide the learning procedure for a longer time and

learn faster.

4.5.3 Training with Complex Environment and Sparse Re-
ward

The next experiment aims to validate that AsSDDPG can learn a good policy in a more
complex environment as shown in Fig.4.3c using a sparse reward function. The dense
reward function used in the previous experiments alleviates the difficulty of training
by leading the robot to decrease its distance to the target for a higher instant reward.
But, at the same time, it induces the network to learn a sub-optimal policy w.r.t.
time because it is also driven by something else besides reaching the target fastest. In
this experiment, we use a reward function where the dense part is simply a constant
time penalty.
Rerasn, if robot crashes
rP"% = ¢ Rycaen, if Tobot reaches the goal (4.5)

—C, otherwise

This is a challenging reward function for random exploration, as the robot only re-
ceives a positive reward when it actually reaches the target.

The performance of DDPG and AsDDPG is illustrated in Fig. 4.7. It can be seen
that DDPG seldom learns a proper policy to reach the goal and always collides with
the obstacles. More specifically, in the early stages, DDPG runs out of time frequently,
which is the worst case due to the accumulative time penalty. After approximately
80k training steps, it learns to crash to avoid the time penalty instead of reaching
the goal. In contrast, although AsDDPG also runs out of time at the beginning, it
transits to crashing as a better strategy within only 3k steps, and eventually learns to
reach the goal for the maximal total reward. This further verifies that the proposed
AsDDPG can effectively speed up the training and achieve a better performance with

the assistance from the external controller, even in complicated environments with
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the smoothed learning curves.
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Figure 4.8: Policies learned with dense and sparse reward functions where the sparse
reward policy takes 43 steps (8.6 sec.) to reach the goal while the dense reward policy
takes 53 steps (10.6 sec.).

an extremely sparse reward function for which a random exploration guided network
can hardly learn a good policy.

In addition, by using the sparse reward function, the network learns to drive
the robot faster keeping a reasonable safe distance to the obstacles. This is shown in
Fig. 4.8. With the dense reward, the robot tend to smoothly skirt around the obstacle
by slowing down and executing a gentle rotation. However, with a sparse reward, the
network learns to plan earlier to avoid obstacles, giving them a wider berth. As such,
the robot can travel at a maximum speed, even if the path to the target is not the

shortest.
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Figure 4.11: The trajectory of the robot in the real world experiment. The yellow
rectangles are obstacles and blue circles indicate the sequential targets.

4.5.4 Real World Tests

In the real world experiment, a Pioneer robot which is equipped with a Hokuyo laser
scanner is utilized. To localize the robot based on an existing map, we apply the
AMCL ROS package. Since our network only acts as a local planner for reaching
a near goal without any collision, it is combined with a global planner to achieve
a complete navigation system. More specifically, after receiving the destination, the
global planner generates a path to the target and each point of the path is transferred
into the robot’s local frame as a network input, together with the laser scans and the
speed of the robot.

The simulated Gazebo environment shown in Fig. 4.9 is used to train the network.

Then, it is directly tested on the real robot in the real world scenario with several
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obstacles (Fig. 4.10). In this experiment, a map without any obstacles in the room is
established and the robot is driven by the learned policy to reach several target points
successively with obstacle avoidance. The robot trajectory and obstacles overlaid on
the map are illustrated in Fig. 4.11. The trajectory of the robot is plotted as the red
curve. The experiment shows that the robot can smoothly avoid all the obstacles and

reach each target successfully.

4.6 SGuidance: Learning with Stochastic Guid-
ance

After the investigation of learning a deterministic switching policy, we now turn to
a stochastic counterpart. The main insight is that when learning the deterministic
switching policy, a noise is manually tuned and introduced to explore a better switch-
ing policy which can hardly reach the optimal balance between the exploration and
exploitation. By contrast, learning a stochastic switching policy can tackle the issue
essentially and let DDPG eventually converge to a better policy.

More concretely, different from AsDDPG, the switching mechanism in SGuidance
is constructed as a stochastic function updated by the REINFORCE learning signal
[164] to maximise total reward. Meanwhile, the DDPG component is learned by
employing the action selected by the stochastic switch, rather than directly using the
output action generated by its policy network. Therefore, the switching mechanism
helps DDPG avoid trivial explorations during the early training process, and learns to
balance between exploration and heuristic guidance. More interestingly, once trained,
the DDPG component can be used in isolation from the other controllers, in which
case the switch is turned off and the navigation is carried out solely by the DDPG
component. Similar to the idea of imitation learning [116, 115], the DDPG component
is able to learn from the demonstrations given by the guidance, PID and OA (obstacle
avoidance) components in our case, and instantly generalise to new situations (which
PID and OA could not handle). Here, the guidance can be considered as a inductive
bias for reducing the variance of gradient estimators, and the model is able to remove
this bias after benefiting from it.

For quantitative evaluation, we firstly compare our model with the incorporation
of the stochastic switch to the vanilla DDPG baseline and deterministic benchmarks
for demonstrating the benefits brought by bootstrapping with additional primitive
controllers. Then the influence of using different independent controllers is inves-

tigated, which shows that the framework has strong generalisation ability and it is
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Figure 4.12: The architecture of the proposed framework. It consists of three sections
namely: perception, control and stochastic switch. The perception section processes
an observation and generates a corresponding input representation. The control sec-
tion contains a standard DDPG controller and a number of independent controllers
- in this case, a Proportional-integral-derivative (PID) controller and an Obstacle
Avoidance (OA) controller. The stochastic switch determines which controllers’ ac-
tion should be selected for navigation.

able to accumulate the benefits from different simple controllers. In addition, we pro-
pose three variants of the switch mechanism including a uniformly random switch, an
argmax switch (similar to AsDDPG) and a Thompson sampling switch for compari-
son. Finally, we show that the models can abandon the extra controllers when their
usage rate declines below a threshold and are able to continue self-learning by only
using the DDPG component. For qualitative evaluation, we test our model in a real
world scenario: without further modification, the model trained in simulation is able

to be directly transferred to carry out navigation tasks.

4.7 Model

The proposed model consists of three parts: perception, control and stochastic switch
as shown in Fig. 4.12. At each time step, the perception part processes an observation
and generates a corresponding input representation. Then different controllers can
propose candidate actions based on the input representation. Finally, the stochastic
switch determines which one of the actions to be carried out. Since the perception
and the DDPG component are the same as the ones in AsDDPG we only introduce

the heuristic controllers and the stochastic switch in SGuidance.
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4.7.1 Heuristic Controllers

Different from AsDDPG, in this section, two independent controllers are utilised to
aid DDPG to learn reasonable policies. One is the P controller introduced in Sec.
4.4.1. The additional one is a simple obstacle avoidance (OA) algorithm which can
drive the robot without collision. It uses geometric observations to detect and avoid

nearby obstacles by controlling the heading direction (rotational speed) of the robot:

w . |do*5| d <
|aw|: {amaz B Y o /6 (46)

0, otherwise.

w

where d, is the distance to the closest obstacle, a%, .

represents the largest rotational
speed and [ indicates a pre-defined minimum safety distance. In the case where the
distance between the robot and an object is less than the safety distance, i.e., d, < (3,
the robot will rotate to avoid collision. These two controllers complement one another
to provide candidate actions for stochastic switch. Note that the OA only produces
a“, while the selected a” is provided by the DDPG controller. Note that these are
just two simple exemplar controllers, and it is possible to incorporate more either in

number or sophistication.

4.7.2 Stochastic Switch

The PID controller, OA algorithm and DDPG are three independent sources that
produce candidate actions for the switch network to (optimally) select. The switch
network is a stochastic deep neural network which consists of a parameterisation net-
work and a multinomial distribution. The switch effectively learns which controller to
choose, based on the anticipated reward and conditioned on the input representation.
We regard it as another MDP where the action s; taken by the learning agent is to
select among three controllers at each time step. This switching policy is trained
end-to-end with the other deep learning components e.g. DDPG and the optional

input representation network.

