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Lay Summary

Undoubtedly, Robotics will benefit our society and help dealing with
urging societal and health issues, such as healthcare, nuclear decommis-
sion, space exploration, disaster response, and agriculture. The ability
to intelligently and autonomously locomote and manipulate

Locomotion: the ability to move; manip-
ulation: using robotic arms to interact
with the environment

in these
environments plays a crucial role in the success of the deployment of
robots for these types of dangerous and expensive missions.

In the past 50 years, the field of robotics has seen rapid developments:
in a controlled environment, robots can run, backflip, manipulate
complex objects, and grasp in cluttered environments. However, the
algorithms enabling these motions are designed based on a specific
task, which means that if the robot encounters a new scenario that it is
not programmed for, it has difficulties to handle novel situations. This
greatly reduces the real world applications.

In this thesis, we combined control with learning and developed control
architectures and algorithms that allow robots to move and behave like
biological systems. As a result, the robots acted in a more general fashion
and learned new skills from a set of existing one, greatly improving the
applicability of robots in unstructured, unknown environments.

To this end, we combined control with Deep Reinforcement Learning
to design control systems that synthesis the skills of multiple experts
for fall-resilient locomotion and dual arm cooperation. Furthermore, we
investigated autonomous robotic control from a Neuroscience perspec-
tive and proposed a control framework that mimics the deep temopral
architecture of human motor control that can be used as general control
framework for autonomous robotics tasks.

As
Please visit the link https://
drive.google.com/drive/folders/
1vJUIGlqpbponzBUr1YhaM-Fj6LoMVNKv?
usp=sharing for the supplementary
videos of this thesis.

outcome of this research, the proposed algorithms in this thesis
that achieve intelligent, dynamic, and robust motions are realised on
real world robots, such as NASA’s humanoid Valkyrie, ANYbotics’
quadruped ANYmal, DeepRobotics’ quadruped Jueying, and dual arm
manipulators (Franka Panda).

https://drive.google.com/drive/folders/1vJUIGlqpbponzBUr1YhaM-Fj6LoMVNKv?usp=sharing
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Abstract

The central contribution of this thesis is providing a reliable frame-
work and algorithms to make robots move as versatile and reliable as
biological systems.

Combining control for stability and ma-
chine learning for intelligence.

To this end, this work proposes a hierarchical con-
trol framework that allows the combination of classical control on the
lower levels for control of the robot’s actuators achieving stability and
balance control and machine learning on the higher-levels for decision
making and planning. Using Machine Learning for the decision making
and planning enables the robot to behave more intelligently, dynami-
cally, and animal-like, while the control algorithms for the lower levels
maintain the robustness and stability properties of classical control.

In particular, this thesis presents contributions in six areas of robotic
motion control: (1) biologically motivated implicit hierarchical genera-
tive model for autonomous robot operations, (2) multi-expert learning
and skill synthesis, (3) improved formulation for Model-Predictive Con-
trol (MPC) of legged robots, (4) rapid robot policy development and
deployment through fast sample collection for Deep Reinforcement
Learning (DRL), (5) reverse-engineering AI policies into an equiva-
lent, safe, transparent, and certifiable controllers, and (6) automatic
parameter tuning.

First,
Implicit hierachical generative model
based on neuroscientific insights from
human motor control.

we draw inspiration from human motor control and insights in
Neuroscience and propose an implicit hierarchical generative model for
robot control that mimics the deep temporal architecture of human
motor control and show that this can be used to fully autonomously
learn to complete a complex task of object retrieval, delivery, and
navigation.

Using
Multi-Expert Learning Architecture
generates adaptive skills from a group
of representative expert skills.

the DRL policies trained in the previous works’, we propose a
Multi-Expert Learning Architecture (MELA) that allows using multiple
experts to train and synthesise new skills. We show that MELA can
be used to learn animal-like, dynamic, and adaptive behaviours on the
quadruped robot Jueying.

We
Multi-Expert Synthesis enables learning
fall-resilient locomotion and dual-arm
cooperative manipulation.

extend MELA, into a more general Multi-Expert Synthesis (MES)
framework, where we propose general guidelines for MES. To this
end, we propose an automatic state selection procedure, and identify
and solve common issues in multi-expert systems. Through MES, we
achieve fall-resilient locomotion on the quadruped ANYmal and dual-
arm cooperation for grasping ungraspable object on bi-manual robot
setup using Franka Panda.

We
Numerically stable, robust formulation
for locomotion on NASA’s Valkyrie.

propose a numerically stable, Linear-Inverted Pendulum Model
(LIPM) based formulation for MPC, and show its robustness properties
on the task of legged locomotion for the humanoid Valkyrie. Further-
more, we show that the proposed formulation is more robust to external
disturbances than other LIPM formulations for MPC.

In
Fast sample collection for Deep Re-
inforcement Learning enables training
trotting on ANYmal and balancing on
Valkyrie within an hour.

the domain of DRL, we propose a fast sample collection procedure
on consumer-grade computers through parallelisation that enables
the trainining and deployment of policies like trotting on quadruped
ANYmal and balancing on humanoid Valkyrie within an hour.



Next, we
Reverse-engineering an opaque AI pol-
icy into a transparent, certifiable con-
troller.

use the Artificial Intelligence (AI) policy trained through
DRL as basis for a reverse-engineering framework. For the task of
humanoid push recovery on Valkyrie, we show how an opaque AI policy
can be used to obtain a transparent, certifiable controller with same
properties as the AI policy. We show that ankle, hip, toe, and stepping
strategies emerge from the reverse-engineered controller in a unified
manner without the need of explicit switching.

Lastly,
Alternating Bayesian Optimisation: au-
tomatic parameter tuning of high-
dimensional parameters for whole-body
control of Valkyrie.

we propose an algorithm called Alternating Bayesian Optimisa-
tion (ABO) to automatically tune the high-dimensional parameters for
whole-body control of Valkyrie. Contrary to classical Bayesian Opti-
misation, which scales only up to 10 dimensions, we show that ABO
can tune up to 36 parameters for whole-body control and up to 60
dimensions on the global optimisation benchmark COCO.
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Preface

This thesis is written as cumulative dissertation, where every chapter
in the main body comprises one publication.

After an introduction in Chapter 1, where we introduce and motivate
this work, the main contributions of this thesis are outlined in Chapter
2. In Chapter 2, we summarise the contributions of all publications,
put the publications in context with each other and this thesis, and
present their applications. Lastly, a list of publications is provided.

The main part of this thesis present the contributions in the domain of
intelligent, multi-expert control for autonomous robots (Chapters 3 –
5), which contain edited and reformatted versions of the publications
[1, 2, 3].

We draw conclusions and provide an outlook in Chapter 6.

In the Appendix A – E, our contributions in the domain of control
theory and learning for robotics, and methods enabling multi-expert
learning are presented. These Appendix chapters constitute an edited
version of the publications [4, 5, 6, 7].
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Introduction 1
Applications of manipulators and legged
robots.

Undoubtedly, Robotics will benefit our society and help dealing with
urging societal and health issues, such as healthcare [8], nuclear decom-
mission [9], space exploration [10], disaster response [11], and agriculture
[12]. The ability to intelligently locomote and manipulate in these envi-
ronments plays a crucial role in the deployment of robots for dangerous
and expensive missions.

However, (artificial) intelligence remains one of the grand challenges
in robotics [13].

Examples of state of the art robot ca-
pabilities and their current limitations.

In the past 50 years, the field of robotics has seen
rapid developments: in a controlled environment, robots can run [14],
backflip [15], manipulate complex objects [16], and grasp in cluttered
environments [17]. The algorithms enabling these motions are designed
based on a specific task, which means that if the robot encounters a
new scenario that it is not programmed for, it has difficulties to handle
novel situations. This greatly reduces the real world applications.

1.1 Motivation and Objective

Figure 1.1: Robots on which the algorithms of this thesis were applied on: humanoid Valkyrie, quadrupeds Jueying and ANYmal,
and dual arm manipulators Panda.

To improve the robustness and generality of robot algorithms, and thus
the capabilities of robots, this thesis explores ways to combine classical
optimal control methods with gradient-free methods from Machine
Learning, such as Deep Reinforcement Learning [18] and Bayesian
Optimisation [19].

Goal of this thesis: contributing towards
achieving motion intelligence compara-
ble to biological systems.

This thesis aims to contribute in the domain of
robotic mobility and manipulation by achieving motion intelligence
that is comparable to biological systems, such as humans and animals,
in terms of versatility, robustness, and aesthetics.

As outcome of this research, we show how the algorithms proposed
in this thesis achieve intelligent, dynamic, and robust motions, and
demonstrate their effectiveness on real world robots (Fig. 1.1), such as
NASA’s humanoid Valkyrie [10], ANYbotics’ quadruped ANYmal [20],
DeepRobotics’ quadruped Jueying [21], and dual arm manipulators
(Franka Panda) [22].



2 1 Introduction

1.2 Structure of this Thesis

In the main part of this thesis, we propose three ways on how to
integrate learning and control to achieve motion intelligence in robots
– the main aim of this thesis. The components required – control
strategies and learning policies – are outlined in the Appendix A - E.

In the following subsections, a summary of the integrated learning and
control algorithms for intelligent robot motion control is given and a
description is given how and in what context the individual, proposed
methods can be applied.

Figure 1.2: Hierarchical Control Architecture inspired by the deep temporal architecture in human motor control. The components
and contributions required for the successful deployment of the hierarchical control architecture on robots are described in the
Chapters 3 - 5 and Appendix A - E. . Each Chapter corresponds to a publication (see Chapter 2).

A visual summary of the contributions of this work are depicted in
Figure 1.2 and discussed in-depth in Chapter 2. For intelligent behaviour
of robots, the control architecture is structured in a hierarchical manner.
This control architecture – as discussed in Chapter 3 – mimics the deep
temporal architecture of human motor control and consists of three
levels described in the following:

(1) the highest level performs decision making and is responsible for
setting goals or target commands. In Chapter D, an AI policy
– obtained through Deep Reinforcement Learning – is reverse-
engineered into a transparent controller, which is used as high-
level policy to command the robot where to place its Centre
of Mass and Feet. In Chapter 4 and 5, a Multi-Expert Learn-
ing Architecture is presented that synthesis multiple experts for
adaptive behaviours, versatile locomotion and manipulation. The
policy is designed to act as both high-level decision making and
as mid-level stability controller. Lastly, a hierarchical generative
model is presented in Chapter 3. The proposed generative model
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enables the robot to fully autonomously complete complex loco-
manipulation tasks. Additionally, Deep Reinforcement Learning
as presented in Appendix C merges the functionality of both
high-level decision making and mid-level stability control.

(2) the mid-level policy aims to track the high-level commands while
stabilising the system. Two methods are used for stability con-
trol: Model-Predictive Control and Deep Reinforcement Learn-
ing (DRL). In Appendix A an improved formulation for Model-
Predictive Control is presented that achieves both Gait Planning
(tracking high-level foot step commands) and Feedback Control
(maintaining balance under uncertainties). Supplementing the
control method, Appendix C introduces the concept of DRL and
presents a method for accelerated Deep Reinforcement Learning.

(3) the low-level controller performs joint control and directly deploy
the mid-levels commands on the robot’s actuators. In Appendix
B the concepts of Whole-Body Control and Joint Impedance
Control are introduced. Depending on the use case calculating
appropriate torques for the actuators might be done in a coupled,
holistic manner through Whole-Body Control or on an individual
joint basis through Joint Impedance Control. Lastly, Appendix E
presents a method to automatically tune the control parameters
used for low-level joint control.

Integrating Learning and Control into Hierachical
Generative Model

Figure 1.3: Fall-resilient locomotion on Jueying using proposed Multi-Expert Learning Architecture (MELA).

Stable and intelligent behaviour by com-
bining learning and control.In the Chapters 3 - 5, we present three approaches that combine

the control and learning methods with the aim to achieve motion
intelligence. Combining control with learning allows more intelligent
behaviours from learning while maintaining the safety and transparency
aspects of control.

In particular, we present a neuroscientifically inspired implicit hierar-
chical generative model for autonomous robot operations in Chapter 3.
Further, we propose a multi-expert synthesis framework in Chapters 4
and 5. Finally, we present a reverse-engineering framework in Appendix
D that yields a transparent, safe controller from a trained DRL policy
[6]



4 1 Introduction

Figure 1.4: Hierarchical control structure for robots.

Control for Robotics

To control complex dynamical systems, such as robots (Fig. 1.1), mul-
tiple layers of control are required. The hierarchical control structure
depicted in Fig. 1.4 is used to deploy versatile, robust, and stable
motions on the real robot.

The core idea lies in a high-level planner computing a desired reference
trajectory that is tracked by a mid-level stability controller while
guaranteeing stability. The mid-level stability controller provides the
low-level joint controller with target values, which are translated into
joint torques on the robot.

In this work, two concepts of controls are presented to realise such
a hierarchical control structure: proactive Model-Predictive Control
(Appendix A) for mid-level stability control, and reactive low-level joint
control (Appendix B). While Model-Predictive Control enables both
planning and feedback control for legged locomotion, reactive low-level
joint control is used to realise joint torques on the actual robot while
maintaining stability of the system and respecting physical constraints
of the robots.

Learning for Motion Intelligence

Figure 1.5: Jueying performing learned Fall Recovery motion after being pushed over by external disturbance.

Deep Reinforcement Learning and
Bayesian Optimisation for learning ver-
satile and intelligent motions.

To provide the robot with additional intelligence, two common ap-
proaches for learning are presented: Deep Reinforcement Learning
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(Appendix C) and Bayesian Optimisation (Appendix E), which is used
to automatically tune parameters of the whole-body controller.

Deep Reinforcement Learning (DRL) extends the notion of Reinforce-
ment Learning by using Deep Neural Networks to represent the policy
and value function. In this thesis, we will use DRL to learn intelligent
robotic behaviours. The learned policies are directly deployed on the
robot (Appendix C), reverse-engineered into a transparent controller
with the same characteristics in Appendix D, and multi-expert learning
approaches (Chapters 4, 5, and 3).

Bayesian Optimisation is a sample efficient black box optimisation
procedure, and is used to tune parameters of control frameworks.

1.3 Related Work

This section aims to provide the reader with an overview of this thesis
and to put this thesis in the context of control and machine learning.
A more detailed related work description in the fields of control for
robotics, machine learning for robotics, and multi-expert learning can
be found in the respective chapters.

Control for Robotics

Control
Use of both predictive (Model-
Predictive Control) and reactive control
(Whole-Body Quadratic Programming)
for robots.

for robotics can be categorised in predictive and reactive control.
Following, we present Model-Predictive Control (MPC) that predicts
future states and plans a trajectory according to these predictions
based on the current state and under consideration of constraints.
Furthermore, we introduce a reactive control method: Whole-Body
Quadratic Programming.

Model-Predictive Control

MPC
For further details, see Appendix A.

performs two roles: open-loop planning and closed-loop feedback
control. MPC achieves closed-loop control by continuously solving
the feed-forward optimization under constraints using the feedback
of current states and constraints. The main challenge of MPC lies in
solving the feed-forward optimization in real-time as the close-loop
often runs multiple times per second. To this end, simplified models,
such as the Linear Inverted Pendulum (LIP) [23] has been proposed.
More recently, non-linear models have been used to better capture the
whole-body dynamics of robots [24, 25].

MPC has been extensively used in the domain of robotic locomotion of
floating based systems. For example, improved disturbance rejection
was achieved by constraining the Zero-Moment Point [26]. Furthermore
MPC was used for automatic foot placement [27], Push Recovery [28],
and Capture Point (CP) tracking [29, 30].

In the past decades, the importance of MPC for dynamic locomotion
has increased. First an unconstrained MPC scheme was proposed in
[31] for walking pattern generation of bipedal humanoids. Improved
disturbance rejection was then achieved by constraining the ZMP [26].
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Furthermore MPC was used for automatic foot placement [27], Push
Recovery [28], and Capture Point (CP) tracking [29, 30].

In contrast to prior MPC methods that use an LIP model, we propose
an MPC framework in this thesis (Appendix A) that particularly
distinguishes the external perturbation in our formulation making it
real-world applicable, and also has dual-uses for Motion Planning and
Feedback Control. Our formulation is able to generate a stable COM
motion given Centre of Pressure (COP) or CP references while satisfying
the ZMP constraints. For further details regarding the advantages and
comparison of the various LIP model-based MPC formulations, see
Appendix A.

Whole-Body Quadratic Programming

Whole-Body
For further details, see Chapter B.

Quadratic Programming (WBQP) is an Inverse Dynamics
method that calculates appropriate torques to account for gravity and
Corriolis forces while tracking a given reference trajectory.

WBQP have been widely use for robotics tasks, such as locomotion and
whole-body control [32, 33]. In combination with a Trajectory Planner
[34, 35], WBQP is used to robustly realise planned motions [36] under
constraints. This paradigm of using optimisation to first plan and then
robustly track the planned trajectory has found wide application in the
control of floating-based robots [11, 37, 38, 24].

However, it shall be noted that while whole-body control guarantees
stability, their reliance on the model and constraints make whole-body
control only suitable in well modelled environments. Stability and
performance issues arise at situations like contact switches, deviating
model parameters, or deviation from assumptions made for linearisation
[39].

Machine Learning for Robotics

The
Learning policies from self-generated
data contrary to using labelled data.

learning aspect for Robotics in this work focuses on the Reinforce-
ment Learning paradigm [40], i.e., learning a policy from data generated
by rolling out a policy instead of using labelled data as in supervised
learning [41]. In the following, we highlight related work in Bayesian
Optimisation, Deep Reinforcement Learning, and Multi-Expert Learn-
ing.

Bayesian Optimisation

Bayesian
For further details, please see Chapter
E.