4.7.2.1 Stick-breaking

Conventionally, a softmax layer can be employed to provide the parameter 6 for the
multinomial distribution. Here, instead, we apply stick-breaking construction
(134, 59, 93], which is an alternative to softmax.

The intuition is to introduce a bias that encourages more usage of the deep re-

inforcement learning algorithm, such as DDPG in our case. Since our framework is
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designed to train a robust DDPG component that benefits from the stochastic guid-
ance, we expect it to be used more often than others in this framework so that we are
able to get rid of the simple independent controllers after a certain period of training.
It basically transforms the modeling of multinomial probability parameters into the
modeling of the logits of binomial probability parameters.

We firstly define a@ = fy(24/6°) as the unscaled logits from the fully connected
layers of switching network f,(:|6°) given the input representation x; and #° as the
parameter of the switch network. Then the binomial logits 1 can be obtained with

= sigmoid(a). Notice that n = [n1,72]" and @ = [ay, ag]” are all 2 dimensional
vectors since we have 3 controllers in our case.

Therefore, the multinomial probability parameters £ = [£1, &, 3] can be generated

with the stick-breaking function fsg(n) by two breaks:

51 ="
§o = nm2(1 —m) (4.7)
§3= (1 —m)(1 —m),

where the fgp can be generalised to more breaks & = n, [[7-/ (1 —m) (1 < k < K)
if there are K controllers.
Conditioned on the current observation x;, we are able to construct the stochastic

switch policy s; ~ m°(s;|x; 0%) as:

€ = fsp(sigmoid(fs(x:]0%))) (4.8)
s¢ ~ multinomial(§). (4.9)

At each time step ¢, the stochastic switch samples a decision s; and &, &, &3 corre-
sponds to DDPG, PID and OA. Then, according to the decision s;, the critic network
of DDPG takes the final action as, € {apppg, apip, aoa} as input and updates the
networks accordingly. Meanwhile, the stochastic switch is updated by the REIN-
FORCE learning signal so that the switch network is able to dynamically choose to
learn through exploration (DDPG), or it can choose to use the output of a heuristic

controller (PID or OA) as guidance by observing the environment.

4.7.2.2 REINFORCE Algorithm with Baselines

Since the gradients cannot be directly back-propagated through the discrete samples,
we employ REINFORCE algorithm [164] to construct the gradient estimator for the

switch network. Its theory has been fully explained in Sec. 2.1.6.2, and here we only
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note that the gradients are calculated with the following equation, given the most

recent episode:

> Ve logm(sifas, 67) (R(x:) — b = b(xy))

where R(z;) is a deep neural network based estimator of the total future reward given
xy, b° and b(x;) are the learnt input independent and dependent baselines that are
both modelled with fully connected layers.

The introduction of stochastic switch can be considered as an inductive bias for
learning to navigate with better action samples. Updated by REINFORCE, the
stochastic switch is able to sense the environment, avoid trivial explorations and
select better actions for learning DDPG policies. In addition, as the independent
controllers are incorporated via the stochastic switch, the negative influence of the
introduced biases from the heuristics is limited. The independent controllers can be
explicitly disabled once DDPG is sufficiently trained, although this naturally happens

to a large degree anyway.

4.7.3 Algorithm

The brief algorithm of training DDPG with our stochastic guidance (SGuidance) is
demonstrated in Algorithm 2. Since DDPG is an off-policy approach, a replay buffer R
is applied to store all the transitions (zy, as, 74, x441). A batch of transition is sampled
at every training step to update DDPG. In contrast, the learning of switching policy
with REINFORCE is an on-policy process, thus we only save the current trajectory
of switching (zy, s¢,7¢), where t = 1,2, ...T to calculate the gradients for updating the

switching network, including the control variate, at the end of each episode.

4.8 Experiments for SGuidance

Both simulated and real world experiments have been carried out to validate our
proposed architecture. In this section, we experiment our models in both simulated
and real world environments. We quantitatively evaluate the training efficiency and
performance in the simulator, and compare to the baseline models. Then, we quali-

tatively test the model in the real world robot navigation task.
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Algorithm 2 SGuidance

1: procedure TRAINING
2 Initialise switching network fg(z;|0°) and buffer R.
3 Initialise DDPG network Q(z, a|0%) and 7 (x|0™).
4 Initialise the target network of DDPG.
5: Initialise replay buffer R and exploration noise e.
6 for episode=1, M do
7 Reset the environment.
8 Initialise replay buffer R;.
9: Obtain the initial observation ;.
10: for step =1, T do

11: Sample switch s, = fs(x|0%) € {0,1,2}.

12: Sample a) = 7(z4|07) + e.

13: Get a; from PID controller.

14: Get a? from OA controller.

15: Execute a; = a;* and obtain 7y, z4,1.

16: Store transition (xy, as, 7y, T4y1) in R.

17: Sample a batch of transitions from R.

18: Update the actor and critic network of DDPG.
19: Update the target network of DDPG.

20: Store switching trajectory (zy, s, 7¢) in Ry.
21: end for

22: Update switching network with trajectory in R;.
23: end for

24: end procedure
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Figure 4.13: (a) The 4 grey rectangles are obstacles and the blue square represents
the robot. A sparse laser is mounted on the robot and its detecting area is illustrated
as the green area. (b) It shows a more complex environment simulated by ROS
Stage. (c) ROS Gazebo is also used for training a model that can be transferred to
a real-world environment. Turtlebot 2 (a platform for ground robots) is employed as
the mobile platform equipped with a depth camera.

4.8.1 Training Environments and Settings

The proposed framework is trained in two different simulators. The first one is a light-
weight simulator, ROS Stage?® (Fig. 4.13a and Fig. 4.13b), in which a large amount of
repetitive experiments are conducted for showing the learning curve, demonstrating
the improvements brought by stochastic guidance, and comparing to other baseline
models. In this simulator, we mount the mobile robot with a laser scanner to provide
the geometric information of surroundings. Hence, the convolutional neural network
(in Fig. 4.12) is not used in this case, and the laser scans are directly concatenated
with the other observations as input representation. By accelerating the simulation
time, we obtain the quantitative evaluation through a lot of repetitive experiments
in ROS Stage. Note that the simple environment as shown in Fig. 4.13a is our default
training environment and experiments in a more complex environment are carried out
in Sec. 4.8.2.6.

The other simulator, ROS Gazebo® (Fig.4.13c), contains a physical engine and can
accurately simulate the dynamics of the mobile robot. Thus the model trained in ROS
Gazebo is directly applied to the real world scenario to qualitatively evaluate the
navigation performance, but it has a larger computational overhead compared to ROS

Stage. Here, depth images are utilised to observe surroundings, therefore a 3-layer

3http://wiki.ros.org/stage
4http:/ /wiki.ros.org/gazebo ros pkgs
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convolutional network (the filters are [4,4,3,8], [4,4,8,16] and [4,4,16,32] respectively)
is constructed to provide input representations based on depth images.

In each training episode the robot starts at the origin point (centre point) with a
random heading direction and the destination is randomised within the area beyond
obstacles. When the robot collides with an obstacle or reaches the destination, the
current episode terminates. The action control frequency is 5Hz (0.2s delay between
every two consecutive time steps) and the switching frequency is 1Hz. For all the
experiments carried out in ROS Stage, the training process lasts for 100k steps and
is repeated for 5 times. The averaged learning curves as well as the variance® are
illustrated for demonstrating the performance.

Regarding the hyper-parameters, the hidden layers of the critic and actor networks
contain 100 ReLLU units in each layer, while the output layer of actor network applies
tanh and sigmoid respectively for rotational and linear velocity. When updating
DDPG parameters, 32 learning samples are randomly sampled from a rank based
prioritised experience replay [127] as a training batch, and the learning rate for the
actor network, the critic network and the stochastic switch are 107, 1072 and 1073

respectively, and the rest follows [80].

4.8.2 Navigation in Simulated Environments

Here, we discuss the experiments carried out in ROS Stage for quantitative evalua-
tion. The default settings for applying stochastic switch with DDPG is to learn with
guidance from both PID and OA controllers using the REINFORCE algorithm and

control variates (CV).

4.8.2.1 Reinforcement Learning with Stochastic Guidance

Fig. 4.14 compares the proposed and competing models and demonstrates the benefits
brought by learning with stochastic switch. SGuidance is our model with stochas-
tic switch that dynamically choose the action from the candidates proposed by the
controllers of DDPG, PID and OA. As shown in the figure, SGuidance achieves sig-
nificantly better performance than the DDPG baseline. Meanwhile, DDPG suffers
from the high variance issue according to the wide transparent area around the learn-
ing curve, while SGuidance is much more stable. This is due to the high complexity
of the environment that leads to the highly variant learning samples provided by

DDPG, which might lead to trivial explorations. In addition, the stochastic gradient

®Note that the variance mentioned here is the variance of the smoothed learning curves.
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Figure 4.14: The total reward achieved by our models and other baseline models as
comparison. The curve represents the average value of 5 repetitive training procedures
and the transparent area indicates the variance of the results.

estimator of DDPG applies biased approximation which makes it difficult to guaran-
tee the convergence and stability. By contrast, SGuidance is able to benefit from
the heuristic simple controllers at the early stage of the training procedure instead of
starting from completely random moves.

In this experiment, we also plot the rewards of MoveBase (no map) and the
complete MoveBase for comparison. Note that the MoveBase package has been in-
troduced in Sec. 4.5.1 which is able to generate the optimal actions to the destination
with a global map of the environment. Therefore, we regard the complete MoveBase
as the an oracle controller in this experiment which sets a upper bound of the perfor-
mance whilst the MoveBase (no map) as a fairly compared baseline. Note that the
specific settings of MoveBase (no map) is described in Sec. 4.5.1. As shown in Fig.
4.14, DDPG is able to obtain comparable performance to MoveBase. SGuidance,
however, significantly surpasses the deterministic MoveBase model. Even without
the access to the global map, SGuidance has shown its strong ability to navigate
in the environment by just using the geometric information. Basically, the simple
deterministic controllers cannot be applied independently for carrying out navigation
task (the accumulative rewards are both under 0). However, when incorporated with
DDPG via the stochastic switch, they contribute significantly towards alleviating the

high variance issue encountered with vanilla DDPG.
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Figure 4.15: The smoothed total reward obtained by incorporating different heuristic
controllers with DDPG. SGuidance (PID+OA) utilises both PID and OA con-
trollers while SGuidance (OA) and SGuidance (PID) only adopt one of them re-
spectively. SGuidance (movebase) is guided by movebase and DDPG (Vanilla)
is the baseline DDPG without heuristic guidance.

4.8.2.2 Using Different Independent Controllers

This experiment shows the impact of different independent controllers on training
performance.

As illustrated in Fig.4.15, SGuidance (PID 4 OA) achieves the best perfor-
mance when compared to the DDPG with only PID or OA and the DDPG without
any independent controllers. It demonstrates that the contribution of the stochas-
tic switch is greatly enhanced by adding more controllers, which yields more stable
learning curves and better navigation performance. Interestingly, the PID controller
brings more benefits than the OA controller in this context, and their benefits could
be accumulated with the help of the stochastic switch. Additionally, when MoveBase
is utilised as the independent controller alongside DDPG, there is an obvious im-
provement on learning speed, especially in the early stage of training. These results
show that the proposed framework enables us to incorporate a large range of different
controllers, from naive to more sophisticated ones. This is a massive advantage over

imitation learning which requires a good demonstration to learn from.

4.8.2.3 Using Different Switching Mechanism

Fig. 4.16 compares the stochastic switch to other switching variants, including argmax

switch, a uniformly random switch and a switch based on Thompson Sampling [121].
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Figure 4.16: The accumulated reward obtained by learning with different switching
mechanisms. Stochastic represents our default stochastic switch settings. Argmax
and Uniform are the proposed argmax switch and uniformly distributed switch
respectively. ThompsonSampling is the Thompson Sampling implemented with
Gaussian prior.

The uniform switch assigns fixed uniform probability to DDPG, PID and OA con-
trollers, while the argmax switch applies biased argmax output instead of stochasti-
cally drawing samples from the stochastic switch network. Thompson sampling [121]
is implemented with a Gaussian prior distribution and estimates the posterior of the
total reward when deploying each controller. As illustrated in Fig. 4.16, SGuidance
has the best performance while Uniform is the worst. Note however, that Uni-
form actually learns the fastest in the first 20k steps. ThompsonSampling has a
comparable performance to Argmax. The former learns slightly faster mainly due
to the stochasticity and keeps seeking a potentially better switching policy. Later
Argmax outperforms ThompsonSampling and Uniform as it selects controllers
based on current observations while both ThompsonSampling and Uniform do
not. Compared to SGuidance, Argmax has larger variance on the total reward.
This is because Argmax is a biased sampler and the introduced bias in turn damages

its final performance since there is less exploration.

4.8.2.4 Further Comparison with Thompson Sampling

To understand the benefits obtained by learning a situation-aware switching policy,
we compare the usage of different controllers between SGuidance and Thompson-
Sampling during training. Fig. 4.17a and Fig. 4.17b demonstrate the spatial density
of controller usage, where each row represents the employment of a single controller
and each column indicates the early (10k-20k steps), middle (50k-60k steps) or late

5



80k-90k steps
S

25.0% 20.4% 6.8%
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Figure 4.17: Spatial density of using each controller (DDPG, PID or OA) in three dif-
ferent learning periods (top by SGuidance and bottom by ThompsonSampling).
Each row represents the employment of a single controller and each column indicates
the early (0-10k steps), middle (40k-50k steps) or late (80k-90k steps) training stages.
Note that all grey areas are obstacles.
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Figure 4.18: Illustration of the rate of reaching different final status in an episode
when applying SGuidance and ThompsonSampling respectively. Each column
represents a training period and different segments in each bar indicate the usage
ratio of different controllers within this period.

(90k-100k steps) training period. Note that the training is based on the ROS Stage
simple environment in Fig. 4.13a and in each episode the robot is initialised in the
centre and the destination is randomised.

Figs. 4.17a and 4.17b show the main differences between the switching policies
of SGuidance and ThompsonSampling. SGuidance explores the strengths and
weaknesses of each controller in different situations while ThompsonSampling does
not. Notice in the second row of Fig. 4.17a that SGuidance gradually abandons
candidate actions from PID controller when it is still surrounded by the obstacles
and only uses it when approaching the target. The OA controller (third row) is oc-
casionally adopted to avoid obstacles. However, in 4.17b, it is shown that the usage
of each controller does not depend on the position in the map. In fact, Thompson-
Sampling completely abandons PID and OA controller eventually. Since it can only
estimate the overall performance of the controller in an episode, it will easily converge
to DDPG when it is confident enough about the superiority of DDPG after a long
training period without considering the context.

Fig. 4.18 plots the rate of reaching different final status and the average usage

of each controller in an episode when applying SGuidance and ThompsonSam-
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Figure 4.19: Illustration of the impact of using different stochastic switch functions.
The left y-axis shows the total reward of all the methods, and the right y-axis shows
the total usage of the independent controllers.

pling respectively. In the first row, we can see that the proportion of each controller
differs in different classes of episodes when applying SGuidance. It avoids utilising
the incorrect controller in most places, thus it hardly ever crashes with PID or OA
controllers. Note, however, that with ThompsonSampling, the sample frequency
of each controller is equally distributed in different final statuses as it only controls

the overall sampling rate of each controller, regardless of the specific situation.