Optimization (BO) [19], a derivative-free, sample-efficient
optimization algorithm, is suitable to find global optima for black-box
optimization functions [42], and is widely used for hyper-parameter
tuning [43]. In robotics, BO has been used to find gait parameters on
real, physical hardware in [44] (5 dim./9 dim.), [45] (7 dim.), [46] (8
dim.), [47] (15 dim.). Additionally, domain knowledge has been applied
to find suitable kernels for improving sample efficiency on hardware
experiments [44, 48]. However, the dimensionality in these works was
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relatively low, and hence a direct implementation of BO performed
well.

Despite its benefits, the capability of BO in finding global optima is lim-
ited by the high dimensionality, as the search space grows exponentially.
Dimensionality reduction approaches, such as Principal-Component
Analysis [49] or Partial Least Squares [50], would fail when the evalua-
tion of the objective function is expensive, or the data is insufficient
to find correlations in parameters. An approach to combine BO with
LQR was suggested in [51], in which, rather than tuning the full state-
feedback controller, only the lower dimensional LQR weights were tuned
via BO. For humanoid Whole-Body Control, a Trial-and-Error learning
algorithm in [52] dealt with model inaccuracies by learning repulsors
to alter reference motions that prevents an unstable configuration of
state space.

Recently, high-dimensional BO methods have been proposed: in [53]
only a subset is optimized over by randomly dropping out parts of the
parameters space; in [54] a local search is performed near a priorly given
location. However, the work in [53] does not consider the correlation
between the parameters and randomly drops out parameters, while
the solution in [54] relies on prior knowledge of the optimum which is
mostly unavailable without pre-tuning.

To overcome these limitations, we propose a novel approach [7] that
applies domain knowledge for partitioning the parameter space, and is
able to find an optimum without assuming the location of the optimum
(see Appendix E). We adopt the idea of Alternating Optimization [55]
and iteratively optimize one partitioned parameter sub-space at a time
while keeping the rest of the parameter space fixed.

Our proposed algorithm has similarities with Coordinate Descent ap-
proaches [56]. However, instead of a sequential search along the coordi-
nates until convergence, our proposed method searches in sub-hyper-
boxes of the parameter space and is independent on the convergence
of previous iterations. In combination with BO, a global optimization
algorithm, the alternating nature reduces the risks of local minima and
allows parallelization, which are the two characteristics that are not
provided by Coordinate Descent methods.

Deep Reinforcement Learning

Recent
For further details, please see Chapter
C.

algorithmic advances in Reinforcement Learning [18] incorpo-
rated Deep Neural Networks (DNN) as function approximators [57].
Consequently, continuous control tasks as prevalent in robotics can be
solved by directly optimising the actor through policy gradient methods
[58].

Deep Reinforcement Learning (DRL) algorithms can be categorised into
two families: on-policy and off-policy algorithms. While on-policy algo-
rithms evaluate and improve the same policy from which the sampled
data originates from, off-policy algorithms do not require the samples
to originate from the same policy as the trained, target policy. Current
state of the art on-policy algorithms for continuous control include
Trust Region Policy Optimization [59], Proximal Policy Optimization
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[60], and Asynchronous Advantage Actor-Critic [61]. For off-policy al-
gorithms, Soft-Actor Critic [62], Deep Deterministic Policy Gradient
(DDPG) [63], and Twin Delayed DDPG [64] have seen successes in
controlling robotic systems.

These algorithms have been applied in robotics to imitate animal
locomotion [65], achieve fall recovery [66], yield human-like locomotion
[67], perform grasping in cluttered environments [68], perform dexterous
manipulation [69], and achieve remarkable results in robotic benchmarks
[70, 71].

While DRL finds powerful solutions that maximise the user-defined
cumulative reward, its requirement on large amounts of data and
necessity to retrain policies from scratch even for similar tasks make
scaling the solution impractical. This motivates the application of multi-
expert learning, where multiple experts are used to both acquire new
skills and used in a unified manner.

Multi-Expert Learning

The
For further details, please see Chapter
5.

essential principle of multi-expert learning lies in designing a
hierarchical control architecture where non-relevant information is
coordinated and hidden across the layers. Thus, experts focus solely
on performing their particular skills, while the high-level policy is
responsible for drawing from the experts’ skills and completing the
task.

This idea originates from Hierarchical Reinforcement Learning (HRL)
[72]. In HRL, for discrete and tabular cases, the concepts of temporal
[73] and state abstraction [74] are used to determine the information
that the components receive. Despite the advantages of encoding non-
relevant information across layers, composing and synthesising expert
knowledge is not possible in the standard HRL framework since only
one expert can be selected at a time. This problem is addressed by
learning continuous latent variables that blend the experts in a latent
space [75, 76].

The traditional approach for the latent space blending is the Mixture
of Experts (MoE), where the outputs of individual experts (actions)
specialized on sub-problems are combined by a gating function [77].
The core idea of MoE, combining the outputs of experts via a gating
network, has been adapted in the areas of machine translation [78],
computer vision [79], robotics [80], Reinforcement Learning (RL) [81],
and Computer Graphics [82].

With the advent of Deep Learning and Deep Neural Network, DRL
has been used to extend the discrete tabular HRL concepts into the
continuous control domain. In the context of multi-expert learning
and multi policy composition, this led to frameworks where low-level
experts encode motion primitives, control fragments, or skills, while a
high-level policy selects the expert [83, 84, 85]. Alternative to learning
a high-level policy to select appropriate motion primitives, COCoMoPL
[86] proposes a framework, where near-optimal motion primitives are
learned and synthesised into a motion as weighted combination of these
motion primitives.
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In [87], a method is proposed that does not synthesise expert skills into a
unified policy, but rather expands the existing skill by decomposing the
task into simpler subtask and training a local policy for the subtasks.

A modular framework is proposed in [88], which learns transition
policies that connect primitive skills to complete sequential tasks. An
extended work in [89] uses the modular framework to learn to coordinate
the learned primitive skills for task completion. In [90] a method is
proposed that learns task-agnostic skills to use their composite to solve
new tasks in an HRL fashion. Task completion is accomplished by the
task-agnostic skills performing commands provided by the high-level
command.
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Despite remarkable advancements in the fields of Control and Machine
Learning for Robotics as mentioned in Chapter 1.3, robust and in-
telligent behaviour of robots remain a challenge. This work aims to
contribute towards more intelligent robotic behaviours.

This chapter outlines the contributions of this thesis. In the follow-
ing, we first summarise the contributions. Second, a detailed outline
and context of the contributions of every publication is provided. Fur-
ther, the applications of each contribution are detailed to serve as a
guideline indicating which contribution and newly proposed method is
suited for which application. The chapter concludes with a full list of
publications.

2.1 Summary of Contributions

The central contribution of this work is providing a reliable framework
and algorithms to make robots move as versatile and reliable as bio-
logical systems. This work proposes a hierarchical control framework
(see Chapter 3) that allows the combination of classical control on the
lower levels to control the actuators of the robot achieving stability
and balance control, and Machine Learning on the higher-levels of
control for decision making and planning.

Machine learning for intelligent be-
haviour; control for stable and robust
actuation of the robot.

Using Machine Learning for
the decision making and planning enables the robot to behave more
intelligent, dynamically and animal-like, while the control algorithms
for the lower levels maintain the robustness and stability properties of
classical control.

In the main body of this thesis, we propose methods that integrate
Machine Learning approaches into a Control framework (Chapters 3
– 5). In the Appendix, methods for Control for Robotics (Appendix
A – B) and Learning for Motion Intelligence (Appendix C – E) are
presented. Every publication is summarised as chapter in this thesis.
Following, we summarise the contributions of every publication.

Combining Learning & Control

Neuroscientifically inspired control ar-
chitecture for fully autonomous task
completion.

First, we present an implicit hierarchical generative model that mimics
the deep-temporal archictecture of human motor control and can learn
autonomous task completions (Chapter 3). We show how the proposed
hierarchical generative model enables learning to autonomously com-
pletey a complex task requiring locomotion, manipulation, and grasping.
In particular, the humanoid robot can retrieve and deliver a box, open
and walk through a door to reach the final destination. Second, we
develop a Multi-Expert Learning Architecture (MELA)

Multi-Expert Learning Architecture
and Multi-Expert Synthesis.

that allows
learning new skills from a set of existing ones (Chapter 4). We further
analyse Multi-Expert Synthesis (MES) in Chapter 5, where we highlight
guidelines for MES and propose an automatic state selection process.
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The contributions of the hierarchical generative model in Paper P1
are:

Paper P1: Hierarchical generative mod-
elling for autonomous robots. 1. Considering autonomous robot control from a neuroscientific

perspective: deriving core principles of human motor control to
robotics.

2. Proposing a hierarchical generative model that mimics deep tem-
poral architecture of human motor control for autonomous robot
control.

3. Framework on how to realise the hierarchical generative model in
robotics.

4. Validation and demonstration of robustness of hierarchical gener-
ative model on a loco-manipulation tasks for humanoid Valkyrie.

The contributions of MELA in Paper P2 are:
Paper P2: Multi-expert learning of adap-
tive legged locomotion. 1 Propose a multi-expert learning architecture (MELA) that con-

tains multiple expert neural networks, each with a unique motor
skill, and a gating neural network (GNN) that fuses expert net-
works dynamically into a more versatile and adaptive neural
network.

2. Show that MELA (i) generates multiple distinctive skills effec-
tively, (ii) diversifies expert skills using co-training, and (iii)
synthesizes multiskill policies with adaptive behaviors in unseen
situations.

3. Demonstrate a breadth of adaptive behaviors for contact-rich
locomotion on a real robot and various extreme test scenarios in
a physics simulation.

The summarised contributions of MES in Paper P3 are:
Paper P3: Multi-Expert Synthesis for
Versatile Locomotion and Manipulation
Skills. 1. A systematic design for Multi-Expert Synthesis (MES) to enable

efficient learning of skill coordination and effective synthesis of
multiple experts during tasks.

2. Formulation of a state selection algorithm that uses the learned
state value function to quantitatively identify essential states and
rule out task-irrelevant variables.

3. A proposed explicit enforcement of diversity among multiple
experts by maximising their discriminability.

4. Applicability of the proposed methods for MES achieve motor
skill synthesis in both robot locomotion and manipulation.

Control for Robotics

Robust robot control through predictive
and reactive control.

In Appendix A – B we introduce control methods to guarantee the
stability and balance of legged robots.

For any robotic system, stability - the ability to perform motions with-
out diverging states - is the most crucial aspect.

Please note, that for some cases, a joint
impedance controller suffices for stable
control of the robot, which will also be
discussed in Appendix B.

For stability and
robustness of the robotic system, we will present a combination of
Model-Predictive Control (MPC) for gait planning and feedback con-
trol (Appendix A), and Inverse Dynamics based Whole-Body Control
(Appendix B) realising the generated trajectories.

Summarised
Paper P4: An Improved Formulation
for Model Predictive Control of Legged
Robots for Gait Planning and Feedback
Control.

the contributions of Paper P4 in the fields of MPC are:
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1. Analysis of numerical and physical issues in existing MPC frame-
works;

2. A proposed formulation that solves the numerical and physical
problems analyzed above;

3. Integration of the proposed MPC with whole-body control for
real-world application;

4. Benchmarking of the proposed MPC framework against existing
ones.

Learning for Motion Intelligence

Motion intelligence is achieved through
Deep Reinforcement Learning and
Bayesian Optimisation.

Appendix C – E, we outline two learning methods for Robotics: Deep
Reinforcement Learning (Chapter C) and Bayesian Optimisation (BO)
(Chapter E).

Reverse-engineering an AI policy into a
transparent controller.

Further, we propose a method to reverse-engineer the
learned, opaque Deep Reinforcement Learning policy into a transparent
controller (Chapter D).

Through Deep Reinforcement Learning (Chapter C), a policy is au-
tonomously learned that exhibits intelligent motions and deployed on
real robot. Automatic parameter tuning is conducted through Bayesian
Optimisation, where optimal parameters for any control or learning
framework are found.

The summarised contributions of Paper P5 in the domain of Deep
Reinforcement Learning are as follows:

Paper P5: Fast Sample Collection
Through Massive Parallelisation For Ac-
celerated Deep Reinforcement Learning
Development.

1. Proposing and discussing technical steps for parallel sample col-
lection of robotic data for Machine Learning approaches achieving
a real time speedup by a factor of several hundred on a consumer-
grade computer.

2. Presenting a learning framework that combines parallel sample
collection with Deep Reinforcement Learning for both on- and
off-policy methods.

3. Training a trotting and balancing policy within 1 hour for ANY-
mal and Valkyrie respectively and deployment of the policies on
the real robot platforms.

4. Solving MuJoCo benchmark tests within minutes using our pro-
posed approach.

The contributions of Paper P6 in the domain of automatic parameter
tuning through BO are:

Paper P6: Bayesian Optimisation for
Whole-Body Control of High Degree of
Freedom Robots through Reduction of
Dimensionality.

1. A novel Alternating Bayesian Optimization (ABO) algorithm
that is able to optimize black-box objective functions with high-
dimensional parameters.

2. An automated parameter tuning framework for Whole-Body
Control that can find the high-dimensional optimal parametric
set from scratch within a few iterations.

3. Evaluation of the versatility of the proposed ABO on the COCO
benchmarking platform that shows consistent convergence of find-
ing near global optima for challenging high-dimensional objective
functions.

The contributions of the reverse-engineered controllers in Paper P7
are as follows:

Paper P7: Decoding Motor Skills of Ar-
tificial Intelligence and Human Policies:
A Study on Humanoid and Human Bal-
ance Control.
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1. New paradigm for using machine learning to facilitate quicker
control development, as an alternative way of leveraging the power
of machine learning in addition to other options that intend to
use learning directly in real-world applications.

2. Infer underlying principles of an AI policy by studying its perception-
action relation, i.e., reverse-engineer an equivalent controller in
terms of functionality based on a black-box policy.

3. Propose a Minimum-Jerk Model-Predictive Control (MJMPC)
framework that quantitatively reflect both the AI and human
push recovery policies.

4. Show that the engineered controller has high similarity (Coeffi-
cient of Determination more than 90%) with the collected data,
and also exhibits the same human-like push recovery strategies,
which emerge from the proposed MJMPC without the need of
manual switching between the strategies.

2.2 Contributions in Combining Learning
& Control

Paper P1: Hierarchical generative modelling for
autonomous robots

Authors: Kai Yuan*, Noor Sajid*, Karl Friston, and Zhibin Li

*Equal contribution and co-first authors

Abstract: Humans can produce complex movements when interact-
ing with their surroundings. This relies on the planning of various
movements and subsequent execution. In this paper, we investigated
this fundamental aspect of motor control in the setting of autonomous
robotic operations. We consider hierarchical generative modelling—for
autonomous task completion—that mimics the deep temporal archi-
tecture of human motor control. Here, temporal depth refers to the
nested time scales at which successive levels of a forward or generative
model unfold: for example, the apprehension and delivery of an object
requires both a global plan that contextualises the fast coordination of
multiple limb movements. This separation of temporal scales can also
be motivated from a robotics and control perspective. Specifically, to
ensure versatile sensorimotor control, it is necessary to hierarchically
structure high-level planning and low-level motor control of individual
limbs. We use numerical experiments to establish the efficacy of this
formulation and demonstrate how a humanoid robot can autonomously
solve a complex task requiring locomotion, manipulation, and grasping,
using a hierarchical generative model. In particular, the humanoid robot
can retrieve and deliver a box, open and walk through a door to reach
the final destination. Our approach, and experiments, illustrate the
effectiveness of using human-inspired motor control algorithms, which
provide a scalable hierarchical architecture for autonomous performance
of complex goal-directed tasks.

Published in: Nature Machine Intelligence, 2022 (under review)
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Contribution: In this work, we applied the core principles of human

Applying the core principles of human
motor control on Valkyrie to achieve
autonomy for robotic tasks.

motor control and apply it to achieve autonomous robotic operations
on Valkyrie. We propose an implicit hierarchical generative model that
has close similarities with human motor control and show how the
framework can learn to autonomously and robustly complete a complex
loco-manipulation task of box retrieval and delivery, and manipulation
to open a door.

Extended work of P2 and P3.Context: We extended the work from P2 and P3 by lifting the
architecture-limitation of MELA, where the experts needed the same
action space, by showing that a hierarchical structure can operate a
robot, where every limb is an expert.

Application: This work presents a modular control framework that is
used throughout this thesis and allows autonomous task completion for
robotics applications. By design, the proposed hierachical generative
model can be used for any autonomous task that requires both planning
for task completion and control for closed-loop, stable realisation on
the robot. As the framework poses no assumption on the individual
modules, the individual components can be replaced by any required
skill – either a learned policy or an engineered controller. Example
applications and implementations of that combines learned policies
with engineered controllers can be found in Chapter 3.

Paper P2: Multi-expert learning of adaptive legged
locomotion

Authors: Chuanyu Yang*, Kai Yuan*, Qiuguo Zhu, Wanming Yu, and
Zhibin Li

*Equal contribution and co-first authors

Abstract: Achieving versatile robot locomotion requires motor skills
that can adapt to previously unseen situations. We propose a multi-
expert learning architecture (MELA) that learns to generate adaptive
skills from a group of representative expert skills. During training,
MELA is first initialized by a distinct set of pretrained experts, each
in a separate deep neural network (DNN). Then, by learning the
combination of these DNNs using a gating neural network (GNN),
MELA can acquire more specialized experts and transitional skills
across various locomotion modes. During runtime, MELA constantly
blends multiple DNNs and dynamically synthesizes a new DNN to
produce adaptive behaviors in response to changing situations. This
approach leverages the advantages of trained expert skills and the fast
online synthesis of adaptive policies to generate responsive motor skills
during the changing tasks. Using one unified MELA framework, we
demonstrated successful multiskill locomotion on a real quadruped
robot that performed coherent trotting, steering, and fall recovery
autonomously and showed the merit of multi-expert learning generating
behaviors that can adapt to unseen scenarios.

Published in: Science Robotics, 5(49), 2020

Contribution: In this paper, we proposed a multi-expert learning
architecture (MELA)

Multi-Expert Learning Architecture
that synthesises expert skills into adap-
tive behaviours for animal-like motions
on quadruped.

that contains multiple expert neural networks,
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each with a unique motor skill, and a gating neural network (GNN)
that fuses expert networks dynamically into a more versatile and
adaptive neural network. We showed that MELA generates multiple
distinctive skills effectively and synthesizes multiskill policies with
adaptive behaviors in unseen situations.

We also demonstrated a breadth of adaptive behaviors for contact-rich
locomotion on a real robot and various extreme test scenarios in a
physics simulation.

Context: This work built upon the DRL policies trained through P5
where we trained various policies for legged robots, e.g., trotting, and
fall recovery. Using these policies as experts, the question arose whether
we can learn a unified policy that combines all expert behaviours.

Uses DRL policies from P5 and basis
for P3.

Fur-
thermore, we drew inspiration from biological systems, which learn
new skills from a set of base skills. Applied to the context of legged
locomotion, we showed that trotting and fall recovery can be used as
base skills to learn adaptive behaviours to deal with unseen scenar-
ios and learn skills, such as steering, goal following, and fall-resilient
locomotion.

The principle of using multiple experts for sensorimotor coordination
was further extended in P3, where we generalised MELA into Multi-
Expert Synthesis (MES).

Application: The proposed MELA framework is suitable for any
multi-expert situation the goal is to blend the skills of the experts and
learning new skills from the set of existing expert skills. The experts
are resprented as Neural Network and usually learned through back-
propagation of reward signals in a Reinforcement Learning paradigm.
An example application can be found in Chapter 4.

Paper P3: Multi-Expert Synthesis for Versatile
Locomotion and Manipulation Skills

Authors: Kai Yuan, and Zhibin Li

Abstract: This work focuses on generating multiple coordinated mo-
tor skills for intelligent systems and studies a Multi-Expert Synthesis
(MES) approach to achieve versatile robotic skills for locomotion and
manipulation. MES embeds and uses expert skills to solve new com-
posite tasks, and is able to synthesise and coordinate different and
multiple skills smoothly. We proposed essential and effective design
guidelines for training successful MES policies in simulation, which were
deployed on both floating- and fixed-base robots. We formulated new
algorithms to systematically determine task-relevant state variables for
each individual experts which improved robustness and learning effi-
ciency, and an explicit enforcement objective to diversify skills among
different experts. The capabilities of MES policies were validated in
both simulation and real experiments for locomotion and bi-manual
manipulation. We demonstrated that the MES policies achieved robust
locomotion on the quadruped ANYmal by fusing the gait recovery and
trotting skills. For object manipulation, the MES policies learned to
first reconfigure an object in an ungraspable pose and then grasp it
through cooperative dual-arm manipulation.
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Published in: Autonomous Robots, 2022 (under review)

Contribution: We proposed a systematic design approach for Multi-
Expert Synthesis (MES) to enable efficient learning of skill coordination
and effective synthesis of multiple experts during tasks.

Automatic state space selection for
Multi-Expert Synthesis of quadrupeds
and dual-arm coordination.

To this end,
we formulated a state selection algorithm that used the learned state
value function to quantitatively identify essential states and rule out
task-irrelevant variables. We also tackled a problem in multi-expert
systems called mode-collapse. We proposed an explicit enforcement of
diversity among multiple experts by maximising their discriminability.
We demonstrated that MES can achieve motor skill synthesis in both
robot locomotion and manipulation.

Context: This work is an extension of P2, where propose a more
general formulation called Multi-Expert Synthesis (MES).

Extension of P2 with more general as-
sumptions and applied on quadrupeds
and dual arm manipulators.

We extended
the application from locomotion to manipulation as well. Furthermore,
we improved MELA by automatically selecting state space, which was
done manually in P2, and explicitly enforcing diversity across experts.

Application: Similar to MELA, MES can be used for any situation,
where the skills of multiple experts should be unified into one policy
and new skills should be learned from the existing experts. Further, the
two main contributions of this work – automatic state space selection
and expert diversification – are applicable for the design of state spaces
and whenever multiple experts are trained concurrently and diversifi-
cation among them preventing mode collapse is desired. An example
application can be found in Chapter 5.

2.3 Contributions in Control for Robotics

Paper P4: An Improved Formulation for Model
Predictive Control of Legged Robots for Gait
Planning and Feedback Control

Authors: Kai Yuan, and Zhibin Li

Abstract: Predictive control methods for walking commonly use
low dimensional models, such as a Linear Inverted Pendulum Model
(LIPM), for simplifying the complex dynamics of legged robots. This
paper identifies the physical limitations of the modelling methods
that do not account for external disturbances, and then analyses the
issues of numerical stability of Model Predictive Control (MPC) using
different models with variable receding horizons. We propose a new
modelling formulation that can be used for both gait planning and
feedback control in an MPC scheme. The advantages are the improved
numerical stability for long prediction horizons and the robustness
against various disturbances. Benchmarks were rigorously studied to
compare the proposed MPC scheme with the existing ones in terms of
numerical stability and disturbance rejection. The effectiveness of the
controller is demonstrated in both MATLAB and Gazebo simulations.

Published in: 2018 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS) (pp. 1-9). IEEE, 2018
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Contribution: This paper proposed a new formulation for Model
Predictive Control (MPC) of Legged Robots that solves numerical
and analytical issues that previous Linear Inverted Pendulum Models
(LIPM) based formulations exhibited.

Numerically stable and robust control
formulation for MPC.

LIPM is a commonly used in
MPC, because it captures the dynamics of floating based systems well,
while being linear and simplified model and thus suitable for real-time
optimisation over long prediction horizons.

In this work, we showed that our proposed formulation is physically
correct, more robust to external disturbances than existing LIPM
formulations, and numerically stable for long prediction horizons, which
is not the case for some existing LIPM formulations.

More robust to external disturbances
than existing LIPM formulations.

We further showed
that combined with a whole-body controller, the humanoid Valkyrie can
locomote over unmodelled terrains of 5∘ pitch and 10∘ roll inclination
respectively.

Context: This paper is the foundation of all subsequent control ar-
chitectures, where we developed a control framework in which we can
actuate a legged robot in a robust and stable manner.

The controller is used to actuate robots
in our subsequent works.

Our proposed
improved formulation for MPC is used as a mid-level stability controller
to provide stable trajectories that are then tracked with a low-level joint
controller. This paper is the basis for our work in Appendix E, where
we automatically optimise the parameters of the controller developed
in this work. Further, the control architecture developed in this work is
used our later publication [39] to actuate the robot and make it follow
high-level reference trajectories.

Application: The proposed formulation for MPC of legged robots
can be used for any legged robot, e.g., bipeds or quadrupeds. Using
the proposed formulation both gait planning and feedback control can
be achieved to enable the locomotion of legged robots. An example
application demonstrating robust biped locomotion can be found in
Appendix A.

2.4 Contributions in Learning for Motion
Intelligence

Paper P5: Fast Sample Collection Through
Massive Parallelisation For Accelerated Deep
Reinforcement Learning Development

Authors: Kai Yuan, Quentin Rouxel, Yu Ning, and Zhibin Li

Abstract: For learning methods in Robotics, such as Deep Reinforce-
ment Learning, the most time-consuming component is the collection
of data and samples. In this work, we propose a fast sample generation
procedure through parallelisation of environments leveraging the multi-
threaded architecture of modern computer hardware and utilising the
parallel nature of GPU’s. We show how these capabilities can be used
in conjunction with state of the art on- and off-policy Deep Reinforce-
ment Learning algorithms to solve a variety of Robotics problems. In
particular, we conduct benchmarks on MuJoCo environments achiev-
ing up to 1200 faster than real time solving the benchmarks within
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minutes. Furthermore, we train a trotting and balancing policy for
the quadruped ANYmal and biped Valkyrie respectively, and deploy
the policies on the real robots. Through our proposed parallelisation
framework, we achieve simulation speed 200 times faster than real
time, and can successfully train and deploy the trotting and balancing
policies on the real robots within 1 hour.

Published in: IEEE/RSJ International Conference on Intelligent
Robots and Systems 2022 (under review)

Contribution: This paper proposed technical steps to allow fast
sample collection of robotic data through massive parallelisation for
Machine Learning approaches achieving a real time speedup by a factor
of several hundred on a consumer-grade computer.

Deep Reinforcement Learning (DRL)
training and deploying policies on
ANYmal and Valkyrie within an hour
through massive parallelisation.

This allows the
rapid development of learned robotic programmes on real robots. We
showed, that training a trotting and balancing policy can be achieved
within 1 hour for ANYmal and Valkyrie respectively. These policies
were directly deployed on the real robot platforms. Furthermore, we
open-sourced the developed software.

Context: This work is the foundation for all subsequent publications
that use DRL, i.e., P1, P2, P3, and P7.

The DRL training procedure from this
work is used to rapidly develop algo-
rithms in all of our subsequent works
using DRL.

The parallelised architecture
and the DRL algorithms outlined in this paper are used to train
DRL policies, which are then directly deployed on real robots, such
as Valkyrie, ANYmal, Jueying, and Panda. The fast sample collection
procedure described in this paper allowed us rapid development, where
one policy was trained and deployed on the real robot within hours.

Beside direct deployment, the trained policies are further used in P7,
where we reverse-engineer the trained policy, or use the policies as
experts for Multi-Expert Synthesis (P1, P2, P3s).

Application: The proposed parallelisation technique allows fast col-
lection of data in simulation. It is thus applicable for any algorithm
that requires large amounts of simulation data. Examples include Rein-
forcement Learning algorithms that use the simulation data to train
a policy that maximises a cumulative, user-defined reward. Example
applications are in every work that uses Deep Reinforcement Learning
to train the policy, i.e., Chapters 3 – 5, Appendix C, D.

Paper P6: Bayesian Optimisation for Whole-Body
Control of High Degree of Freedom Robots
through Reduction of Dimensionality

Authors: Kai Yuan, Iordanis Chatzinikolaidis, and Zhibin Li

Abstract: This paper aims to achieve automatic tuning of optimal
parameters for whole-body control algorithms to achieve the best perfor-
mance of high-DoF robots. Typically the control parameters at a scale
up-to hundreds are often hand-tuned yielding sub-optimal performance.
Bayesian Optimization (BO) can be an option to automatically find
optimal parameters. However, for high dimensional problems, BO is of-
ten infeasible in realistic settings as we studied in this paper. Moreover,
the data is too little to perform dimensionality reduction techniques
such as Principal Component Analysis or Partial Least Square. We
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hereby propose an Alternating Bayesian Optimization (ABO) algo-
rithm that iteratively learns the parameters of sub-spaces from the
whole high-dimensional parametric space through interactive trials,
resulting in sample efficiency and fast convergence. Furthermore, for
the balancing and locomotion control of humanoids, we developed tech-
niques of dimensionality reduction combined with the proposed ABO
approach that demonstrated optimal parameters for robust whole-body
control.

Published in: IEEE Robotics and Automation Letters, 4(3), pp.2268-
2275, 2019

Contribution: We proposed a novel algorithm called Alternating
Bayesian Optimization (ABO) that optimises black-box objective func-
tions with high-dimensional parameters. In common Bayesian Opti-
misation (BO), only a parameter space up to 10 dimensions can be
optimised over.

Automatic parameter tuning (> 36 pa-
rameters) of Whole-Body Controller for
Valkyrie.

We show that our ABO algorithm can automatically
tune 36 parameters for Whole-Body Control from scratch within a few
iterations. We further evaluated the versatility of ABO on the COCO
benchmarking platform that shows consistent convergence of finding
near global optima for challenging high-dimensional objective functions
(up to 60 dimensions).

Context: This work builds upon P4, where we developed a mid-level
stability controller and a low-level joint controller for robot locomo-
tion.

ABO is used to automatically tune pa-
rameters of our whole-body controllers.

The main obstacle for well-performing controllers was the time-
consuming and often sophisticated tuning of parameters. Our proposed
automatic parameter tuning provided parameters in an automatic fash-
ion with higher performance than manually tuned parameters. These
parameters were used in the publications P4 and used as starting
parameter set in [39].

Application: The proposed automatic parameter tuning method is
applicable whenever parameters should be tuned in an automatic
fashion, where a meta objective is known for how the robot should act.
An example application is shown in Appendix E.

Paper P7: Decoding Motor Skills of Artificial
Intelligence and Human Policies: A Study on
Humanoid and Human Balance Control

Authors: Kai Yuan, Christopher McGreavy, Chuanyu Yang, Wouter
Wolfslag, and Zhibin Li

Abstract: From the advancement in computers, computer-aided design
has emerged for mechanical and electronic engineering, architecture,
and many other engineering fields. Foreseeing a similar development
curve and technology wave, we forecast a new emerging discipline in
the near future that uses learning-aided approaches to catalyze control
development, alongside other similar applications such as medicine
discovery. In this article, we propose a new paradigm for using machine
learning to facilitate quicker, more efficient, and more effective control
development, as an alternative way of leveraging the power of machine
learning in addition to other options that intend to use learning directly
in real-world applications.
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Published in: IEEE Robotics & Automation Magazine, 27(2), pp.87-
101., 2020

Contribution: This paper proposed a new paradigm for using machine
learning in Robotics.

New paradigm for Machine Learning:
reverse-engineering an AI policy into
controller with same behaviour while
being transparent and certifiable.

Alternative to directly deploying a learned policy
on the robot, this work proposed to use the learned policy as guideline
for control design. By reverse-engineering a controller that exhibits the
same characteristics as the policy, we get the best out of both worlds:
the controller is certifiable, transparent, can be analysed, and further
fine-tuned in an interpretable manner, while the controller exhibits the
complex behaviours of the learned policy.

We showed this paradigm on the humanoid Valkyrie for the task of
push recovery. We proposed a Minimum-Jerk Model-Predictive Con-
trol (MJMPC) framework that quantitatively reflect both the AI and
human push recovery policies. The engineered controller has high simi-
larity (Coefficient of Determination more than 90%) with the collected
data, and also exhibited the same human-like push recovery strategies,
which emerge from the proposed MJMPC without the need of manual
switching between the strategies.

Context: This work used a DRL policy trained in the DRL framework
outlined in P5 to reverse-engineer a controller.

Uses the DRL policy from P5.

Application: The proposed paradigm to reverse-engineer a policy
can be used whenever data from a black-box policy is available and
domain expertise exists regarding what type of controller family could
be replicate the black-box policy. An example application can be found
in Appendix D, where push recovery domain expertise is used to reverse-
engineer both an AI policy and a human policy.

2.5 Practical Aspects of Algorithm Design

Beside technical contributions that consitute of novel algorithms, this
thesis also provides practical aspects as contribution. In particular, we
provide insights and lessons learned regarding the state space design,
reward shaping process, and control framework.

Please find details regarding state space design in the Sections 3.4, 4.5,
5.3, C.4. Reward shaping is detailed in Sections 3.4, 3.4, 4.5, 5.3, 3.
Lastly, a discussion regarding the influence of control parameters can
be found in Sections 4.5, 5.5, E.3.
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3.1 Introduction

Humans can control their bodies to produce intricate motor behaviours
that are aligned with their objectives e.g., opening the door or moving
a box. These tasks rely on the coordination of two distinct processes:
motor planning and generation [91, 92, 93, 94]. To realise this, human
motor control prescribes nested time scales at which different levels
of the neuronal hierarchy evolve [95, 96], e.g., a high-level plan to
arrive at a place can entail multiple, individual, reflexive low-level
limb movements for walking. Similar distinctions have been introduced
in the robotics and control literature [97], with promising results by
combining robot control with learnt motor movements. However, control
and planning are often designed manually and separately, with little or
no feedback between the two [10]. This fundamental structure limits
the performance of the robot, and demand more human involvement
at the deployment stage even in controlled conditions.

Knowing these fundamental principles, we postulate that designing
appropriate robotics systems need to consider motor control as a conse-
quence or outcome of a (learnt) hierarchical generative model – which
is able to optimise and adapt future actions in uncertain environments.
These hierarchical generative models are the descriptions of how sensory
observations are generated: encodings of sensorimotor relationships rel-
evant for motor control [98, 99]. This implies that autonomous systems
must be conceptualised as hierarchical motor control, capable of dealing
with complex and diverse tasks [100].

Practically, hierarchical generative models speak to a spatiotemporal
separation of planning and motor control of the individual limbs, despite
functional integration [101, 98, 102]. This can be delineated as a series
of distinct layers that provide appropriate motor control [103](Fig.
3.1). The lowest layers predict the proprioceptive signals – generated
using a forward model encoding the physics, and the kinetics that
undergird motor execution. These can be characterised as predicting
shifts in the equilibrium position without explicit modelling of the task
dynamics (i.e., the equilibrium point hypothesis) [104, 105]. Then, the
layer above generates necessary movements to make the projections of
the trajectory that would transfer the agent from one fixed point to
the next. This speaks to the mid-level stability control that a human
has over limbs, to perambulate in an upright manner and maintain the
centre of gravity. The highest layer then pertains to planning [106, 102].
Here, different states represent endpoints of an agent’s plan, e.g., move
a box from a table to another.

To verify our proposition, we introduce an implicit hierarchal gener-
ative model for autonomous robot operations using a learning-based
scheme. Notably, our formulation has three distinct layers pertaining
to planning and motor generation. Aligned with the equilibrium point
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hypothesis [105, 104]∗, this is a forward model that predicts necessary
proprioceptive inputs to execute a desired movement, and the reflexes
fill in the gaps and realise the descending predictions or set points.
Practically, different layers were optimised together for an appropriate
functional integration between the highest and the middle layers. How-
ever, it shall be noted that only the middle layer planner had the access
to the state feedback, which allows a particular type of factorisation (or
functional specialisation). We will further elaborate technical details at
later sections.