4.8.2.5 Construction of Stochastic Switch Function

Since we have introduced a bias, which can be considered as a preference, of selecting
different controllers with stick-breaking, this part will investigate the effect of setting
different orders for PID and OA controller in stick-breaking. In Fig. 4.19, Stick-
Breakingl (DDPG, PID, OA) represents the order we introduced in the Sec. 4.7.2.1
and the StickBreaking2 (DDPG, OA, PID) represents an alternative order of the
independent controllers. More specifically, according to Eq. 4.8, StickBreakingl
and StickBreaking2 both set & with DDPG controller and give different order with
PID and OA controller where &, is assigned with the PID controller in StickBreak-
ingl but with OA controller in StickBreaking2. As shown in the figure, Softmax
is able to obtain almost same total rewards compared to StickBreakingl. However,
according to the total usage of independent controllers, the DDPG component is be-
ing less used in Softmax than in StickBreakingl and StickBreaking2. Hence, the

softmax function is a safe choice to construct the stochastic switch function which
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Figure 4.20: Experimental results on the complex environment shown in Fig. 4.13b
with sparse rewards. The robot only receives a reward when crashing or reaching the
destination, besides a time penalty at each step. The first two rows represent the
rate of getting different ending status (crash, time-out or success) of each navigation
episode when deploying the guidance or not. The total reward of each episode is also
displayed in the last row.

assigns equal importance on all controllers and the DDPG policy. However, allo-
cating more preference on the DDPG policy with stick-breaking can discourage the
dependence on simple controllers and learn more from self-exploration. This would
be more helpful if we have clear prior-knowledge about the performance of simple
controllers when they are too naive to handle the task. On the other hand, although
the two stick breaking functions have similar total usage of independent controllers,
StickBreaking2 performs slightly worse than StickBreakingl, which shows that

the order of independent controllers has a small effect on the performance.

4.8.2.6 Complex Environment and Simple Reward

In this experiment, we test SGuidance in a more cluttered environment as displayed
in Fig. 4.13b where the robot has to bypass more obstacles to reach randomly assigned
destinations. In addition, the reward function is again simplified as shown in Eq. 4.5
where the robot only receives a reward when crashing or reaching the destination,

besides a time penalty at each step.
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The first two rows of Fig. 4.20 provide the trend of obtaining different ending sta-
tus of each episode through the training period with /without the stochastic guidance
respectively. Since the stochastic guidance incorporates the PID controller which can
easily collide with obstacles, it hardly ever ends the episode with time-out status.
With the growing performance of the DDPG controller, SGuidance reaches the des-
tination more frequently. However, the naive DDPG without any guidance never
explores to reach the destination safely. Therefore it only learns to avoid obstacles.
Interestingly, it later begins to crash after a short period of travel, which leads to a
similar total reward as ending up the episode with time-out status. The last sub-figure

exhibits the corresponding learning curves with and without stochastic guidance.

4.8.2.7 Inference without Guidance

This experiment explores whether the trained DDPG policy is able to independently
carry out navigation with all the heuristic controllers turned off after it has been
trained with stochastic guidance.

We firstly train the DDPG with SGuidance and compare the inference perfor-
mance of keeping or turning-off the stochastic guidance. The experiment is carried
out in the ROS stage simple environment with reward defined in Eqn. 4.1.

As shown in Table 4.1, the overall performance only has a slight decrease after
switching-off the guidance in testing.

Interestingly, when we carry out the same test in the ROS stage complex envi-
ronment, turning-off the guidance even improves the success rate (SR) and reduces
the crash rate (CR). This is because SGuidance, which is similar to Thompson-
Sampling at this point, keeps exploring potentially better options. However, this
exploration also occasionally leads to erroneous actions especially in the late train-
ing period or the testing phase and is counter productive. This applies more to the

complex environment as a single wrong action may lead to a crash.

4.8.2.8 Learning with Different ~

In this experiment we investigate how different values of the reward discount factor
~ affects the switching policy learnt by SGuidance. As shown in Fig. 4.21, with a
smaller v, SGuidance samples the DDPG less frequently since it becomes a more
greedy controller and has a worse long-term performance. As a consequence, when the
policy in DDPG cannot reach the destination, SGuidance prefers the OA controller

which, at least, can avoid collisions, i.e. large instant negative rewards.
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Guidance Poli-U PID-U OA-U SR TR CR AR
Test in Simple World with Dense Reward
Keep 88.1% 35% 84% 92% % 2% 5.01
Turn-off  100% 0% 0%  90% 4% 6% 4.91
Test in Complex World with Sparse Reward
Keep 81.7%  2.5% 15.8% 81% 14% 5% -2.29
Turn-off  100% 0% 0% 83% 16% 1% -2.34

Table 4.1: Comparing the performance between keeping/turning-off the guidance
after training in terms of the usage of three controllers (Poli-U, PID-U, OA-U),
the rate of the final state of each episode (SR: success rate, TR: time-out rate, CR:
carsh rate) and also the average total reward of each episode (AR).
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Figure 4.21: Use rate of each controller by SGuidance with different discount factor
~. Each figure draws the use rate of three controllers with a different ~.

4.8.3 Navigation in a Real World Environment

In this experiment, we qualitatively analyse the performance of our model applied in
real world environments. The model is trained in a simulated world built by ROS
Gazebo (Fig. 4.13c) with the dense reward function as Eq. 4.1. It is then directly
transferred into the real world scenario without any fine tuning in order to verify the
effectiveness and strong generalisation of the model. The learning curves, which are
illustrated in Fig. 4.22a, show that SGuidance can outperform naive DDPG.

A Turtlebot 2 robot mounted with a Kinetic depth camera is used as the mo-

bile platform. Hence, to deploy the trained model on the real robot, we apply the
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Figure 4.22: (a) Comparison of the total reward achieved by SGuidance and DDPG
models in ROS Gazebo simulator. Note that since Gazebo simulates physics prop-
erties, the control policy is more difficult to learn and the training takes longer time
when compared to ROS stage. (b) Real world scenario. A turtlebot is used as the
mobile platform and several boxes are placed in the room as obstacles. (c) The room
layout and obstacles are the black areas. The blue curve represents the trajectory of
the robot and the goals are plotted with red circles where the number indicates the
sequence.

depth image as the model input. Additionally, since the dimension of depth image
is dramatically increased, a 3-layer convolutional neural network is employed (as in
Fig. 4.12) to provide geometric representations. Other inputs, i.e. velocity and
goal location, are concatenated with the geometric representation into a dense input
representation.

Since the ground truth of the robot locations is not available in the real world
environment, we apply the off-the-shelf AMCL ROS package® for providing the es-
timation of the robot location, and calculating the destination position in the local
coordinate frame. In order to improve the localisation accuracy, we record the map

of the environment with Gmapping ROS package”. It is worth mentioning that this

Shttp://wiki.ros.org/amcl
Thttp://wiki.ros.org/gmapping

82



global map is not used by the navigation component of the model during training or
testing. The obstacles are laid out in the room as illustrated in Fig. 4.22b. The aim
of this experiment is to employ the learned policy and control the robot to reach sev-
eral destinations successively without any collision. Fig. 4.22c¢ shows the trajectory
of the robot (blue curve). Notice that the robot can smoothly avoid all the obstacles
and reach each target successfully by only learning in simulation with the proposed

stochastic guidance model.

4.9 Conclusion

In this chapter, a new framework for effectively incorporating heuristic controllers is
proposed to overcome the issue of high variance in DDPG, as applied to the task of
local navigation. Our key novel insight is that, alongside learning the policy of DDPG,
we also learn a context-dependent switching strategy to decide whether to sample
actions from the heuristic controllers as the training data for the DDPG component.
Therefore, unlike existing approaches, this “soft” guidance 1) can be either simple or
expert controllers; 2) is only utilised when they can benefit the training of DDPG;
and 3) is automatically discarded when DDPG outperforms them.