Using this generative model, we focus on solving the tasks that com-
prises of sequential, conditional decision-making in two scenarios. In
the first scenario, the robot needs to reach the goal location by opening
a closed door. The door only opens when a button is pressed. Here, the
planner needs to coordinate both legs and arms: walking towards the
door happens first with leg movements and then arms start to move
and press the button, and finally the robot can reach the goal location.
The second scenario requires the robot to carry a box from one table to
another. Here the planner needs to follow the order of approaching and
picking up the box first, walking towards the second table, and placing
the box upon arrival. For both scenarios, our algorithm can perform
coherent locomotion, manipulation, and grasping movements similar to
humans, and therefore solve all these complex tasks successfully.

The paper is organised as follows. In Section 2, we describe the realisa-
tions of two hierarchical generative models for motor control: human
motor control and a robotic system capable of autonomous operations.
The robotic system instantiates an implicit hierarchical generative
model for motor control, which embeds a bidirectional information
propagation between different layers of the generative model. Next,
we show that our proposed architecture can perform tasks remarkably
similar to humans (Section 3). We highlight the common ground be-
tween our approach and optimal motor control theory, conventional
messaging schemes, linear quadratic regulators, and potential future
directions (Section 4). Moreover, we discuss that learning is a natural
part of such generative models and how learning can be integrated with
existing robotics approaches in a compatible manner. Lastly in Section
5, we provide details of our implementation of algorithms.

∗ Equilibrium point hypothesis: all movements are generated by the nervous system
through a gradual transition of equilibrium points along a desired trajectory[105, 104].
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Figure 3.1: Pictorial representation of a hierarchical generative model for moving boxes – a form of motor control. Typically, this
represents the conditional dependencies between states and how they cause outcomes. For simplicity, we compressed this as filled
squares that denote actions, and circles that represent action sequences. The key aspect of this is its hierarchical structure that
represents sequences of action over time. Here, actions at higher levels generate the initial actions for lower levels–that then unfold to
generate a sequence of actions: c.f., associative chaining. Crucially, lower levels cycle over a sequence for each transition of the level
above. It is this scheduling that endows the model with deep temporal structure. Particularly, planning (first row; highest level) to
“deliver the box” generates the actions for the information coordination level (second row; middle level) i.e., “ movement towards the
table”. This in turn determines the initial actions for movement generation (third row; lowest level) of arms to “place the box” on the
table.

3.2 Results

We hypothesise that motor control is a natural outcome of hierarchical
generative modelling (Fig. 3.1). Hierarchical generative models are
descriptions of how observations of sensory information are generated –
expressed as a joint distribution over the parameters of interest. These
can be factorised out to represent particular conditional dependencies
of interest that formalise sensorimotor relationships related to motor
control [99, 98]. Here, causes of proprioceptive input can be predicted



28 3 Hierarchical generative modelling for autonomous robots

by fitting the model to observed sensory data [107]. This provides a
more transparent way to interpret the undergoing decision-making
process within the robot. Interestingly, having a generative model gives
for free the five core principles of hierarchical motor control introduced
in [100] (see Table 3.1).

The above has established the relevance of hierarchical generative
models for motor control. In the following, we describe the realisations
in two domains: human and robotics (see Fig. 3.2).

Generative Model for Human Motor Control

The generative models observed in human motor control feed in contin-
uous proprioceptive signals and propagate information to the highest
levels that are responsible for planning, and then back down at each
level to generate particular movements (Fig. 3.2). These proprioceptive
signals are usually multisensory, here we limit to motor control using
muscular input for brevity.

The generative model’s lowest (and fast evolving) layer includes the
spinal cord and the brainstem. The local (factorised) circuits in these
regions are responsible for organising movements, given descending
predictions from different higher levels. Example projections, from
upper motor neurons in the cortex, control movement indirectly via
pathways that project to the brainstem motor control centres, which,
in turn, project to the local organising circuits in the brainstem and the
spinal cord. Accordingly, these areas are responsible for evaluating the
discrepancy between the proprioceptive inputs and descending predic-
tions of these data, to drive muscle contraction via the musculoskeletal
mechanics [108, 102]. It is believed that these regions coordinate multi-
ple joint movements semi-autonomously over time [109, 110]†. At this
level, different neuronal ensembles have distinct, partially autonomous
influences, e.g., the red nucleus controls movements of the arms.

Moving to the middle level of this generative model, we consider the
role of the cerebellum and the basal ganglia. The cerebellum receives
inputs from the spinal cord and other areas, and integrates these to
fine-tune motor activity. In other words, it does not initiate movement,
but contributes to its coordination, precision, and speed, through a
feedforward mode of operation. Therefore, it can be thought of being re-
sponsible for amortised (habitual) control for deliberative goal-directed
behaviours, which are characterised by the subcortical and cortical
interactions. Additionally, the cerebellum can receive information from
the motor cortex, process this information, and send motor impulses to
the skeletal muscle (via the spinal cord). Conversely, the basal ganglia
is responsible for motor program selection, informed by the thalamus
and the motor cortex [111] – appropriately modulating the lower level
of the generative model (spinal cord via the brainstem). Basal ganglia
is revealed to support the learning of action selection [112].

† These trajectories are a succession of fixed points such that each fixed point is realised
in a specified (e.g., theta) cycle over a particular time period. Then motor sequence
can be regarded as filling in the gaps between a series of fixed points, where each fixed
points is specified by the level above in very scheduled saltatory discrete fashion.
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Table 3.1: Summary of the key principles of hierarchical motor control (Merel et al., 2019), with exemplar realisations in human
motor control and our robotic system. We omit the principle of modular objectives here (sub-systems trained to optimise specific
objectives different from the global task objective) to avoid confusion of localised objectives under a hierarchical generative model –
because a factorised generative model architecture, with the objective of maximising model evidence naturally leads to distinct factor
specific objectives at each point in the hierarchy.

Principle Description Hierarchical Genera-
tive Models

Human Motor Control Autonomous Robot Oper-
ations

Information
factorisation

Different in-
formation is
processed by
distinct sub-
systems.

Result of factorised
distribution of appro-
priate latent states
within the generative
model.

Different sensory signals
are routed to different
parts in the hierarchy e.g.,
what and where streams.
These neuronal popula-
tions can be characterised
as factorised states re-
sponsible for sub-systems.

Only task relevant sen-
sory signals are used by
the individual layers with
irrelevant states hidden
across layers. This speaks
to an explicit factorisa-
tion of sensory signal and
which parts of the system
has access to it.

Partial au-
tonomy

Lower hierar-
chical levels
can semi-
autonomously
produce out-
puts with
minimum
input from
layers above.

Result of factorising
out the state space
into multiple distinct
layers, and lower lay-
ers can independently
accomplish sub-goals
at a (relatively) fast
temporal scale.

Semi-autonomous coordi-
nation of joint movement
at lower layers (i.e., brain-
stem and spinal cord).
These operate at faster
temporal scale, and do not
require continuous input
for higher layers.

Full autonomy and sta-
bility guarantee in indi-
vidual layers. Explicitly,
we introduce stable mid-
level and low-level mo-
tions for random higher-
level inputs. This ensures
that lower layers can in-
dependently perform fast
movements.

Amortised
control

Re-execute
appropriate
behaviours
rapidly using
learnt move-
ments.

Learnt probability dis-
tributions that param-
eterise this generative
model can be used
for amortised control.
That allows for habit-
ual control based on
previously learnt dis-
tributions.

Cerebellum is responsi-
ble for amortised control
of deliberative and goal-
directed behaviours, evok-
ing fast habitual control
for repeated actions.

The system learnt policies
(i.e., action-state map-
pings) that provide habit-
ual control for rapidly re-
executing appropriate ac-
tions.

Multi-joint
coordination

Degenerate
coupling
of different
components
operating
as a whole
for motor
control.

Result of state fac-
torisations that intro-
duce flexible mapping
across and within each
layer.

Different neuronal ensem-
bles have distinct influ-
ences e.g., the red nucleus
controls movements of the
arms. Much like factorised
states, these neuronal en-
sembles come together to
produce intricate move-
ments.

The system is equipped
with multiple sub-
structures (or policy
mappings) that are
responsible for specific
actuator movement.
Together these come
together, across and
within layers, to produce
particular motor move-
ments.

Temporal ab-
straction

Abstraction
of time
across hierar-
chical layers.

Result of hierarchi-
cal generative mod-
els where higher layers
evolve slower than and
constrain, the layer be-
low.

Different levels evolve at
different temporal and
spatial scales, with pri-
mary motor cortex respon-
sible for planning (slow
timescale) and spinal cord
responsible for generation
(fast timescale)

The three layers of the
system evolve at different
temporal scales – much
like any hierarchical gen-
erative model. The high-
level planning is at a slow
timescale, mid-level sta-
bility control at medium
timescale, and low-level
joint control at a fast
timescale.
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The higher level involves the cerebral cortex and the thalamus. The
thalamus nuclear receive projections from the cerebellum (related to
movement and sensory stimulation) and basal ganglia (related to wilful
movements), and thalamus nucleus relay projects directly to the primary
motor and premotor association cortices [113]. The cortex has access to
factorised sensory streams of proprioceptive signal (e.g., visual, auditory,
etc) and hence can coordinate or override habitual control defined by
the lower levels. Specifically, the primary motor cortex is responsible for
deliberative planning, control, and execution of voluntary movements,
for example, when learning a new motor skill.

Figure 3.2: Algorithmic realisations of the conceptual framework. Panel A corresponds to the generative model of human motor
control, and Panel B corresponds to the implicit generative model for a robotics system. The green nodes in Panel A and green
boxes in Panel B refer to the highest layers of human motor control and our implicit generative model respectively. In the implicit
generative model, high-level decision making is realised as neural network learned through Deep Reinforcement Learning. The blue
nodes in Panel A correspond to the middle level of human motor control and the blue boxes in Panel B are mid-level realisations in
our proposed architecture realised as Deep Neural Network policy learned through Deep Reinforcement Learning for Locomotion and
Inverse Kinematics and Dynamics policy for Manipulation. On the lowest level, depicted in grey nodes and boxes, a joint impedance
controller calculates the torques required for actuation of the robot. Yellow and light-red are sensor information and motor control
respectively.

Implicit Hiearchical Generative Model for a
Robotics System

Following the key principles of hierarchical motor control (Table 3.1) and
the generative model in Figure 3.1, we design an implicit generative
model for the humanoid robot consisting of three layers: high-level
decision making, mid-level stability control, and low-level joint control
(Fig. 3.2). We formulate factorised information flow by restricting state
access to specific policies across the three layers, i.e., the locomotion
policy only has access to the lower joint states and goals. Here, temporal
abstraction is an outcome of specifying a hierarchical generative model,
where policies are evaluated at different timescales.

The highest planning layer, evolving at the slowest rate, selects an
appropriate sequence of actions of the limbs, which are needed to
complete a particular sub-task. It decides where the hands should
be and what direction to go. Practically, deep reinforcement learning
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(RL) is used here to learn the correct generation of Cartesian position
commands for the mid-level stability control.

These commanded targets are realised at the layer below that regulates
the balance and stability of the robot while performing manipula-
tion and locomotion. Manipulation is instantiated as a minimum-jerk
model-predictive controller that moves the arms to the target positions
provided by the high-level policy, and locomotion as a learnt locomotion
policy via deep RL that coordinates twelve degrees of freedom legs to
reach the destination provided by the higher level. Both these policies
are designed to ensure that infeasible set points from the high-level are
corrected for the mid-level stability control, so that only stable joint
target commands are provided to the low-level joint controller.

Despite receiving inputs from other layers, each layer has partial au-
tonomy over its final predictions and goal. Furthermore, multi-joint
coordination is realised by learning a policy that coordinates all joints
of legs appropriately for the current state, while the arms coordinate
their joints through Inverse Kinematics (IK).

The low-level joint controller is instantiated as joint impedance control
and tracks the joint position commands given by the mid-level stability
controller. Based on tuned stiffness and damping, the joint impedance
control calculates desired torque to follow the target positions closely
and smoothly. Lastly, the torque commands are tracked by the actuators
using embedded current control of onboard motor drivers.

Hierarchical Generative Model for
Loco-Manipulation

In the following, we show how our proposed paradigm of formulating
the control architecture as a hierarchical generative model enables a
robot to learn autonomous completion of a loco-manipulation task.
Additionally, the learned policy exhibits generality and robustness
to uncertainty (Fig. 3.3 a-e) while exhibiting the core principles of
hierarchical motor control. First, we validate the proposition that
hierarchical generative modelling is necessary for autonomous robotic
operations. We demonstrate this in two sequential decision-making
tasks: moving a box from one table to another and opening a door by
pressing a button.

Our implicit hierarchical generative model for a robotic system can
successfully and autonomously achieve locomotion, manipulation, and
grasping movements similar to humans, and solve all these complex
tasks in a coherent manner. Briefly, the highest policy layer of the robot
system determinises the action sequence necessary for task completion
and sends commands to the lower layers. This allows the robot to carry
out the following actions: i) walk to the first table, ii) move arms to
pick up the box, iii) walk to the second table, iv) release hand and
place the box on the table. Upon successful completion of this task, the
same generative model can be used to perform the second task as well.
This is achieved by having the transition of a high-level policy to open
a closed door, instead of moving a box. The accompanying commands
are sent to the lower layers responsible for limb control stability and
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joint control. They instantiate mid-level locomotion and manipulation
policies to move to the door and position the body close enough to
press the button. Having the door opened, the robot passed through
the door towards the final goal.

To assess the robustness and generality of the hierarchical generative
model, we introduced several perturbations that were not observed
during training (Fig. 3.3). First, we introduced external perturbation
by placing obstacles (i.e., 5kg box, Fig. 3.3a) in front of the robot
and pushing its pelvis (Fig. 3.3b). The results are encouraging: the
mid-level locomotion policy withstood both disturbances, moved the
obstacle out of the way, and took a step to recover balance after the
push. To test the performance further, we modified the environment
with unseen conditions by adding a 5° inclined surface (Fig. 3.3c)
and a low-friction glass plate (friction coefficient of 0.3, Fig. 3.3d) in
front of the door. The robot successfully completed the task post each
perturbation. More interestingly, we lesioned the robot by amputating
its right foot completely (Fig. 3.3e). Despite this handicap that was
never encountered, with only a stump touching the ground in place of
its right foot, our hierarchical control was sufficiently robust to deal
with this situation and the robot was able to keep balance and complete
the task.

Figure 3.3: Robustness of the system in light of perturbations. Panels A-E show how the robot successfully completes the task in
perturbation test scenarios that it has not encountered during training and demonstrate the robustness of our proposed method.
From left to right, we place 5kg box-obstacles in front of the robot, push the robot from the front, alter the floor with an inclined
and slipper surface, and lesion the robot, but removing the right foot. In Panel F, the amortised control is shown. The hip pitch joint
motion is exemplarily used to show how the policy adapts to the perturbation and rapidly re-executes a motion to counteract the
perturbation.

Next, we evaluate whether the aforementioned robotic system satisfies
the key principles of hierarchical motor control (Table 3.1) that explains
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the robust task performance.

Information Factorisation

In this system, factorisation exists across model layers and policy
controls – with each responsible for particular information process-
ing. This factorisation ensures that particular external perturbations
have minimum impact on task performance. For example, when dis-
turbances occur on the robot legs, it does not significantly impede the
task completion. This is because these perturbations are only visible
to the locomotion policy, and other layers and control policies can
be independent of the disturbances and hence retain their nominal
operations.

Practically, information factorisation necessitates clearly defined roles
for each sub-system. Thus, any failures in performance can be isolated
and fine-tuned for future tasks. For example, if the robot falls over
while walking to a goal, the locomotion policy can be identified as the
root cause, and hence improving the locomotion policy will resolve the
issue without resolving to the high-level planner or the manipulation
policy. Further examples include oscillation of the robot limbs, which
can be attributed to the low-level joint control; or walking towards the
wrong direction, which was due to the command from the high-level
policy.

Partial Autonomy

The system is designed with partial autonomy, i.e., minimum interfer-
ence or support from other layers. Specifically, we implement a clear
separation between the highest and middle layer, though they are
trained together. This was particularly relevant because the high-level
planning layer can send random action sequences to the mid-level sta-
bility controller. Without partial autonomy, the robot might become
unstable and not able to learn to move appropriately, given such random
or potentially unstable high-level commands.

Figure 3.4 visualises this case when the robot is provided with random
commands to both the arms and legs. This causes the robot to walk in
random directions (Fig. 3.4a) and the arms move around randomly (Fig.
3.4b). Despite imperfect motion tracking, the robot does not fall over
and is able to complete the tasks despite of movement deviations.

Amortised Control

After training, the robot engages in amortised control with the ability
to re-execute appropriate behaviours rapidly using previously learnt
movements. We observed this in baseline and perturbed task setting
(inset trajectories in Fig. 3.3f), where the amortised locomotion policy
is used to successfully complete task without additional learning.



34 3 Hierarchical generative modelling for autonomous robots

Figure 3.4: State and temporal dynamics of the robot during task performance with random-high level commands. Panels a and
b show the sagittal motion of the Centre of Mass (CoM) while following random leg and arm commands respectively. From the
robot snapshots corresponding to the time they’re shown, the partial autonomy of the mid-level stability controllers can be seen, i.e.,
good performance of the individual layers despite random and fast changing command inputs. Panels c and d show the leg and arm
movements respectively. Here, the temporal abstraction can be seen, where the high-level commands are provided at 0.5 Hz, and the
mid-level commands are realised at 25Hz. The joint commands are realised at 500Hz on the joint actuators. In the inset plots of
Panels c and d, it can be seen that the joint position trajectories evolve similarly as postulated in the equilibrium point hypothesis.

Multi-Joint Coordination

The robot has multiple sub-structures that are responsible for specific
control, which can work together in different ways to generate particu-
lar motor movements. Figure Fig. 3.5a demonstrates this multi-joint
coordination when pressing the button to open the door in the presence
of an obstacle (Task 2). To achieve so, the right arm motions had to co-
ordinate appropriately according to the initial hand position. Also, the
shoulder roll (Fig. 3.5b orange line) and elbow (Fig. 3.5b red line) had
to adjust and adapt differently from the baseline. Explicitly, these do
not yield a fixed motion, instead, the manipulation policy coordinates
these joints based on where the Centre of Mass (CoM) is. Therefore,
during the baseline reaching motion, arms move differently than the
motion in box obstructed case, where the CoM is in a different position
because boxes are obstructing the door.
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Figure 3.5: Adaptive arm manipulations during opening the door task. Panel a shows the right arm’s motion in cartesian space for
the baseline (no obstacle) and the box obstacle scenario. When there is an obstacle in front of the door, the arm motion must adapt
as the robot’s upper body position deviates from its baseline position. The Multi-joint coordination aspect can be seen in Panel b.
The adapts to the change of scenario, coordinating the multiple arm joints, such that the end position of the arm is pressing the
button to open the door while being obstructed by the box obstacles.

Temporal Abstraction

By design, the three system layers evolve at different temporal resolu-
tions. Figure 3.4 visualises these distinct temporal scales as the robot
perambulates. The highest policy layer has a slow timescale of 0.5Hz
(Fig. 3.4a). This allows the lower layers to carry out the command in a
partially autonomous way, i.e., uninterrupted. Conversely, the mid-level
stability control for limbs has a faster timescale at 25Hz (inset trajec-
tories of Fig. 3.4c and 4d). This is needed to generate rapid predictions
for the locomotion and manipulation policies. Lastly, the low-level joint
control executes these control commands at a frequency of 500Hz on
the actuator level.

3.3 Conclusion

In this work, we showed that hierarchical generative models can ade-
quately equip agents with the ability to perform autonomous control of
robots. Hierarchical generative modelling provides sensorimotor control
systems with a more transparent and flexible approach to interpret the
robot’s decision making. Importantly, this can be leveraged to improve
task performance and identify system failures. It shall be noted that our
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proposed hierarchical framework adheres to the key principles of hier-
archical motor control, and therefore we are offered the possibilities to:
(i) create a system, (ii) rollout the policy and evaluate its performance,
(iii) identify the root cause of the limitations in performance, and (iv)
resolve issues in the root cause and improve the performance. Our
proposed hierarchical generative model showcases how the principles of
hierarchical motor control can be applied to robotics to provide these
with full autonomy and more robustness. We validated this claim on a
robot loco-manipulation task that required the robot to retrieve and
deliver a box, opening a door, and walking towards a final goal. Further,
we showed the robustness of our approach by showing the successful
task completion under perturbances, which the robot did not encounter
during training, such as altered environments, external pushes, and
even amputating the right foot. By providing robots with full autonomy,
humans are relieved from the task of sending low-level commands every
few seconds - e.g., foot and hand placement - by interpreting a steady
stream of perception and sensor data as in a shared-autonomy and
semi-autonomous paradigm. Consequently, cognitive overload that may
cause human errors can be prevented. A notable example of human
error in high stress situations causing the crash of a robot was the
wrong foot placement commanded by an experienced operator during
the DARPA Robotics Challenge, the heretofore most advanced com-
petition to test the capabilities of anthropomorphic disaster response
robot. Our future work will in improve the planning objectives. In this
work, we have shown how a simple objective can achieve good results,
and we aim to replace the planner with more sophisticated and neuro-
scientifically more grounded objectives, i.e., through active inference
[114]. Furthermore, we will investigate the robustness capabilities of our
method through robotic neuropsychology: causing lesions or stroke-like
conditions on the robot to investigate both methods and causes of the
resulting policies.

3.4 Methods

We present the hardware implementation here for realising the gener-
ative model outlined in Section 2. In particular, we first describe the
robotic platform on which the algorithms are implemented. Second,
we delineate the task which is autonomously solved by the generative
model. Next, we explain the details on the generative model, which
consists of high-level decision making, mid-level stability control, and
low-level joint control.

Robot Platform

The motions for autonomous task completion are implemented on
NASA’s humanoid Valkyrie [10]. Valkyrie was designed to operate
in extraterrestrial planetary space missions such as unmanned pre-
deployments on Mars – it is 1.87m tall, consists of 44 Degrees of Freedom,
and weighs 129kg with ranges of motion similar to humans. The 25 series-
elastic actuators in arms, torso, and legs enable human-like locomotion
and manipulation; all the joint limits are detailed in Table 3.2. Valkyrie
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can sense the environment through proprioceptive and exteroceptive
sensors, including a multitude of gyroscopes, accelerometers, load cells,
pressure sensors, sonar, LIDAR, depth cameras, and stereo sensors.

Lower joint
position
[𝑟𝑎𝑑]

Upper joint
position
[𝑟𝑎𝑑]

Joint
velocity
[𝑟𝑎𝑑/𝑠]

Joint
torque
[𝑁𝑚]

Shoulder roll -1.3 1.5 5.9 190
Shoulder pitch -2.9 2.0 5.9 190
Shoulder yaw -3.1 2.2 11.6 65
Elbow pitch -2.2 0.1 11.5 65
Torso roll -0.2 0.3 9.0 150
Torso pitch -0.1 0.7 9.0 150
Torso yaw -1.3 1.2 5.9 190
Hip Roll -0.6 0.5 7.0 350
Hip pitch -2.4 1.6 6.1 350
Hip yaw -0.4 1.1 5.9 190
Knee pitch -0.1 2.1 6.1 350
Ankle Pitch -0.9 0.7 11 205
Ankle Roll -0.4 0.4 11 205

Table 3.2: Mechanical specifications of
Valkyrie.

Tasks of Interest

To demonstrate how the hierarchical generative model can autonomously
solve complex tasks, which do require a particular sequence and coordi-
nation of locomotion and manipulation skills, we specifically designed
a task that demand coordination of limbs and reasoning about the
sequence of actions.

The designed task consists of four subtasks (Fig. 3.6): picking up a box
from the first table, delivering the box to the second table, opening the
door, and walking to the destination or goal position. To accomplish
so, the subtasks have to be carried out in an exact sequence.

The proposed framework allows the robot to learn successful task
completion through autonomous interactions with the environment.
This is achieved by designing a reward function for the high-level policy,
such that cumulative maximisation of reward leads to task completion
(see Section 3.4).

The trained policy learns to first pick up the box and hold the box
using its hands while approaching the second table. Once the box can
be safely placed at the second table, the policy commands the arms
to release the box and instruct the robot to move towards the door,
while keeping arms in a nominal position. By pushing a button placed
on the right side of the door frame, the robot can then open the door.
The policy learns to approach the final destination at the right time
only when the door open widely and finally walks towards the goal
position.

Implicit Generative Model

The generative model is realised by implementing three levels of control
in a hierarchical manner (Fig. 2 in the manuscript): high-level decision
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Figure 3.6: Visual presentation of the
robot task: pick up a box, deliver it
to the second table, approach the door,
press the button to open the door, and
enter the destination once the door
opens fully. (a) shows the side view of
the task; (b) shows the top-down view
with x-y coordinates in Cartesian space.

making, mid-level stability control, and low-level joint control. All
components are designed and trained separately, starting from the
lowest level.

First, accurate and robust motor control needs to be guaranteed, such
that the low-level joint position control can be realised. The stiffness
and damping parameters are tuned to accurately and compliantly
track the references, which provides the mid-level stability control. The
mid-level stability control consists of a manipulation and a locomotion
policy, which are individually designed. The locomotion policy is trained
to walk towards a commanded goal position, while the manipulation
policy is designed to place the hands on a target position. Finally, the
high-level decision making policy is trained via Deep Reinforcement
Learning, which learns to provide appropriate commands to these mid-
and low-level policies.

High-level Decision Making

We achieved high-level decision making, the correct sequence and
choices of robot actions, through training a Deep Neural Network that
approximates the action value function 𝑄(𝑠, 𝑎) over the environment
and chooses the action 𝑎 which yields the highest value in state 𝑠.

Double Q-learning

We used Double Q-learning [115] to train a Q-network𝑄(𝑠, 𝑎; 𝜙) parametrised
by weights 𝜙 to approximate the true action value function 𝑄(𝑠, 𝑎). At
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run-time, the action 𝑎 is obtained as the argument of the maximum
Q-value argmax𝑎 𝑄(𝑠, 𝑎; 𝜙) in state 𝑠.

In Double Q-Learning, two separate Q-networks 𝑄1, 𝑄2 are used for
action selection and value estimation. Compared to Deep Q-Learning
[116], where one Q-network is used to conduct both action selection
and action value estimation, using two separate Q-networks here can
improve training stability [115].

The network parameter 𝜙𝑖 is obtained by min𝜙𝑖
𝐿(𝜙𝑖):

min
𝜙𝑖

𝐸[(𝑟 + 𝛾𝑄𝑗(𝑠′, 𝑎∗; 𝜙𝑗) − 𝑄𝑖(𝑠, 𝑎; 𝜙𝑖))2], (3.1)

with reward 𝑟, discount factor 𝛾, network parameters 𝜙𝑖, 𝜙𝑗, Q-networks
𝑄𝑖, 𝑄𝑗, current state 𝑠, next state 𝑠′, best action 𝑎∗ = argmax𝑄𝑖(𝑠, 𝑎; 𝜙𝑖).
During training, either network parameters 𝜙1 or 𝜙2 is randomly se-
lected, trained, and used for action selection, while the other network
parameter is used to estimate the action value. The tuple (𝑠, 𝑎, 𝑟, 𝑠′) ∼
𝑈(𝐷) is obtained from the Experience Replay by uniformly sampling
from buffer 𝐷, which is filled by rolling out the actions on the robot.

Training Procedures

The high-level policy sends and updates the actions 𝑎 ∈ 𝒜 ⊆ ℛ9

at 1𝐻𝑧 frequency, which are the positions in Cartesian space for the
pelvis 𝑎pelvis ∈ ℛ3, left and right hands 𝑎lh, 𝑎rh ∈ ℛ3. The actions 𝑎 are
executed by the mid-level stability controller. The locomotion policy
walks towards the pelvis targets 𝑝Pelvis, while the manipulation policy
places the hands to the hand targets 𝑝lhand, 𝑝rhand.

The states 𝑠 ∈ 𝒮 ⊆ ℛ9 are the vector ⃗𝑠pelvis = 𝑎pelvis − 𝑝Pelvis ∈ ℛ3

from current pelvis position 𝑝Pelvis to the pelvis target 𝑎pelvis, the vector
⃗𝑠hands = 𝑎lh, rh−𝑝lh, rh ∈ ℛ6 from current hand positions 𝑝lh, rh to left and

right hand targets 𝑎lh, rh. Lastly, three boolean variables are provided
as the observation state when the door is open, the box is on the table,
and the box is in the hand.

The reward terms 𝑟𝑖 are determined based on the task completion, such
as whether the robot has passed the delivery table, the arm joints are
in nominal position, the box is between the robot hands, the box is at
the delivery table, the door is open, and whether the robot is at the
goal. The weights 𝑤𝑖, 𝑖 = 1, ...6 can be found in Table 3.3.

At every time step, the reward 𝑟 is the sum of sparse, boolean states:

𝑟 = 𝑤1𝑟pt +𝑤2𝑟jn +𝑤3𝑟bih +𝑤4𝑟bot +𝑤5𝑟do +𝑤6𝑟ag,

with passed table reward 𝑟pt, joints nominal reward 𝑟pt, box in hand
reward 𝑟pt, box on table reward 𝑟pt, door open reward 𝑟pt, and at goal
reward 𝑟pt.

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5 𝑤6
Value 1 0.1 1 2 2 5

Table 3.3: Weights for high-level re-
ward

We perform early termination of the episode if the robot falls, or collided
with itself, tables, or the door. Early termination discourages the policy
from entering states and actions that would lead to early termination
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as the cumulative reward becomes low, due to reaching the end of an
episode.

We initialise the robot in different positions of the environment to
allow the robot entering states that are hard to discover merely by
exploration. The robot was spawned at the configurations that are close
to the final goal, in front of the open or closed door, and in front of
tables.

Mid-level Stability Control

The mid-level stability control layer consists of two components: the
manipulation policy for the arms is realised as Model-Predictive Control
(MPC) scheme, and a locomotion policy for the legs is learned through
Deep Reinforcement Learning.

Manipulation Policy

The manipulation policy receives Cartesian target positions for the
hands as reference from the High-level Decision Making policy, and out-
puts joint positions to the Low-level Joint Controller. This is achieved
by combining two parts (Fig. 3.7): Model-Predictive Control (MPC)
that generates a stable, optimal trajectory in Cartesian space and
Inverse Kinematics (IK) [117] that transforms desired actions from the
Cartesian space to the joint space.

Figure 3.7: Control diagram of the ma-
nipulation policy. The Minimum Jerk
Model-Predictive Control scheme pro-
vides a Cartesian space trajectory which
is transformed into the joint space by
Inverse Kinematics.

To provide the smoothest possible motions for the hands, we formulated
the optimal control problem as the minimum-jerk optimisation, while
satisfying dynamics constraints on the hands. The optimal trajectory
is then implemented in an MPC fashion. The MPC control applies the
first control input of the optimal input trajectory and then re-optimise
based on the new state at the next control loop [118]. In this way, MPC
successively solves an optimal control problem over a prediction horizon
𝑁 and achieves feedback control, while ensuring the optimality.

For the hand position 𝑥, an objective function 𝐽 is designed to minimise
jerk ⃛𝑥 (the input 𝑢 of the system) with final time 𝑡𝑓:

𝐽 = 1
2
∫

𝑡𝑓

0
(d3𝑥(𝑡)

d𝑡3
)

2

d𝑡 = 1
2
∫

𝑡𝑓

0
𝑢(𝑡)2d𝑡. (3.2)

The Minimum Jerk MPC (MJMPC) solves the following constrained
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optimisation problem at very time step at a frequency of 25𝐻𝑧:

min
𝑢(𝑡)

1
2
∫

𝑡𝑓

0
𝑢(𝑡)2d𝑡

subject to d3𝑥(𝑡)
d𝑡3

= 𝑢

[𝑥(0), ̇𝑥(0), ̈𝑥(0)] = [𝑥0, ̇𝑥0, ̈𝑥0]
[𝑥(𝑡𝑓), ̇𝑥(𝑡𝑓), ̈𝑥(𝑡𝑓)] = [𝑥𝑓, ̇𝑥𝑓, ̈𝑥𝑓]

[𝑥min, ̇𝑥min, ̈𝑥min]≤ [𝑥, ̇𝑥, ̈𝑥] ≤ [𝑥max, ̇𝑥max, ̈𝑥max], (3.3)

with initial condition [𝑥0, ̇𝑥0, ̈𝑥0], and terminal condition [𝑥𝑓, ̇𝑥𝑓, ̈𝑥𝑓].

The resulting Cartesian trajectory 𝑝𝑑 from MJMPC is transformed into
joint position commands 𝜃𝑑 through Inverse Kinematics (IK). More
formally, IK describes a transformation 𝑇 ∶ 𝒞 → 𝒬 from Cartesian
space 𝒞 to joint space 𝒬 [117]. The joint position commands 𝜃𝑑 are
then tracked by the low-level joint position controller as described in
Section 11.

Locomotion Policy

The locomotion policy 𝜋(𝑠; 𝜃) coordinates the 12 Degree of Freedom
(DoF) leg joints and is represented as Deep Neural Network (network
parameters 𝜃) that receives robot states 𝑠 as inputs and outputs 12 tar-
get joint positions for legs. It is trained through Soft-Actor Critic (SAC)
[62] – an off-policy Deep Reinforcement Learning (DRL) algorithm.

SAC optimises a maximum entropy objective 𝐽SAC(𝜋):

𝐽SAC(𝜋) =
𝑇
∑
𝑡=0

𝔼[𝑟(𝑠𝑡, 𝑎𝑡) + 𝛼ℋ(𝜋(⋅|𝑠𝑡))], (3.4)

with reward 𝑟, state 𝑠𝑡 and action 𝑎𝑡 at time 𝑡, temperature parameter
𝛼, and policy entropy ℋ(𝜋).The parameters 𝜃 for policy 𝜋𝜃 are obtained
by minimising 𝐽𝜋(𝜃):

𝐽𝜋(𝜃) = 𝔼[log 𝜋𝜃(𝑎𝑡|𝑠𝑡) − 𝑄𝜙(𝑠𝑡, 𝑎𝑡)]. (3.5)

The action value function 𝑄𝜙(𝑠𝑡, 𝑎𝑡) is obtained by minimising the
Bellman residual 𝐽𝑄(𝜙):

𝐽𝑄(𝜙) = 𝔼[ 12 (𝑄𝜙(𝑠𝑡, 𝑎𝑡) − 𝑄̂(𝑠𝑡, 𝑎𝑡))2], (3.6)

with Bellman equation 𝑄̂(𝑠𝑡, 𝑎𝑡) = 𝑟(𝑠𝑡, 𝑎𝑡) + 𝛾𝔼[𝑉𝜓(𝑠𝑡+1)] and dis-
count factor 𝛾. An estimation of value function 𝑉𝜓 is obtained through
minimising 𝐽𝑉(𝜓):

𝐽𝑉(𝜓) = 𝔼[ 12 (𝑉𝜓(𝑠𝑡) − 𝔼[𝑄𝜃(𝑠𝑡, 𝑎𝑡) − log 𝜋𝜙(𝑎𝑡|𝑠𝑡)])2]. (3.7)

The training process of policy 𝜋𝜃 is detailed in Algorithm 1.