Extensive experiments demonstrate that both our deterministic and stochastic
variants of this framework significantly bootstrap the learning process and can surpass
state-of-the-art baseline models especially when using a very sparse reward function.
In deployment, the trained DDPG policy can be used without requiring input from
the guidance controllers. Thus, this chapter demonstrates how to efficiently learn

practical robotic navigation.
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Chapter 5

Global Navigation: Mapless
Navigation with Sparse Directional
Guidance and Visual Reference

After investigating the solutions of deploying the learnt policy on physical robots and
accelerating the training procedure in the simulated environments, we now focus on
the ultimate challenge of learning global planning with mapless navigation. Global
planning is very challenging in this case due to the lack of a spatial map of some form,
and thus requires additional environmental information as the guidance. The type of
guidance to use, and how to effectively combine it with real-time robot control are
the key problems to address. In this chapter, we introduce a practical mapless robot
navigation system, SnapNav. It is a learning based navigation system which only re-
quires a few sequential directional commands and visual reference images to navigate
in unknown environments. We introduce a two-level ‘command-and-control” hierar-
chy for this task. For the high-level commander we propose a novel self-supervised
training approach to enhance its performance with limited real-world data. We also
evaluate the utility of using feed-forward or recurrent policy networks for the low-level
controller. The experimental results prove that SnapNav can be directly deployed on

physical robots and robustly navigate in unseen real-world environments.

5.1 Introduction

“Where is the reception?”
“Go straight and turn left when you see the exit.”
The above conversation is a very common and efficient example of human interac-

tion when querying the route to an unknown destination. These kinds of instructions
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Figure 5.1: An example of the visual navigation task with sparse directional guidance.
The robot automatically selects from the provided guidance based on its current
observation.

that consist of a sequential action paired with a visual reference are widely used
not only in navigation but also in various kinds of activities such as reading the user
guide for a new product. These types of navigational instructions have two prominent
characteristics. The first is the direct conjunction between the action and the visual
observation spaces which provides specific guidance about what to do and where to
do it. The second notable feature is the inherent sparsity as complex instructions can
be distilled into a few key actions at visually important waypoints or cues, relying on
the innate capacity of humans to navigate between these points. Thus, this form of
guidance yields accurate instructions that can be efficiently communicated.

This observation triggers an interesting question: can robots mimic these human
behaviours to navigate in a completely unknown environment when supplied with very
sparse guidance? Such a robot system will be highly efficient at communication and
possess a strong ability to generalize towards unfamiliar scenarios, without requiring
a pre-built map of the world. In addition, we could imagine that such a system is
likely to be more robust to dynamic changes, subject to the waypoints remaining
visually distinctive.

In this chapter, we present a deep neural network based system, SnapNav, as a
practical solution to mapless visual navigation in unknown environments. It has two
characteristic features which are outlined as follows. Firstly, it can navigate in an
unknown environment with only a few pieces of guidance. As shown in Fig. 5.1
the guidance consists of a snapshot image and the desired action (turn left, turn

right, stop) before each turning or termination point along the path. Secondly, the
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navigation system is designed with a two-level hierarchy to fully benefit from training
data from different domains, i.e. appearance or depth observations, simulation or

reality, and to be able to straightforwardly deploy the learnt policy on real robots.

5.2 Related Work

Learning-based mapless visual navigation has demonstrated remarkable performance
in complex environments. Many works have previously proposed to learn a shortest
path strategy by encoding the environmental information into the parameters of deep
neural network [99, 181, 98]. Although these techniques exhibit robust navigation
capabilities, these agents are actually overfitting the training environment and cannot
apply the learnt experience to previously unseen scenarios. Another branch of mapless
navigation approaches is local navigation [146, 169, 178] where the prerequisite of a
known relative goal position largely restricts its real world applications to ones where
accurate location exists.

Recently, researchers have introduced learning agents that can follow a demon-
strated path [72, 53, 143, 112] which is similar to the traditional Visual teach and
repeat (VT&R) paradigm [37] in robotics. This class of solutions require simple de-
scriptions of the environment when navigating in an unknown environment, e.g. raw
camera image sequences, or additionally, the labelled actions, instead of a pre-defined
map. Among them only [53, 112] can be deployed on real robots. However the former
is trained with a large amount of manually labelled real-world data from an omni-
camera while the latter requires an explicit localisation of the demonstrated image
in the sequence, largely discounting its practicality. Furthermore, reliance on a long
video stream hinders efficient communication between agents.

Natural language instructions, as a form of extremely sparse guidance, is also
introduced in visual navigation [159, 51]. Although it imitates human behaviour
and can produce an agent with a greater degree of autonomy, the difficulty of visual
language grounding, i.e. associating the perception from two completely different
modalities, together with the ambiguity of the natural language itself, limits the
performance of language guided navigation. The agent mentioned in [51] takes a list
of thumbnail images of the street view coupled with natural language instructions as
guidance and is similar to our SnapNav but only learns high level navigation strategies
in a simulated toolkit named StreetNav. It does not learn low-level tasks required for
a real robot such as obstacle avoidance. In some ways, it is also overfitting to the fact

that streets are well defined and marked to aid human driving through visual cues
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such as intersections, traffic lights and stop signs. Their approach thus uses a single
policy network, trained and executed solely in simulation, and as we demonstrate in

this chapter, this is not sufficient for deployment on a real robot.

5.3 Task Description

The task we are investigating in this can be classed as visual path following with
sparse guidance. In particular, we consider the challenges of real-time perception
and control of an autonomous robot, and take the robot out of pure simulation into

reality.

5.3.1 Task Decomposition

Although it is conceptually straightforward to solve the entire task with a single
policy network as in [72, 51], it is non-trivial to deploy those systems on a real
robot. On the one hand, due to the absence of a simulator that can simultaneously
render realistic camera data and precisely capture the dynamics of robots, command
and control strategies that are deployable in reality cannot be learnt with a single
simulator. On the other hand, manually labelling real world data is labour expensive
[53] and limitations on training samples rarely lead to a robust control policy due
to the lack of exploration. However, by decomposing the problem into a high level
commander and a low level autonomous controller, we can learn sub-policies with
separate kinds and sources of data to optimise each sub-task. More concretely, since
the visual matching of current observations and snapshots in guidance heavily relies
on the appearance of the observed objects, the command strategy demands data with
high visual fidelity but can largely ignore the robot dynamics. Conversely, the control
policy only focuses on the geometry of the surroundings for obstacle avoidance, robot
dynamics and occasional commands/high-level actions. Therefore this policy can be
more easily trained in a robot simulator where the robot dynamics as well as depth
observations are finely modelled, building on work presented in the previous chapters.
The robot can also be exposed to a wide range of arbitrary world setups, allowing for
more robust local navigation. Each sub-task will be formulated more specifically in

the following parts.

5.3.2 Command Sub-Task

The commander C' is supplied with n pairs of guidance {G; = (S;,m;)|i = [1,2,...,n|}

where S; and m; represent snapshots and guidance commands respectively. Each
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snapshot S; in the guidance records a first-person-view RGB image of the area where
the robot should either alter direction or stop at a particular point. Since the robot
is only given the order to vary direction or whilst terminating, there are only three
types of commands in guidance, m; € {“Turn right”, “Turn left”, “Stop”}, with
the implicit action being to carry on in a straight path.

Then with all pieces of guidance and the current image observation O, from an on-
board camera, the commander C' predicts a high level command ¢; € {“Turn right”,
“Go forward”, “Turn left”, “Stop”’} at each time step t as ¢, = C'(Oy, G, h,) where
h. is the hidden state of the GRU cell in commander.

5.3.3 Control Sub-Task

The control sub-task is formalised as a Markov Desision Process (MDP). At time
t € [1,7T] the robot takes an action a; € &/ according to the observation X;. Af-
ter executing the action, the robot receives a reward r; given by the environment
according to the reward function and then transits to the next observation X;,;.
The goal of this MDP is to reach a maximum discounted accumulative future reward
R, = Zf:t ~T~tr., where 7 is the discount factor.

More specifically, the action is the control signal of the robot, a, = (a},a¥) € &,
where aj and ay respectively denotes the expected linear and rotational velocity at
time t. The observation X, is a first-person-view depth image which can be directly
accessed in a simulator, e.g. ROS Gazebo', or estimated from an RGB image with
an off-the-shelf estimator [43] in the real world. The reward function r; at time ¢ is

defined as:
Rerash, if robot crashes

Ty = { Rrcach, if robot reaches the goal (5.1)

dy_1 — d;, otherwise
where R.,.qqp, is a penalty for collision, R,.cqcn is a positive reward for reaching the goal,
d;—1 and d; denote the distances between the robot and the goal (the next turning

point or the final destination) at two consecutive time steps t — 1 and t.

5.4 Network Architecture

5.4.1 Attention-Based Commander

To accomplish the command sub-task, the commander is designed with convolutional

neural network (CNN) layers and linear embedding (EMB) layers to process raw

Thttp://wiki.ros.org/gazebo_ros_pkgs
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Figure 5.2: The network architecture of SnapNav which consists of two modules. The
commander firstly attends to a particular guidance instruction by finding the correct
match with the current observation. It then publishes a high level command. The
controller then predicts a low level robot action given the command, the estimated
depth image and the previous predicted action. Note that commands are represented
with the abbreviation “CMD”, “EMB” denotes a linear embedding layer, “GRU”
indicates the Gated Recurrent Unit [25] and €D is the concatenation operation.

inputs, followed by a hard attention component and a recurrent policy network.

As illustrated in Fig. 5.2, image inputs to commander are firstly encoded by 5
convolutional layers, whereas commands are input to a linear embedding layer. More
specifically, the snapshots S; and commands m; (i = 1,2, ...n) in the guidance G and
the current observation O, are transformed to vectors respectively as vi = CNNp, (S;),
v = EMB(m;), v¢ = CNNy, (O;). Since the snapshots and the current observation
are the same type of data, the CNNs for encoding them have the same parameters
0.

Given vectorised inputs v¥, vi" and v?, the goal is to choose the guidance which
contains the most relevant snapshot w.r.t. the current observation. Intuitively, due to
the sparsity of the guidance, only the highly related snapshot should be matched for
the command strategy at each time step. Thus, hard attention is preferable to soft
attention which simply sums over all guidance instructions with different weights.

The hard attention is usually modelled with a discrete stochastic layer which is
non-differentiable and thus has to be optimised with gradient estimation methods
other than conventional backpropagation [102]. Fortunately, as shown in [51, 86], an
alternative is to adopt a generalisation of the max-pooling operator to choose the

optimal guidance instruction. This bypasses the non-differentiable problem:

(v, viT) = argmax[softmax(—||[vi — vO||2)]. (5.2)

7V

It results in a sub-differentiable model and can be combined with other gradient-

based models. Our experiments later prove that the attention performance can be
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improved by a large margin either by combining other gradient estimators such as
the REINFORCE algorithm [164] with back-propagation or training with auxiliary
tasks i.e. metric learning. Then the attended snapshot vector together with the
embedded command is processed by a dense layer and concatenated with the encoded
observation. Finally, a recurrent network is used to predict the attended command
when the selected snapshot and the current observation are similar enough. If there is
low similarity, the default “Go forward” command is issued. Therefore the predicted
command from the commander can be represented as ¢, = C(Oy, G, h.) where h, is

the hidden state of the recurrent network.

5.4.2 Controller

Given the command predicted from the commander ¢; € {“Go straight”, “Turn
right”, “Turn left”, “Stop”}, the last action a; ; of the controller and the depth
image provided by the simulator or a depth prediction network X; = D(Oy,), the
controller outputs the best action to navigate through the environment, based on its
trained policy. Similar to the commander, the raw depth image is encoded with a
CNN as vi¥ = CNNy,(X;), whilst the command is embedded as v¢ = EMB(¢;). They
are then used to predict the action by the controller a, = 7(vi*,v¢$, hy,a; 1) where
h, is the recurrent hidden state in the controller and 5 represents the parameters of
the depth encoding CNN.

The recurrent network is of importance in the controller as it is required to decide
precisely when to carry out the command for turning left or right. This is because
the high level commands are aligned to maximal visual matches, which may not be
precisely aligned to the desired turning point. This decoupling yields higher levels of

autonomy, as the low level controller decides when it is best to turn.

5.5 Training

In this section we introduce our training mechanisms for the controller and com-
mander respectively as the commanding strategy and the control policy are learnt
separately with different methods and data.

5.5.1 Self-Supervised Commander Training Labels

Rather than relying on manually annotated video, in this section we present a novel,

self-supervised technique to create pseudo-labels. Given a raw video, the optical flow
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Pseudo label | Go Forward
Turn Right
Turn Left
Stop

Video Optic flow Guidance

Figure 5.3: The videos are firstly segmented based on the estimated optic flow. Then
the pseudo labels of direction varying commands (yellow and green sections) are
assigned before the agent actually makes the turn. It is important to be labelled
randomly instead of according to the ground-truth. The “Stop” command is only
labelled at the final part of the video (the purple part) and the other frames are set
to “go forward” as the default command (blue areas).

between subsequent frames is firstly estimated with FlowNet [30] and then segmented
where optical flow is high i.e. at likely turning points. This assumes that images
collected along a straight, continuous trajectory are highly similar, whereas images
around a corner show high disparity. Next, a snapshot is randomly sampled near the
end of each segment and, together with k& (k = 20 in this chapter) nearest frames, is
labelled with a random command drawn from {“Turn right”, “Turn left”, “Stop” }.
It is worth noting that the command of turning left or right before each turning point
is not labelled according to the real actions taken by the agent during data collection
but assigned randomly. This is the key to preventing the commander network from
overfitting to small real-world datasets. Finally, the remaining frames are all labelled
with the command “Go Forward” as the default prediction of the commander.

Note that only a small dataset with 5k real sequential images are collected for
fine-tuning the commander network. Before that, we initialise the network with 100k
sequential images collected from ROS Gazebo with a standard navigation package

ROS Nawigation?® automatically.

5.5.2 Training the Commander

Given the labelled data, the commander can be optimised with several different learn-
ing signals, which can be used separately or jointly. We discuss the relative merits of

each approach below.

2http://wiki.ros.org/navigation
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Command Loss The basic approach is to minimise the cross-entropy loss between
the probability distribution of predicted commands p € {0, 1} and the pseudo com-
mand labels y € {0, 1} as

T M
1
Lo$Sema = ~7 Z Z y" log(pi™) (5.3)

t=0 m=0

where T and M represent the length of the sequence and the number of categories
of the command given a sequence of data. This relies on the sub-differentiable prop-
erty of argmax(-) as mentioned in [51] and can be optimised using standard back-

propagation algorithms.

Learning Attention Policy with REINFORCE Our novel insight in this chap-
ter is to use the REINFORCE [164] algorithm to estimate gradients for learning a
better attention policy which, due to the sub-differentiable argmax function, does
not train well. The framework of REINFORCE algorithm usually models the policy
learning process as an MDP where the agent is the attention layer in commander
(it is independent from the MDP for control policy learning). Note that the atten-
tion layer does not contain any trainable parameter, therefore the attention policy
m(us|G, Oy; 61) completely relies on the CNN encoder that is parameterised by 6.
Given the guidance G and the sequential observations Oy, the attention policy in-
duces a distribution over possible interaction trajectories s = O, uy, ..., Op, ur where
u; and Oy are the attended location of snapshots and the observation at time step
t. The target is to maximise the reward accumulated along an interaction sequence
s as J(0p) = Ep(s;gl)[Zle v"~tr,]. Note that the probability of the occurrence of
trajectory s depends on the attention policy and the reward r; at each time is pro-
portional to the command prediction accuracy. The gradients are approximated using

Monte-Carlo with N learning samples:

T
Vo, J = Z ]EP(S1:T;91) [V91 log 7T(ut|G'7 O; 61>Rt]

t=1

N (5.9

NZZ 01 logﬂ' ’Gnao?ael)R?
Metric Learning As a further alternative to the REINFORCE learning signal,
metric learning [129] can also be applied to explicitly improve the image encoding, by
forcing the output embeddings to lie within a metric space. This can be considered

as an auxiliary task alongside the command prediction.
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Figure 5.4: An example of randomised environments in ROS Gazebo and its map. An
oracle commander is designed accordingly to give the robot correct commands before
it reaches the turning and termination point. The red circle highlights a challenging
situation where the intersection is not fully constrained with obstacles which can
easily confuse the robot.