The training procedures, including the design of reward, action space,
and state space, are as in [67]. The action space 𝒜 ∈ ℛ12 are the joint
positions of the 12 Degree of Freedoms (DoF) of the legs (for each leg
3 DoF hip, 1 DoF knee, 2 DoF ankle). The target joint positions are
tracked by the low-level joint controller (see Section 11).
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Algorithm 1: Pseudocode for SAC
1 𝒟 ← ∅ , initialise replay buffer
2 for iter=1,2,... do
3 while collected samples < batch size do
4 Sample and perform action 𝑎𝑡 ∼ 𝜋𝜃
5 Collect 𝑑 = {𝑠𝑡, 𝑎𝑡, 𝑟(𝑠𝑡, 𝑎𝑡), 𝑠𝑡+1}
6 Store sample 𝑑 in replay buffer 𝒟 ← 𝒟∪ 𝑑
7 for policy update=1,...,K do
8 Sample batch from replay buffer 𝒟 for update
9 Update policy 𝜋𝜃 via (3.5)

10 Update action value function 𝑄𝜙 via (3.6)
11 Update value function 𝑉𝜓 via (3.7)

The state space 𝒮 ∈ ℛ27 consists of the desired pelvis position/reference
(the walking destination), and proprioceptive feedback states of the
robot including pelvis orientation, linear and angular velocity of the
pelvis, force of both feet, joint positions of the legs, and the gait phase.

The reward comprises of an imitation term and a task term similar to
[67]:

𝑟𝑖 = 𝑤𝑖𝑟imitation +𝑤𝑡𝑟task, (3.8)

with weights 𝑤𝑖, 𝑤𝑡 and reward terms 𝑟imitation, 𝑟task for imitation and
task respectively.

The aim of 𝑟imitation is to imitate the joint position, feet pose, and
contact pattern of a reference motion capture trajectory as close a
possible. The reward term 𝑟task rewards upright posture, short distance
to the goal position, and regularises the joint velocity and torque.

Low-level Joint Control

The low-level joint control tracks target joint positions 𝜃𝑑 provided
by the mid-level stability controller. It is realised as Joint Impedance
Controller that regulates around the set point. Additionally, a feed-
forward controller (Inverse Dynamics in Fig. 3.8) provides joint torques
𝜏𝐹𝐹 that compensates for the dynamical influences from gravity and
Coriolis forces and hence achieves more accurate tracking of the desired
joint motions 𝜃𝑑.

Figure 3.8: Dual-loop control struc-
ture for low-level joint control: Inverse
Dynamics (feedforward) loop and Joint
Impedance Control (feedback).

Feedback Control The desired control effort is calculated using
stiffness 𝐾𝑃𝑖

and damping gains 𝐾𝐷𝑖
. The joint impedance control

calculates desired joint torque 𝜏𝑑 using position 𝜃 and its derivative
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̇𝜃:

𝜏𝑑 = 𝐾𝑃1
(𝜃𝑑 − 𝜃) −𝐾𝐷1

̇𝜃. (3.9)

At the actuator level, the motor driver implements an internal cur-
rent control to track the desired joint torque 𝜏𝑑 using a proportional-
derivative law, where the desired motor current 𝐼 is computed as:

𝐼 = 𝐾𝑃2
(𝜏𝑑 − 𝜏) −𝐾𝐷2

̇𝜏 . (3.10)

Feedforward Control

The feedforward torques 𝜏𝐹𝐹 are computed through Inverse Dynamics
[117], which transforms 𝑇 ∶ Θ → T from desired joint motions 𝜃𝑑 ∈ Θ
to joint torques 𝜏𝐹𝐹 ∈ T, based on the equations of motions satisfying
the Newton–Euler dynamics of a multi-link rigid bodies given the joint
configuration 𝜃𝑑, ̈𝜃𝑑. The resulting joint torques 𝜏𝐹𝐹 compensate for
gravity and Coriolis forces given the desired joint configuration 𝜃𝑑.
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In this chapter, we present a Multi-Expert Learning Architecture
(MELA) that enables the synthesis of multiple experts to learn adaptive
skills from a set of existing ones [2]. In particular, we show how MELA
can be used to learn agile and robust maneuvers on a quadruped robot.
Please find the 𝑛-th supplementary figure and table denoted by fig.
S𝑛 and table S𝑛 in the Appendix J. The media attachment can be
found in https://robotics.sciencemag.org/content/suppl/2020/
12/07/5.49.eabb2174.DC1.

4.1 Introduction

Adaptive motor skills enable living organisms to accomplish sophisti-
cated motor tasks and offer them better chances to survive in nature.
Among vast sensorimotor skills, locomotion is essential for most ani-
mals to move in the environment. Therefore, to understand and create
adaptive locomotion behaviors is a long-standing scientific theme for
biologists and roboticists. From a neurological perspective, it is worth

Figure 4.1: Challenging locomotion scenarios and agile maneuvers of a quadruped robot. (A) Three challenging scenarios of the
Jueying robot during various tests: unexpected body contacts with the environment and unpredictable robot states. The white
circled regions highlight unusual contact that can occur at any part of the body. (B) Different adaptive behaviors from our proposed
learning framework that generated dynamic motions and complex coordination of legs for immediate recovery from failures. Time in
snapshots is measured in seconds. (C) Resilient locomotion using adaptive skills in the presence of unexpected disturbances.

https://robotics.sciencemag.org/content/suppl/2020/12/07/5.49.eabb2174.DC1
https://robotics.sciencemag.org/content/suppl/2020/12/07/5.49.eabb2174.DC1
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understanding how the sensorimotor control system in animals pro-
cesses various sensory information and produces adaptive reactions in
unseen situations [119, 120, 121, 122]. From a robotics perspective, it
is interesting to take a bioinspired approach and transfer biological
principles, such as primitive neural circuits, to produce robot behaviors
similar to that of animals [119]. Because the underlying mechanisms of
the motor cortex cannot yet be fully replicated [122, 123], we take the
latter approach by drawing inspiration from biological motor control to
develop learning algorithms that can achieve skill adaptation for robot
locomotion [124].

In this study, we investigate how an artificial agent can learn to generate
multiple motor skills from a set of existing skills, particularly for critical
tasks that require immediate responses. As an ex- ample of learning
a complex physical task, playing soccer consists of several subskills,
such as dribbling, passing, and shooting. During training, players first
practice the most important subskills separately. Once mastered, all
different subskills are used in a flexible combination to improve all these
techniques. Our research in multiskill learning has studied skill-adaptive
capabilities such as these, and we draw inspiration from animal motor
control when designing the learning and control architecture. Using
a quadruped robot as a test bed, we aim to produce adaptive robot
behaviors to succeed in unexpected situations in a responsive manner.

Background

The DARPA Robotics Challenge (DRC) from 2012 to 2015 fostered
the development of semiautonomous robots for dangerous missions
such as disaster response in unstructured environments [125]. Most
DRC robots had different forms of legged design for the dexterity to
traverse irregular surfaces. Despite the tremendous engineering ef- forts,
no robot could recover autonomously from falls [126]. To date, most
legged robots still lack such an autonomous ability to generate adaptive
actions to deal with unexpected situations.

Because of the uncertainties in unforeseen situations, locomotion failures
are likely to happen. We illustrate these challenges in robot locomotion
using field tests (Fig. 4.1A) and the adaptive behaviors that are robust
to uncertainties (Fig. 4.1 B and C). Typically, falling occurs within
a second of the robot losing balance, and the time window for fall
prevention is around 0.2 to 0.5 s. Therefore, it is critical to immediately
coordinate different locomotion modes to mitigate perturbations and
prevent or recover from failures. In comparison with robot systems, bio-
logical systems (e.g., cats, dogs, and humans) exhibit higher versatility
[127], and the key to the performance gap is the difference in motion
intelligence, which allows biological systems to handle changing and
complex situations [127, 128, 129].

Our paper studies a machine learning approach that learns reactive
locomotion skills and generates adaptive behaviors by reusing and
recombining trained skills. Here, we investigate the motor skills in
the form of feedback control policies to address the reactive adapta-
tion to multimodalities during robot locomotion, leading to increased
robustness against failures.
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Related work

When a robot interacts with its environment, it can be difficult to
determine which part of the robot is in contact; this is challenging
for classical control solutions because careful modeling of contacts is
often needed. The main approach in the legged locomotion community
uses model-based mathematical optimization to solve these multicon-
tact problems, such as model predictive control (MPC), whole-body
quadratic programming (QP), and trajectory optimization (TO). To
achieve fast online computation, MPC uses simplified models and short
predictive horizons to plan task-space motions for walking [130], run-
ning [131], and pacing [132]. QP methods are used for whole-body
control to map task-space motions (e.g., those from the MPC) to joint-
space actions while considering the whole robot model and physical
constraints [133, 20]. A unified but computationally expensive tech-
nique is to optimize all models and constraints together (whole robot
model, contact model, environment constraints), i.e., through nonlinear
MPC (NMPC) [134] and whole-body optimization [135, 136, 137].

In the optimization scheme, all physical contacts between the robot and
the environment need to be defined as constraints in the formulation.
The contact sequence—such as the contact location, timing, and dura-
tion—needs to be specified either by manual design or by an additional
planner [138, 139]. Furthermore, the explicit properties of the robot and
the environment need to be modeled [140] but are expensive to compute
[33] and thus difficult to run in real time in complex settings even with
exhaustive computing [141]. This fundamental principle suffers from the
curse of dimensionality and therefore limits the scalability to real-time
solutions in more complex and challenging problems [142].

To this end, deep reinforcement learning (DRL) becomes attractive
for acquiring task-level skills: Through rewarding intended outcomes
and penalizing undesired ones, an artificial agent can learn desirable
behaviors [138, 139]. Using DRL offers several advantages: The training
process can be realized by using physics engines to perform a large
number of iterations in simulations without risks of hardware damage;
the agent can explore freely and learn effective policies that are difficult
for humans to manually design; and the computation of readily trained
neural networks can be real time. For legged locomotion, many DRL
results have been achieved in simulation [143, 144] and, in recent
studies, on hardware [145, 146, 147], e.g., demonstration of learning-
based control on a real robot using separate policies for fall recovery and
walking [66]. However, similar to other DRL approaches, the learning
policies in [66] were specialized in separate tasks instead of being a
unified policy across different tasks. This is a common feature due to
the learning structure that only trains a single DRL agent for solving
one specific task, which results in a narrowly skilled policy.

Hierarchical reinforcement learning (HRL) solves complex tasks at
different levels of temporal abstraction using multiple experts’ exist-
ing knowledge [148]: Experts are trained to encode low-level motor
primitives, whereas a high-level policy selects the appropriate expert
[83, 85]. However, generating new skills cannot be achieved in the
standard HRL framework because only one expert is selected at a
time. This problem can be addressed by learning to continuously blend
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high-dimensional variables of all experts [75]. One related approach
is the mixture of experts (MoE) that synthesizes the outputs of in-
dividual experts specialized on subproblems using a gating function
[77], which has been used in robotics [80], computer vision [79], and
computer graphics [82]. However, compared with blending the experts’
high-dimensional variables, MoE has known limitations in scaling to
high degree-of-freedom (DoF) systems [82] and exhibits expert imbal-
ance problems, i.e., favoring certain experts while degrading others
[149].

Our approach

We draw inspiration from biological motor control to design our control
and learning framework. Biological studies suggest that motor behav-
ior is controlled by the central nervous system (CNS) that resets the
reference position of body segments, and the difference between the
reference and actual position excites the muscular activities for generat-
ing appropriate forces [150]. This precludes the need to com- pute the
inverse dynamics, simplifies control, and minimizes the computation
[151]. Because the spring-damper property provided by the impedance
control resembles the elasticity of biological muscles, we applied the
equilibrium-point (EP) control hypothesis to generate joint torques by
offsetting the equilibrium point.

Inspired by the biomechanical control of muscular systems and the EP
hypothesis, we distribute the robot control in two layers: (i) At the
bottom layer, we use torque control to configure the joint impedance for
the robot, and (ii) at the top layer, we designate deep neural networks
(DNNs) to produce set points for all joints to modulate posture and
joint torques, establishing force interactions with the environment (see
Materials and Methods). By doing so, we can focus on developing the
learning algorithms at the top layer to achieve motor intelligence.

Contributions

This work aims to demonstrate how hierarchical motor control using
DRL can achieve a breadth of adaptive behaviors for contact-rich
locomotion. We propose a multi-expert learning architecture (MELA)
that contains multiple expert neural networks, each with a unique motor
skill, and a gating neural network (GNN) that fuses expert networks
dynamically into a more versatile and adaptive neural network.

Compared with the approach of using kinematic primitives [152, 153],
the proposed MELA policy indirectly modulates the joint torques by
changing the reference joint angles, where the resulting motions are the
natural outcomes of the dynamic interactions with the environment. In
contrast to other hierarchical learning approaches that select one policy
representing one skill at a time [83, 85], MELA continuously combines
network parameters of all experts seamlessly and is therefore more
responsive than other methods because there is no wait time due to
disjointed switching of experts. In addition, because MELA synthesizes
the experts in a high-dimensional feature space, i.e., weighted average of
the network parameters (weights and biases of the neural networks), it
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does not suffer from the same expert imbalance problems as MoE [149].
Similar multi-expert structures that blend experts in high-dimensional
feature space were studied in computer graphics for kinematic animation
[149, 154, 155] but have not yet been developed as feedback policies
for the control of dynamical systems such as robots.

Our presented work contributes to a learning framework that (i) gen-
erates multiple distinctive skills effectively, (ii) diversifies expert skills
using cotraining, and (iii) synthesizes multiskill policies with adaptive
behaviors in unseen situations. The adaptive behaviors are verified by
proof-of-concept experiments on a real robot and various extreme test
scenarios in a physics simulation. By synthesizing multiple expert skills,
the collective expertise of MELA is more versatile than each single
expert, because of the dynamic structure of MELA, which integrates all
experts based on the online state feedback. Such multi-expert learning
allows each expert to specialize in unique locomotive skills, i.e., some
prioritize postural control and failure recovery, while others acquire
strategies for maximizing task performance. As a result, MELA can
perform a broad range of adaptive motor skills in a holistic manner
and is more versatile because of the diversification among experts.

The proposed framework is effective in achieving reactive and adap-
tive motor behaviors to changing situations consisting of unforeseen
scenarios, unexpected disturbances, and different locomotion modes,
which have not been addressed well by other unified frameworks in
the literature. We will show the advantages of our proposed work,
which can produce a variety of strategies to ensure task success. For
example, the robot can produce quick responses to recover balance in
different unexpected postures and stabilize dynamic transitions. This is
an indicative level of machine intelligence—the ability to autonomously
produce locomotive skills that would require substantial intelligence to
design if they needed to be programmed by humans.

4.2 Results

We summarize the results and the learning method in Movie 1. In
the following sections, we report the results of adaptive locomotion
behaviors, followed by technical details of the learning framework.

Multi-expert learning framework

We first define key terminology to help explain the concepts in this
article: motor skill, expert, and locomotion mode. Motor skill (or “skill”
for short): a feedback policy that generates coordinated actions to
complete a specific type of task; this serves as a building block for
constructing more complex manoeuvres. Expert: a deep neural network
with specialised motor skills. Locomotion mode: a combination of limb
movement and patterns, such as standing, turning on the spot, trotting
forwards/backwards, steering left/right and fall recovery.

To complete tasks in new scenarios, an artificial agent needs the ability
to adapt relevant skills during runtime, which is why we propose the
use of MELA: a hierarchical reinforcement learning structure which
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Figure 4.2: Multi-Expert Learning Architecture (MELA): a hierarchical deep reinforcement learning framework that generates new
behaviour by combining multiple deep neural networks (DNNs) together to produce versatile locomotive skills. The Gating Neural
Network (GNN) generates variable weights (𝛼) to fuse the parameters of all eight expert networks (each expert is illustrated by its
primary motor skill), such that newly synthesised motor skills are adapted to different locomotion modes by blending useful learned
behaviours collectively from the consortium of experts.

consists of a collection of Deep Neural Networks (DNNs) and a Gating
Neural Network (GNN). As shown in Fig. 4.2, the GNN continuously
fuses expert DNNs into a single synthesised neural network at every
time step by computing the weighted average of all experts’ network
parameters. The synthesised policy fully encodes the motor skills of
the experts in a high-dimensional feature space (see Materials and
Methods). Through repurposing and combining existing skills, MELA
acquires a wide array of adaptive behaviours and achieves versatile
locomotion in new scenarios.

The multi-expert policy of MELA is trained in a two-step process. In
the first stage, we train a set of policies, where each one accomplishes
a distinct task. Specifically, we use the trained experts, such as fall
recovery and trotting experts, to initialise all experts by two sub-groups.
In the second stage, we use a GNN as the merging mechanism to fuse
all network parameters and train all experts together, so that their
collective specialisations can be fully utilised by the gating network.
Meanwhile, the gating network is trained to learn the continuous and
variable activation of different experts to generate optimal policies
at each control loop (see Materials and Methods). The MELA policy
was trained in the physics simulation and evaluated on a real robot
system.

For constructing MELA, the number of experts is determined by the
relation between the desired locomotion tasks and the required skills.
A particular motor skill corresponds to a distinct control strategy (e.g.,
to roll the body by pushing the ground), and thus one locomotion task
would require a set of different skills. In our study, we focus on five
locomotion tasks (Fig. 4.2): fall recovery, standing, turning left, turning
right, and trotting. All these movements need a variety of motor skills
for interacting with the environment.

According to the configurations that the robot would encounter during
these five tasks, a basic number of experts can be determined. There
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are 7 distinct situations each requiring at least one motor skill, namely:
(i) fall recovery from a supine pose (lying on the back), (ii) fall recovery
from lateral decubitus poses (lying on the left/right side), (iii) balance
control during stance, (iv) body postural control, (v) trotting forward,
(vi) left steering, and (vii) right steering. Hence, a minimum of 7 DNNs
can be used to represent these skills. We also introduced a redundant
expert that can represent nonlinear features and additional skills which
are difficult to anticipate. As a result, we constructed the MELA using
8 experts in total. Further comparison found that using more than 8
experts had no further performance but more training time (fig. S1).
It shall be noted that the 7 situations are only used as a guide to
determine the number of experts at the initial design process, and does
not need to match the order of numbering of MELA’s learned motor
skills in the latter section.