Similar to [129], the triplet loss is adopted for metric learning. As each video
is segmented whilst generating the pseudo command labels, an anchor image can
be sampled from one of the segments. Then neighbouring images can be defined
as positive (similar) images whilst all the images in other segments are labelled as
negative (dissimilar) ones. Hence, after being encoded by the CNN; a triplet, which
contains an anchor image vector v®, k™ positive image vectors v and k™~ negative
image vectors v, can be randomly generated from each raw image sequence and its

loss function is formulated as follows:

1
L0SSmetric = [k:_+ Z ly(vi — 40— — Z la(v vil, (5.5)

where []; is the hinge function, l5(-) denotes the Euclidean distance, o is a margin
which is set to 1 and k* and k= are set beneath 20 to ensure a high similarity in
positive images and a balanced proportion between positive and negative samples.
This loss can be jointly minimised with the command loss through gradient back-

propagation, therefore, it is more convenient and simple compared with utilising the
REINFORCE algorithm.

5.5.3 Reinforcement Learning for Control Policy

The control policy is purely learnt with DRL in virtual environments. To enhance

the generalisation ability of the controller and decrease the possibility for the agent to
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memorise the environment, the geometry of the training environment is randomised
every 40 episodes and in each episode the desired path for the robot to follow is
also randomly generated as shown in Fig. 5.4. Then, for a robust transfer from a
simulated robot to the real one, we use a finely modelled Turtlebot2 robot? in both
the virtual and real world which is equipped with a Microsoft Kinect* to capture both
depth and RGB images. Note that SnapNav can use either the groundtruth depth
provided by the kinect or the estimated one, compatible to the system only with a
monocular camera.

We train the control policy with several different algorithms, e.g. DDPG [79],
RDPG [50] and DRQN [49]. All these DRL algorithms are firstly trained with the
oracle commander which always gives the agent correct commands according to the
robot position in the desired path for 1M training steps and later fine-tuned with the
noisy predicted commands from the learnt command policy for 0.5M training steps.
We show a constantly improved overall performance with different commanders in
Table. 5.1. The training is carried out on a single GTX970 GPU and each run takes
about 20 hours where the control frequency is 5 Hz and the simulator is 4x times

faster than the real world.

5.6 Experiments

We carry out a model ablation study and real world tests to evaluate the optimality of

the proposed model for SnapNav, and its generalisation ability to real-world scenarios.

5.6.1 Model Ablation Study in the Virtual World

Each model in the ablation study is tested in random environments similar to Fig. 5.4
with 1000 independent runs and the success rate (SR) of reaching the final destination

is used as the metric.

Attention policy learning We compare several different models and learning sig-
nals for training the commander. The most basic model does not utilise the attention
mechanism and simply sums over all the encoded guidance for command prediction.
We term this AllISum. Then, since soft attention is reported to have similar per-
formance as AllSum in [51], we consider the hard attention model as described in

Sec. 5.4.1 which is purely optimised with the command loss learning signal and is

3https://www.turtlebot.com/turtlebot2/
4https://en.wikipedia.org/wiki/Kinect
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Table 5.1: Success Rate (SR%) with different commanders as well as using the DRQN
purely initialised with the Oracle commander or further fine-tuned with each com-
mander.

DRQN Fine-tuned DRQN

AllSum 50.2% 54.4%
HardAtt 60% 61.6%
REINFORCE 72.7% 74.2%
Metric 70.2% 73.6%
Combined 71.2% 74.9%
Oracle 85% -%

termed as HardAtt. Next, we add the REINFORCE (REINFORCE) or metric
learning (Metric) learning signal. We also combine three learning signals together
(Combined).

From the results shown in Table 5.1, we can clearly see that commanders that
employ the attention mechanism significantly outperform AllSum which proves that
attending to a specific snapshot is essential for the command prediction task. Com-
pared with prior art, our introduction of either the REINFORCE algorithm or metric
learning yield further, substantial gains.

To better understand the reasons for this difference, Fig. 5.5 illustrates the Eu-
clidean distance matrix of a sampled video after being encoded by the commander.
It is shown that compared with HardAtt and REINFORCE, Metric and Com-
bined learn an encoder that clearly distinguishes images from different segments
more clearly. Thus, this should make it easier to attend to the correct snapshot dur-
ing navigation. However, according to Table 5.1, the REINFORCE learning signal is
more significant at improving the overall performance of the commander compared
with metric learning. This may be because that REINFORCE algorithm refines the
attention policy directly according to the accuracy of the command prediction, whilst
metric learning is a manually introduced bias in the encoding space which is not

entirely related to the task of navigation.

Control policy learning Selecting a suitable DRL approach to train the controller
is key to the entire system performance. From the learning curves shown in Fig. 5.6,
we firstly prove the necessity of introducing the recurrent network into the controller
model by comparing DDPG and RDPG where the latter is the recurrent version

of the former. Because the command is assigned to the controller before the robot
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Figure 5.5: The Euclidean distance matrix of the encoded images in a sampled video.

reaches the turning point, the recurrent network becomes important for memorising
recent commands.

Then we investigate the improvements brought by restricting the action and search
space by exploiting a value-based approach DRQN. The action space is discretised
into three options, i.e. going straight forward with the maximum linear velocity and
turning left or right with the maximum angular velocity and a slower linear velocity.
Correspondingly, the Q-network only is required to estimate the Q-values of these
options given the current observation and the hidden state of the recurrent network.
This substantially narrows down the search space and boosts the learning efficiency.

Table 5.2 looks deeper into the performance of the learnt policies. DDPG ter-

minates most episodes with collisions as it attempts to maintain the expected total
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Figure 5.6: The smoothed learning curves of DRQN, RDPG and DDPG respectively.
Each algorithm is trained with 1 million steps in ROS Gazebo with the oracle com-
mander.

Table 5.2: Distribution of rewards over 1000 testing episodes for different controllers.
Note that Success means the successful arrival of the final destination while Time-
Out and Crash denote the situations where the robot cannot reach the destination
within 300 steps or collides with an obstacle respectively.

Success TimeOut Crash

DDPG  34%  318%  64.8%
RDPG  60.9%  36.6%  2.5%
DRQN  85%  10.3%  4.7%

reward by minimising the probability of moving in an opposite directions to the desti-
nation, as this incurs an immediate negative reward. In contrast, its recurrent version
(RDPG) achieves a much higher success rate due to the possibility of memorising
the historic commands and heading to the correct directions accordingly at intersec-
tions. However the large exploration space for continuous action hinders the network
from learning a stable and robust turning behaviour in highly randomised junctions,
especially in the intersections with uncommon geometries as highlighted in Fig. 5.4.

Finally, DRQN which explores in a discretised action space shows significant gains.

5.6.2 Real-World Tests

In addition to the extensive experiments in virtual environments, we also evaluate
the learnt policy in real-world scenarios, to demonstrate its utility in real robotic
scenarios. To make the commander generalise better to a larger amount of guidance
while testing in the real world, we constrain the attention policy with a manually

tuned threshold for switching to the next snapshot in guidance when it is similar
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Figure 5.7: An example real world test. The legends from top to bottom are: start
position, guidance recording position, path in demonstrating phase, random obstacles
in testing phase, robot observations and robot trajectory in testing. The attention
location is illustrated by different colours in the robot trajectory which corresponds
to the colour of actions in the guidance. The red and green circles emphasises the
changing visual appearance and geometry of the environment between demonstration
and testing.

enough to the current observation. Fig. 5.7 demonstrates an example real-world
test which qualitatively examines the obstacle avoidance ability and the robustness
against the changing environments of SnapNav.

Furthermore, two baseline models are proposed for quantitative comparison as
shown in Table 5.3. SimOnly implements a similar model as [51] with additional
depth observation and is purely trained in the simulator through DRL. The other
one is the supervised variant of the deep VT&R model in [73] based on the limited
real-world data. The SimOnly baseline is only trained in simulation which shows a
degraded performance compared to SnapNav and proves that directly transferring
the command and control policy learnt in a single network is non-trivial. VT &R is a
densely guided counterpart to SnapNav that is directly trained with the supervision
of real world data. In our experiments, it possess the worst performance where it

never learns to avoid any new obstacles. It verifies our hypothesis that the limited
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Table 5.3: Evaluations in real world environments. The metrics used are: success
rate (SR), the average travelled distance before collisions or reaching the destination
(Dist) and the number of images used as guidance (ImgNum). Each model is tested
with 5 independent runs.

SR Dist(m) ImgNum

SnapNav 80%  24.29 6
SimOnly 40%  20.19 6
VT&R 20%  18.32 326

training data can not yield a robust navigation policy and also proves the high degree

of autonomy brought by our two-level hierarchy.

5.7 Conclusion

In this chapter we have proposed a practical solution for global mapless navigation.
The fundamental concept is similar to the recent StreetNav [51] which provides a few
snapshots paired with directional commands at key waypoints as the navigational
guidance. However, StreetNav does not transfer well to new scenarios, due to the tight
coupling between the training data and the learnt policy, and has only been tested in
simulation. Our proposed technique makes this system practical by using a two-level
hierarchy, decoupling perception from actuation. Through extensive experiments, we

show that SnapNav yields significant improvements over StreetNav, in particular:

e The attention policy is significantly improved by our novel self-supervised learn-
ing mechanism which only needs a very small amount of real-world data to train

successfully.

e The navigation system is successfully adapted to a real-time robot control task
and can be straightforwardly deployed on physical robots due to its two-level
hierarchy.

e The improved loss metric is key to robust attention on the correct visual way-

point, showing good immunity to scene changes.

We believe this is the first work to demonstrate practical, global mapless navigation
using sparse visual guidance in indoor environments and is a step towards increased

robotic autonomy.
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Chapter 6

Conclusion and Future Work

This thesis has investigated multiple tasks for mapless navigation for mobile robots.
Practical solutions are proposed to address some challenging problems for successfully
applying DRL approaches in real-world robotic problems.

Due to the infeasibility of training in the real world, the first question is how
to transfer the learnt policy from the simulated world to the real world, the success
of which heavily depends on the realism of the simulator. Due to the absence of
a virtual environment which simultaneously captures the kinetics of the robot and
renders camera observations with high visual fidelity, directly deploying the trained
policy to physical robots is challenging. In Chapter 3 we explore this challenge by
solving the task of monocular visual obstacle avoidance. We utilise a simulator
with a high performance physics engine but simplified camera observations, which
highlights that transferring the perception is our key problem. The reality gap, in
our case, is mitigated by projecting the robot observations from the visual appearance
domain into the complementary depth domain which has several advantages. The first
one is the simplicity of implementation. It only requires the use of an off-the-shelf
depth estimator, fine-tuned with a small amount of paired data. Conversely, domain
randomisation needs a carefully selected noise distribution and domain adaptation
must learn the adaptor network from scratch for different simulated environments.
Another advantage is that the geometric information provided in the depth domain
largely facilitates the learning of obstacle avoidance, speeding up the training process.
Thus, in this chapter, we demonstrate how to bridge the reality gap through domain
simplification.

Chapter 4 explores the question of how to learn efficiently in a local navigation
task. We propose a novel framework to incorporate navigation knowledge from other
sub-optimal but simple controllers into the training of an off-policy DRL approach

as guidance. This is achieved by learning a switching policy alongside the navigation
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task to sample actions from a better controller depending on the specific situation.
Hence the underlying DRL approach can initially learn from the prior controller
guidance and subsequently improve its own policy through self-exploration once it
has surpassed the performance of the prior controllers. We separately examine a
deterministic switching policy and a stochastic counterpart where the latter is proved
to be superior as it is naturally more robust to local minima. The main advantage
of the proposed framework compared to imitation learning is that it not only mimics
the behaviour of the controllers but also learns to outperform them. In some ways,
our method can be regarded as learning through inspiration, rather than imitation,
allowing the student to surpass the teacher. We note that both simple and expert
prior controllers can contribute to increasing the efficiency of the training process.

The solution for the key overarching question, global mapless visual naviga-
tion, is described in Chapter 5. The proposed system can navigate with only sparse
visual reference and directional guidance which can easily generalise the policy to
unseen scenarios with a minimal description of the environment. Such a human-like
behaviour endows the robot with a higher autonomous ability compared to VT&R.
Our novel formulation of the system in a two-layer hierarchy allows for task decompo-
sition, which is a key step towards making the system practical and realisable. This
also makes training more efficient compared with trying to learn the entire task with
a single policy network. The hierarchy facilitates exploitation of training data from
different domains and sources, i.e. appearance or depth observations, simulated or
real perception and action, allowing the learnt policy to be straightforwardly deployed
on real robots.

In the future, the work in this thesis can be further explored and expanded on in

the following aspects:

1. Visual obstacle avoidance in dynamic environments: At Chapter 3, we only
investigated navigation in relatively static environments with no fast moving
objects. Dynamic objects greatly increase the difficulty of monocular visual ob-
stacle avoidance because it is hard for a model-free approach to predict future
position of these moving objects. However our proposed depth based percep-
tion network could be integrated with an object tracking module to model the
the relative velocity between the robot and all the observable moving objects.
Through combination with an attention mechanism, this information may effec-
tively help the DRL agent to learn a robust obstacle avoidance policy in highly

dynamic environments.
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2. Hierarchical reinforcement learning: The proposed framework in Chapter 4 can
simultaneously learn the navigation policy using the underlying DRL approach
and a switching policy through REINFORCE learning signal to select among
different navigation controllers with a shared reward function and replay mem-
ory. However, from another perspective, we can regard the switching network
as a high level commander and all the controllers as low level actuators and as-
sign to them separate replay memories and decomposed reward functions. This
transformation enables the framework to deal with more sophisticated tasks
where each actuator is only responsible for learning a single and easy function
according to the decomposed reward and based on the samples recorded in
their own replay memories. Then, the commander learns to dispatch a specific

actuator under different situations according to the overall reward function.

3. Combining behaviour based robotics with DRL: Since the tasks and algorithms
in Chapter 3 and 4 are relevant to behaviour based robotics, it will be interest-
ing to combine this area with DRL approaches. It will develop more intelligent
behaviour based algorithms. For instance, for algorithms based on multiple
controllers that have different simple behaviours respectively, a DRL agent can
learn the optimal combination strategy of all behaviours according to sensory
inputs in different situations. Furthermore, by utilising recurrent neural net-
works as the memory, it is also possible to expand behaviour based agent to

carry out long term navigation tasks more easily.

4. Multi-robot navigation: In Chapter 5, the proposed mapless navigation system
naturally yields an efficient means of communication to share navigation expe-
riences, rather than transmitting detailed point-cloud maps or occupancy grids.
Hence it is promising to establish a multi-robot navigation system within this
framework of sparse guidance. Within this area, a number of questions come
immediately to mind, namely: 1) How to retrieve the experience for each robot
given a published query? 2) How to efficiently propagate the limited knowledge
of each agent through the entire network? 3) How to integrate all the informa-
tion acquired from different agents to plan the optimal path to the destination?

These can all be interesting questions for further discussions.

In summary, over the next decade, mobile robots are likely to play increasingly
important and ubiquitous roles in daily life e.g. in the arenas of housekeeping, man-

ufacturing, transportation and security. In such a situation, it is impractical and
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inefficient to manually define and assign each robot with domain-specific knowledge
and experience. Robots will need to interact within a common framework by sharing
knowledge, allowing multiple agents to explore potential solutions without any human
input or labelling, moving towards true cognition as opposed to simple pattern recog-
nition. This thesis, which proposes DRL based practical robot mapless navigation

solutions in real world scenarios, is a very first step towards that end.
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