Learning individual motor skills - Fall recovery and
trotting

In challenging physical tasks, it is difficult to directly train control
policies where a variety of skills are needed, such as recover falling
poses and resume walking gaits. Prior studies show that pre-learning
skills allow the experts to learn task representations, otherwise the
policies were not able to learn to solve more difficult composite tasks
[75, 82]. Like training for sports, it is essential to practise individual
skills that are distinctly different from each other. Similarly, MELA
has a two-step training procedure for experts, in which two distinct,
separate modes are specialised first: fall recovery and trotting. In the
following, we will show the experimental results of fall recovery and
trotting using individually trained neural networks, and then present
the multimodal locomotion experiments using MELA.

For quadrupeds, a canonically stable configuration is a standing posture
with four feet forming a support polygon close to the body’s length
and width. For fall recovery, the DRL agent is rewarded for feedback
policies that restore such stable postures from various failure states.
We applied random initial configurations to explore diverse robot states
and facilitated the agent’s ability to generalise policies for various fall
poses (see Supplementary Materials).

We evaluated the robustness of recovery policies and categorised the
learned reactive behaviours into four strategies (Fig. 4.3A): (i) natural
rolling exploiting semi-passive movements, (ii) active righting and
flipping, (iii) standing up from prone positions, and (iv) stepping.
Natural rolling describes the behaviour where the robot exploits its
natural dynamics and gravity to roll over. This is activated when the
robot is in a prone and/or lateral decubitus position, as shown in Fig.
4.3A1. Active righting is the strategy where the robot pushes itself
using the leg and elbow, creating momentum to actively flip itself
to a prone position, as shown in Fig. 4.3A2. Stepping emerges when
necessary during standing to regain balance, involving coordination
and switching of support legs. An example of stepping is shown in Fig.
4.3A3, and such multi-contact switching was all generated naturally
using the learned policy based on the online state feedback.
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From all fall recovery experiments (Fig. 4.3A and movie S1-2), we
can see the responsive and versatile reactions, including the emerged
stepping behaviour. Compared to baseline fall recovery which is man-
ually engineered with a fixed pattern (fig. S2), our learning policy is
able to recover from various fall scenarios because it can respond to
dynamic changes using online feedback, while the handcraft controller
only addresses a narrow range of situations.

The Jueying robot can robustly trot under three ground conditions
with different stiffness, friction, and obstacles (Fig. 4.3B and movie
S3). In Fig. 4.3B1, the concrete ground was covered by thin carpets
with high friction, while in Fig. 4.3B2, 2cm thick foam mats were laid,
creating a softer and more slippery surface. In Fig. 4.3B3, 5cm thick
bricks were scattered as small obstacles. The learned motor skills were
robust under different ground conditions, and the Jueying robot was
able to continue trotting steadily in all three scenarios.

All these trained policies have exhibited behaviours of compliant inter-
action to handle physical interactions and impacts. The joint impedance
mode offers the ability to indirectly regulate joint torques using the
deviation between the desired joint position 𝑞𝑑 and actual joint po-
sition 𝑞𝑚 via the principle similar to the series elastic actuators, i.e.,
𝜏 = 𝐾𝑝(𝑞𝑑 − 𝑞𝑚) [156]. The expert has indirectly learned active com-
pliance control by regulating the references based on feedback of the
current joint positions to minimise joint torques.

Multi-expert skills for multimodal locomotion

Analysis of learned MELA policy

After the first stage of the two-stage training process, the network
parameters of fall recovery and trotting policies are transferred into the
expert networks in MELA. In the second stage, all experts are co-trained
with the gating network, and MELA repurposes the initial experts to
learn adaptive behaviours necessary for multimodal locomotion, while
the gating network learns how to blend the acquired skills to respond
to the changing tasks. As a result, MELA is able to achieve non-
cyclic and asymmetric motions (fall recovery), rhythmic movements
(trotting), goal-oriented tasks (target-following), as well as all dynamical
transitions between different modes. These key adaptive behaviours of
the MELA policy were tested on a real robot, which demonstrated the
capabilities of achieving a diversity of locomotion tasks, adapting to
external environmental changes responsively, whilst also following user
commands.

To analyse the inner workings of MELA, we performed systematic tests
of the trained MELA networks in the physics simulation, so as to fully
cover the wide range of sensory inputs. Without hardware risks, we
operated the robot in extremely dynamic motions to activate different
experts, allowing analysis of all distinct motor skills. This provides
data of variable weights that reflects the activation level of all experts
over each motor skill. Figure 4A shows the correlations and patterns
between the activation of experts and the motor skills, and reveals



4.2 Results 53

that each motor skill has a dominant expert, suggesting the primary
specialisation of each MELA expert.

As shown in Fig. 4.4A, 8 fundamental motor skills are acquired: (i) back
righting, e.g., push elbow to roll over from supine positions (lying on the
back); (ii) lateral rolling, e.g., retrieve legs and roll the body to a prone
position (lying on the abdomen); (iii) postural control, e.g., maintain a
nominal body posture; (iv) standing balancing, e.g., maintain stable
stance and take steps when necessary; (v) turning left; (vi) turning
right; (vii) trotting at small steps; and (viii) trotting at larger steps.
These 8 fundamental motor skills are the building blocks for MELA to
compose variable skills and produce adaptive behaviours.

The 10 analysis was based on the simulation tests using the policy from
a single training run, which was representative because the training
process can consistently reproduce policies with very similar character-
istics of skill specialisation. Fig. 4.4 (A) Specialised activation of eight
experts across different motor skills, where the distinct activation pat-
terns indicate a unique specialisation (table S1). Fig. 4.4 (B-C) The 2D
projection of the gating network’s activation pattern by t-SNE, where
the neighbourhoods and clusters of the samples are visualised. Samples
representing similar activation appear in close proximity, whereas the
different ones are distant from each other. Fig. 4.4 (B) The output
samples of the gating network, which are classified by the index of the
dominant expert that has the highest activation (Fig. 4A). Fig. 4.4
(C) The output samples of the gating network, which are classified by
the physical states during a distinct locomotion mode, e.g., trotting,
balancing, turning left/right. Fig. 4.4 Fig. 4.4 (D-E) The 2D projection
of the actions from the pre-trained, co-trained, and synthesised expert
policies using t-SNE analysis: Fig. 4.4 (D) an Fig. 4.4d (E) are the target
actions classified during fall recovery and trotting tasks, respectively.

The skill specialisation and distribution among experts emerge naturally
through the MELA co-training. Therefore, the order of the experts
does not need to follow the numeration of the specialised motor skills.
The primary motor skill specialisation of experts 1 to 8 are: turning
right (skill vi), standing balance (skill iv), large-step trotting (skill viii),
turning left (skill v), body posture control (skill iii), back righting (skill
i), small-step trotting (skill vii) and lateral rolling (skill ii). As the
result of introduced redundancy, expert 7 was exploited and trained as
a complementary role in conjunction with expert 3 for trotting forward,
i.e., expert 7 and 3 were specialised in trotting at small and large steps,
respectively. An alternative visualisation can be found in fig. S3 where
experts are sorted by activation patterns across different motor skills.

Analysis of skill adaptation and transfer

Apart from the skill specialisation (Fig. 4.4A), we studied how skills are
adapted and transferred in the MELA networks by using t-distributed
Stochastic Neighbour Embedding (t-SNE) to analyse coactions of the
gating network and the expert networks, respectively. The t-SNE algo-
rithm is a dimensionality reduction technique to embed and visualise
high-dimensional data in a low-dimensional space. It first computes
a conditional probability distribution, representing the similarities of
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samples in the original high-dimensional space based on a distance
metric, and then projects samples to a low-dimensional space in a
probabilistic manner. Therefore, similar output actions from the net-
works will appear with high probability in the same neighbourhood as
clustered points (Fig. 4.4B-E), and vice versa.

In Fig. 4.4B-C, the t-SNE analysis on the outputs of the gating network
(the variable weights for all experts) reveals the relationship between
experts and the resulting motor skills, and how the gating network
synthesises experts after the MELA learning process. There are two
maps of clusters in both Fig. 4.4B and Fig. 4.4C, which are grouped
by dashed lines corresponding to locomotion (green) and fall recovery
(bronze), suggesting that the gating network perceives these two as
different modes. The t-SNE analysis is labelled according to the experts
(Fig. 4.4B) and motor skills (Fig. 4.4C), respectively, where the clustered
samples have matching distributions mostly between these two maps,
indicating each expert’s primary motor skill is in agreement with the
activation patterns shown in Fig. 4.4A.

We also compared actions generated by all experts using t-SNE and
revealed how multiple skills evolved and diversified after co-training.
As shown in Fig. 4.4D-E, the actions generated from eight experts are
distant from each other, meaning that experts have been specialised
towards more unique skills. The limited intersection between the clusters
of the trained experts in stage 2 and the initial experts from stage 1 also
implies that: the trained experts have diversified from the original skills
and further acquired more profound and newly emerged skills during
MELA’s co-training stage. The data in Fig. 4.4D-E show interesting
results: the cluster of actions from the synthesised network intersects
with those from the pre-trained expert policies, meaning newly emerged
behaviours of fall recovery and locomotion share some similarities with
the original ones; the dynamically synthesised expert partially preserves
the original skills, which are reconstructed by fusing eight distinctive
experts.

Multi-skill locomotion

To validate the performance of the MELA policy, we designed experi-
ments that were safe to execute on the real robot with an increasing
number of locomotion modes: (i) single-mode fall recovery (Fig. 4.5A);
(ii) double-mode left-right steering on the spot (Fig. 4.5B); (iii) triple-
mode of simultaneous left-right steering and trotting (Fig. 4.5C); and
(iv) target-following locomotion involving all modes, i.e., standing,
left-right steering, trotting and fall recovery (movie S4-5).

In our study, adaptive behaviours refer to the online synthesised skills
that adapt reactively to new situations. We summarise the adaptive
behaviours achieved by MELA in two categories: (i) Emerged skills that
are newly acquired during training in stage 2 of MELA, i.e., skills for
steering and turning (Fig. 4.5 and fig. S4A) and variable-speed trotting
(fig. S5); (ii) Transitional skills that coordinate dynamical transitions
smoothly between different locomotion modes, e.g., transition from
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various failure poses to trotting (Fig. 4.5 and fig. S4B-E). Five repre-
sentative cases of the adaptive behaviours from the MELA policy can
also be found in fig. S4.

Figure 5A shows successful fall recovery performed by the MELA policy,
and the similarity with those in Fig. 4.3A indicates that the MELA
policy has reused some pre-trained skills. Figure 5B shows that the
MELA policy was able to infer the heading direction from the target
location, and learned how to perform swift turning to track the changing
target. During the left and right steering experiments (Fig. 4.5B), the
average turning velocities were 1.6 rad/s (92.0 deg/s) and -1.1 rad/s
(-61.7 deg/s) with peak values at 2.7 rad/s (156.8 deg/s) and -2.7 rad/s
(-156.9 deg/s), respectively (fig. S6). Although the experts initialised
in MELA were only for trotting and fall recovery, MELA was able to
reshape the existing experts for the steering tasks as one of the newly
emerged skills.

Figure 5C and 5D show target-following tasks requiring simultaneous
trotting and steering on the real robot. The task was to chase a virtual
target given by a user command, i.e., a variable position vector with
respect to the robot. In Fig. 4.5C, a small target position ahead of the
robot was provided, e.g., 0.28 m in the heading direction (fig. S7A), and
the robot performed left/right turning while trotting forward. In the
experiment shown in Fig. 4.5D, a farther target position of 0.48 m was
commanded (fig. S7B), and the robot was chasing a distant target and
trotting at larger steps. Torque saturation of motors occurred more often
on the lab floor (fig. S8), and the robot had three successive tripping and
recovery incidents. Key snapshots around falling and reactive responses
are in Fig. 4.5D. Once the states of gait failures were sensed, MELA
was able to produce immediate reactions to restore balance within one
second (fig. S9), and the robot recovered from tripping and continued
trotting without human intervention. Figure 5E shows an outdoor
experiment where the robot first recovered from a falling posture and
was later knocked down during a long walk on the grass. MELA was
able to recover the robot from fall and resume trotting successfully (fig.
S10). From all experiments, the synthesised MELA expert demonstrated
flexible motor skills, coordinated movements and smooth transitions,
showing how crucial it is to have such reactive responses and feedback
control for robust and autonomous locomotion.

As shown in Fig. 4.5, MELA enabled the robot to complete all validation
successfully, and demonstrated dynamic fall-resilient locomotion. The
gating network in MELA has learned how to generate variable weights
for all experts in response to the state feedback and to provide smooth
transitions across all modes, and see data analysis of the cases (Fig.
4.5D-E) in fig. S11 and fig. S12. Meanwhile, all the trained experts
were activated coherently to collaborate with each other under the
regulation of the gating network in order to synthesise an optimal skill
suited for the situation. Additional analysis of the gating pattern and
the relationship between experts is presented in the Supplementary
Materials.

To further evaluate the performance, the MELA policy was validated by
additional test scenarios in simulation that were not encountered during
training, including gravel, inclined surfaces, a moving slope, rough
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terrain (fig. S13) as well as robustness tests with variations of masses
and motor failures (fig. S14). During successful locomotion in these
unseen scenarios, the MELA policy performed versatile adaptations to
new situations (movie S6 and S7). We note that the MELA framework
has learned how to deal with transitions at various gait phases (fig.
S15-19), and the synthesised policy is different from the eight basic
motor skills which indicates a nonlinear interpolated behaviour among
expert skills (fig. S20). All these experiments and simulations validate
MELA’s capability of producing flexible behaviours in a variety of novel
situations.
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Figure 4.3: Individual motor skills for the fall recovery and trotting. (A) A configuration between prone and lateral decubitus
positions where legs were stuck underneath the body: The robot first pushed the ground to lift up the body for ground clearance and
then retrieved legs to a prone posture for standing up. (B) The robot actively used elbow-push to generate a large momentum to
self-right to a prone position. (C) A stepping behavior was learned and performed naturally to keep balance. (D) Stable trotting on
a hard floor. (E) Stable trotting on soft slippery foam mats. (F) Stable trotting over scattered obstacles, showing the compliant
interaction and robustness learned by the trotting expert. Time in snapshots is measured in seconds
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Figure 4.4: Analysis of the specialization of experts across different motor skills, and the patterns of the gating network
and the expert networks using the t-SNE. The analysis was based on the simulation tests using the policy from a
single training run, which was representative because the training process can consistently reproduce policies with
very similar characteristics of skill specialization. (A) Specialized activation of eight experts across different motor
skills, where the distinct activation patterns indicate a unique specialization (table S1). (B and C) 2D projection of
the gating network’s activation pattern by t-SNE, where the neighborhoods and clusters of the samples are visualized.
Samples representing similar activation appear in close proximity, whereas the different ones are distant from each
other. (B) Output samples of the gating network, which are classified by the index of the dominant expert that has the
highest activation (A). (C) Output samples of the gating network, which are classified by the physical states during a
distinct locomotion mode, e.g., trotting, balancing, and turning left/right. (D and E) 2D projection of the actions from
the pre trained, cotrained, and synthesized expert policies using t-SNE analysis: (D) and (E) are the target actions
classified during fall recovery and trotting tasks, respectively.
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A

B

C

D

E

0.00 0.70 0.88 1.02 1.27

2.12 2.42 2.65 2.78 2.95

0.00 1.47 1.85 2.30 2.65

0.00 0.90 3.67 4.23 4.90

8.32 10.33 11.08 12.15 13.43

0.00 0.58 0.87 1.30 1.50

3.07 3.52 3.83 4.22 4.57

8.53 8.95 9.20 10.02 10.33

0.00 0.60 4.87 15.57 20.13

20.37 21.23 21.70 22.23 24.87

Figure 4.5: Dynamically synthesised MELA policy running on a real quadruped robot and demonstrating adaptive and agile
locomotion behaviours. (A) Successful fall recovery performed by the MELA expert, inheriting original skills from the pre-trained
experts. (B) Newly emerged skills, dynamic steering on the spot, naturally learned through the MELA framework. (C) Target-following
experiment with simultaneous trotting and steering using online synthesised skills. (D) Target-following experiment showing the
capability of failure-resilient trotting and critical recovery within one second (averagely 0.5 second for restoring body posture and 0.4
seconds for returning to the trotting mode). (E) Adaptive trotting and fall recovery experiment on a sloped grass field, showing the
capability of robust traversal in unstructured environments. (Time in snapshots is in second).



60 4 Multi-Expert Learning of Adaptive Locomotion Behaviours

4.3 Conclusion

This study aims to achieve versatile robot motor skills in contact-
rich multimodal locomotion. In contrast to most solutions which are
dedicated to separate narrow-skilled tasks, we approached this challenge
with a hierarchical control architecture of multi-expert learning - MELA
- which is able to generate adaptive motor skills and achieve a breadth of
locomotion expertise. In particular, MELA learns to generate adaptive
behaviours from trained expert skills by dynamically fusing a new
synthesised neural network, i.e., a feedback policy that reacts quickly
to new situations. This is essential for autonomous robots to respond
rapidly in critical conditions and is more useful for mission success in
real-world applications.

In comparison with MoE, MELA’s approach of fusing network param-
eters prevents the expert imbalance problem and provides diversity
among expert skills. As a result, all experts are required to have the
same neural network structure for implementing MELA. The training
of MELA is a two-stage process with an initialisation of fall recovery
and trotting policies at the first stage, and the multi-expert co-training
with the gating network at the second stage. The t-SNE analysis of all
expert networks and the gating network suggest that: the consortium
of multiple experts have expanded the initial pre-trained expert skills
and acquired more distinct and diverse skillsets; the high-level gating
network has learned to distinguish each expert and blend the weights of
each specialisation according to different conditions; and the composed
synthesised MELA expert partially preserves some of the original skills.
We implemented the MoE approach using the same pre-trained experts
and training procedure, and the MoE policy exhibited degenerated
experts in steering skills which led to asymmetric gait and turning
behaviour (note S3 and fig. S21).

The experimental and simulation results outline MELA’s key contri-
butions in learning a variety of adaptive behaviours from specialised
experts, the adaptation to changing environments, and the robust-
ness against uncertainties. The experimental results show that MELA
achieved multimodal locomotion with agile adaptation and fast re-
sponses to different situations and perturbations, i.e., smooth transi-
tions between standing balancing, trotting, turning, and fall recovery.
As a learning-based approach, MELA leverages computational intel-
ligence and shows the advantage of generating adaptive behaviours
compared to traditional approaches that purely rely on explicit manual
programming.

4.4 Limitations and future work

Though our current MELA scheme is able to generate adaptive policies,
it has no visual and haptic perception which are critical for long-term
motion planning [157], dynamic manoeuvres [158], and utilisation of
affordance to coordinate whole-body support poses [159]. To acquire
more advanced motion intelligence in unstructured environments, future
research needs to integrate visual cues and haptic sensing to develop
environment-aware locomotion.
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While scaling up the number of locomotion modes, training in physics
simulation may impose some limitations. Though all policies were
validated by the Jueying robot in five locomotion modes, the discrepancy
between the simulation and the real world may accumulate and arise
as an issue, when the number of tasks increases. Since the scope of
this research is to achieve a diversity of reactive skills rather than
sim-to-real transfer, we performed training in simulation and avoided
potential damage to the real 40kg-robot during the exploration of the
learning algorithm. Based on the results of MELA, the future work will
be on the learning algorithms that can refine motor skills safely on real
hardware for more complex multimodal tasks.

4.5 Materials and Methods

In this section, we will first introduce the robot platform and then
explain the core design of the MELA framework, including reward terms,
state observations, and action space. Particularly, we will present an
emulation of the frequency response of actuators and a loss function
design for producing smooth and feasible actions. Finally, we elaborate
on the MELA framework and the 2-stage MELA training procedure.

Robot platform

We implemented our learning algorithms on the Jueying quadruped
robot [21] to validate the adaptive behaviours with feasible and safe
tests on the real hardware. Jueying has 3 degrees of freedom (DoF) per
leg (12 DoFs in total) which are actuated by brushless electric motors
with low gear ratio (i.e., 7:1) and high-fidelity joint torque control
(table S2).

Deep reinforcement learning framework

The goal of the DRL is to train an artificial agent to infer optimal
actions from the current state by learning from past experience. The
experience samples are stored as tuples containing the current state
𝑠𝑡, the action generated from policy 𝑎(𝑡) ∼ 𝜋𝑡(𝑠𝑡), the reward 𝑟𝑡, and
the next transition state 𝑠𝑡+1. These samples are first collected and
stored in a Replay Buffer, from which they are drawn later to train the
policy. We used the Soft Actor Critic (SAC) algorithm [62], and below
are the details of reward, state, action, training procedures and loss
function.

Reward design

For training individual tasks, such as fall recovery, trotting and target-
following, we designed a specific reward function with corresponding
weights for reward terms that represent different physical quantities.
The full list of reward terms is: (i) base pose, (ii) base height, (iii) base
velocity, (iv) joint torque regularisation, (v) joint velocity regularisation,
(vi) body ground contact, (vii) foot ground contact, (viiii) yaw velocity,
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(ix) swing and stance, (x) average foot placement, (xi) reference joint
position, (xii) reference foot contact, (xiii) robot’s heading to the goal,
and (xiv) the goal position. Different tasks require a specific subset
of reward components, i.e., fall recovery requires reward (i) to (vii),
trotting requires reward (i) to (xii), and multimodal target-following
locomotion requires all 14 reward terms. In summary, the first 7 reward
terms are common physical quantities across all tasks to ensure stable
robot motion, while the other terms are task-specific. The mathematical
formulation of all reward terms and the task-specific weights are in
table S3 and table S4.

State observation

We used the following state observations that are essential and mini-
malistic to train successful policies: (i) base (robot body) orientation,
(ii) angular velocity of the robot base, (iii) linear velocity of the robot
base, (iv) joint positions, (v) phase vector, and (vi) goal position [67].
The body orientation is represented as a normalised gravity vector
projected in the robot local frame using the measurements from the
Inertial Measurement Unit (IMU). The angular velocities of the body
and all the joint positions were measured by the IMU and joint en-
coders, respectively. The linear velocity was obtained from the state
estimation by fusing the leg kinematics and the accelerations from IMU
(as a strap-down inertial navigation system) and then transformed to
the heading coordinate, so the resulting velocity is agnostic to the
heading direction. The 2D phase vector was designed to clock along
the unit-circle to describe the phase of the periodic trotting (fig. S22).
Lastly, the target position is represented by a relative 3D vector with
respect to the robot’s local frame, and only the horizontal components
are used as the state inputs. The detailed combination of the state
observations for different tasks and networks are in table S5.

Action space

The benchmark of DRL-based locomotion [66, 160] shows a suitable
configuration for the action space that yields better performance and
faster learning due to the compliant interaction: a DRL agent provides
joint references and an impedance mode for controlling the joint. The
related work using this setting produced successful motions [66, 160],
and hence we adopted the same design of the action space here. To
guarantee smooth and feasible actions for the real robot, we developed
two important techniques: (i) the use of low-pass filters to emulate the
characteristics of the frequency response of actuators, which enforces
physically realisable reference motions, and (ii) the design of a particular
loss function to generate smooth and non-jerky joint references and
torques. We named these two techniques action filtering and smoothing
loss, respectively.

Action filtering

Real actuators have limited control bandwidth and hence the references
with frequencies higher than the bandwidth cannot be tracked. However,
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a common issue in simulation is that the learning policy takes advantage
of the pure torque source with unlimited control bandwidth: exploitation
of abrupt and jerky motions that are only possible in simulation to
maximise the reward but infeasible on real systems. The difference
between ideal actuators (pure torque source) in simulation and real
actuators (restricted bandwidth, torque, speed and power) needs to be
addressed appropriately in the learning framework. In addition to the
basic position and velocity limit [161], we performed action filtering
using a first-order Butterworth filter to emulate the frequency response
of real motors and to guide the policy to learn a smoother and more
feasible behaviour.

For the Jueying robot, we found that emulating the frequency response
and setting the speed limit are sufficient to represent realistic character-
istics of actuators. The properties of Jueying’s actuators, such as good
torque tracking control and low gear ratio which results in decoupled
inertia and minimal gear friction, avoid the need for modelling detailed
actuator properties and simplify the simulation setting. During the
simulation training, we emulated the limited frequency response of actu-
ators by applying action filtering on the output action with the cut-off
frequency of 5 Hz, which was higher than the 1.67 Hz trotting gait
(fig. S23). This provides realistic restriction of high-frequency actions
and prevents the policy from over-exploiting risky motions while still
permitting necessary movements for dynamic tasks. For safety reasons
in real experiments, we applied a more conservative cut-off frequency
of 3 Hz in case of unexpected jerky references. As a result, all obtained
policies exhibited smooth motions within the bandwidth (fig. S23) that
can be executed on the real robot directly and safely.

Smoothing loss

The action filtering alone may not always guarantee feasible motions,
because it only limits the frequency of the DNN output but not the
magnitude, so the learning process may still explore and exploit low-
frequency but large-amplitude motions regardless. Therefore, we further
designed the smoothing loss based on the principle of minimal interac-
tion to minimise the applied torques [150].

Biological studies show that when the CNS resets a new equilibrium,
the displacement between the equilibrium and the actual position will
activate a neuromuscular response that tries to reduce the muscular
activity (torque). This principle of minimal interaction serves as a
biological foundation of studying the proposed smoothing loss, which
is effective for smoothing the exerted torque, i.e., 𝜏 = 𝐾𝑝(𝑞𝑑 − 𝑞𝑚). To
guide the policy and generate actions following the minimal interaction
principle, we designed a smoothing loss function 𝐽smoothing as:

𝐽smoothing(𝜇(𝑠𝑡)) = ‖𝜇(𝑠𝑡) − 𝑞‖2, (4.1)

where 𝜇(𝑠𝑡) are the deterministic mean outputs of the stochastic policy
used as the target joint references, and q are the measured joint positions.
The smoothing loss 𝐽smoothing is the objective function that minimises
the differences between the target 𝜇(𝑠𝑡) and the measurement q. As the
joint references are the inputs for impedance control, this minimisation
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leads to more gentle torque profiles, thus encouraging the learning of
strategies with the least effort as possible.

The proposed smoothing loss 𝐽smoothing is incorporated into the SAC
training loss 𝐽SAC(𝜋) and is used for backpropagation of the neural
networks, instead of being part of the reward function. Adding the
smoothing loss term to 𝐽SAC(𝜋) allows the information (the causality of
actions) to backpropagate directly through the neural network and to
bypass the process of reward bootstrap and Q-function approximation.
Since for training the policy, the Q-function requires iterations to obtain
a valid and accurate enough approximation of the expected return, our
approach of bypassing the Q-function avoids the wait time and permits
the information to backpropagate within the first few iterations.

MELA training procedure

Figure 6 depicts both the network architecture and training procedure
of our MELA framework. The MELA network consists of one gating
network and eight expert networks (Fig. 4.6B). The gating network
has 2 hidden layers with 128 neurons each, using a ReLU activation
function. All expert networks have 2 hidden layers with 256 neurons
each and use a ReLU activation function, which has the same network
structure as that of the pre-trained expert policy networks shown in
Fig. 4.6A.

Here, we elaborate on MELA’s two-stage training procedure. In stage 1,
successful trotting and fall recovery policies were pre-trained using the
scheme shown in Fig. 4.6A. In stage 2, MELA first initialised two groups
of expert networks (four in each group) by copying the weights and bias
from the two pre-trained experts (Fig. 4.6B) and randomly initialised
the weights and bias of the gating network. Then MELA embedded
all the experts together with the gating network, and co-trained all
of them with diverse samples. During the co-training in stage 2, the
gating network needed to learn how to compute correct weights for all
experts and synthesise a new skill-adaptive network, as illustrated in
Fig. 4.6B. The robot feedback states were the input of the synthesised
network for generating motor actions.

Following the framework in Fig. 4.6, both stages were trained using
the SAC algorithm (note S2), and the samples were collected at 25
Hz frequency while the actions were executed through the impedance
control at 1000 Hz frequency. Both training stages initialised the robot
in diverse configurations during the simulation episodes so as to in-
crease the diversity of the collected samples, and additional details are
described in note S2. The learning curves during stage1 and stage 2 of
the MELA training can be found in fig. S24.

All neuron connections within MELA are differentiable, including those
between the gating network and expert networks. This allows every
network weight and bias to update through backpropagation simulta-
neously. Thus, all the MELA networks can be trained with the same
backpropagation techniques used for Fully Connected Neural Networks.
The actor for SAC was encoded using a MELA network, while the critic
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consisting of two Q functions was encoded as Fully Connected Neu-
ral Networks which were adopted from Double Q-learning to prevent
overestimation [162].

Let 𝑥, 𝑦, ℎ denote the dimensions of the input, the output and the
hidden layer, respectively; let 𝑊 and 𝐵 be the network’s weights and
bias. The parameter-set of the skill-adaptive network is:

𝜓synth = 𝑊0 ∈ ℝ𝑥×ℎ,𝑊1 ∈ ℝℎ×ℎ,𝑊2 ∈ ℝℎ×𝑦, 𝐵0 ∈ ℝ𝑥, 𝐵1 ∈ 𝑅ℎ, 𝐵2 ∈ ℝ𝑦,
(4.2)

and the parameter-set of each individual expert network is:

𝜓𝑛
expert = 𝑊𝑛

0 ∈ ℝ𝑥×ℎ,𝑊𝑛
1 ∈ ℝℎ×ℎ,𝑊𝑛

2 ∈ ℝℎ×𝑦, 𝐵𝑛
0 ∈ 𝑅𝑥, 𝐵𝑛

1 ∈ ℝ(ℎ),𝐵𝑛
2 ∈ ℝ𝑦.

(4.3)

During runtime, the weights W and bias B are fused by the weighted
sum formulation as:

𝑊𝑖 =
8

∑
𝑛=1

𝛼𝑛𝑊𝑛
𝑖 , 𝐵𝑖 =

8
∑
𝑛=1

𝛼𝑛𝐵𝑛
𝑖 , (4.4)

where 𝑛 = 1, ..., 8 is the index of experts, 𝑖 = 1, 2, 3 is the index of the
corresponding layer, and 𝛼𝑛 ∈ ℝ8are the variable weights generated by
the gating network.

The fused weights 𝑊 and bias 𝐵 are used to construct the synthesised
network dynamically during runtime using the equation as follows:

𝜙synth = Tanh(𝑊2 ⋅ReLU(𝑊1 ⋅ReLU(𝑊0𝑋 +𝐵0) + 𝐵1) + 𝐵2). (4.5)

where 𝑋 ∈ 𝑅𝑥is the input parameter, Tanh(*) and ReLU(*) are the
nonlinear activation functions. The weighted sum of weights Wand
bias B is normalised to one using a Softmax function, also known as
normalised exponential function. There are several nonlinear features in
the blending process: each expert DNN is a nonlinear control policy by
nature, and each weight produced by the gating network is nonlinearly
rescaled by a Softmax function to normalise different values of the
original sum. Therefore, the resulting synthesised expert is a highly
nonlinear control policy - a nonlinear mapping between the feedback
states and actions that is required to deal with challenging scenarios.
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Figure 4.6: Two-stage training of MELA. (A) In stage 1, the fall recovery and trotting policies are individually trained. (B) In stage
2, the pre-trained trotting and fall recovery policies from stage 1 are used to initialise two evenly distributed groups of experts, each
containing 4 experts. All these expert networks are co-trained together with the gating network.
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In this chapter, we present a systematic design process for Multi-Expert
Synthesis (MES), and propose an automatic state space selection algo-
rithm and show how to explicitly enforce of diversity among multiple ex-
perts. We show how MES is used for motor skill synthesis of both robot
locomotion and manipulation. The media can be found in https://
drive.google.com/drive/folders/1vJUIGlqpbponzBUr1YhaM-Fj6LoMVNKv.

5.1 Introduction

The re-usability of control policies is an interesting and challenging
research in robotics. While task-specific controllers and learned policies
have been developed to achieve a wide range of tasks, such as locomotion
[163, 66] on quadrupeds, as well as manipulation of objects [68]. To
create useful versatile robots, the ability to perform multiple tasks is
essential, however, combining and reusing these policies in a unified
manner remains an open question. This is because a learned policy
is trained specifically to solve a particular task which has limited
applicability to transfer such a single-skilled policy to other tasks. To
have a control policy applicable to other tasks commonly requires
redesigning or retraining the policy.

This work is motivated to investigate a systematic approach to formalise
the synthesis of multiple learned policies – the multi-expert synthesis
(MES) approach that can produce versatile robotic capabilities, in which
a high-level behaviour policy recombines multiple skills and fuses more
flexible ones, using specialised experts based on the observation of states
and task. Here MES is defined as the process of combining or blending
expert skills in a latent space. This will produce a multi-expert policy,
where a high-level behaviour policy selects the appropriate experts
according to the real-time state observation.

The essential principle of multi-expert synthesis lies in designing a
hierarchical control architecture where non-relevant information is co-
ordinated and hidden across the layers: while the high-level behaviour
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Figure 5.1: Synthesis of expert skills
using Multi-Expert Synthesis. Top: Ver-
satile locomotion by recovering from a
prone position first and then transition-
ing into trotting. Bottom: Dual-arm
cooperative manipulation, where the ob-
ject is first reconfigured by the left hand
into a graspable pose and then grasped
by the right hand.
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policy requires task-relevant information, e.g., distance to a goal or pose
of the object to grasp, the low-level expert only requires the propriocep-
tive state of the robot. Thus, experts focus solely on performing their
particular skills, while the high-level policy is responsible for drawing
from the experts’ skills and completing the task.

This idea originates from Hierarchical Reinforcement Learning (HRL)
[72]. In HRL, for discrete and tabular cases, the concepts of temporal
[73] and state abstraction [74] are used to determine the information
that the components receive. Despite the advantages of encoding non-
relevant information across layers, composing and synthesising expert
knowledge is not possible in the standard HRL framework since only
one expert can be selected at a time. This problem is addressed by
learning continuous latent variables that blend the experts in a latent
space [75, 76].

The traditional approach for the latent space blending is the Mixture
of Experts (MoE), where the outputs of individual experts (actions)
specialized on sub-problems are combined by a gating function [77].
The core idea of MoE, combining the outputs of experts via a gating
network, has been adapted in the areas of machine translation [78],
computer vision [79], robotics [80], Reinforcement Learning (RL) [81],
and Computer Graphics [82]. However, MoE has limitations known as
expert imbalance – a form of mode collapse that arises due to the lack
of diversity across experts [78, 149].

As an alternative to MoE, the Multi-Expert Learning Architecture
(MELA) has been proposed, where the latent space is constructed
by blending the expert network weights instead of the outputs, thus
leading to a higher-dimensional latent space representation of the multi-
expert network than MoE [2]. It has been shown that MELA avoids the
expert imbalance problem, and provides a framework to use experts
for learning unique and diversified skills as well as adaptive behaviours
on a quadruped robot.

In this work, we present a systematic approach to best achieve MES,
and our proposed algorithms address two key problems: (1) how to select
the correct state space representation for the MES feedback policies;
and (2) how to avoid the lack of diversity across experts leading to
expert imbalance. We will show the results of multi-expert policies for
both quadruped locomotion and cooperative bi-manual manipulation
(Fig. 5.1).

Specifically in MES, where every expert and the gating network has
an individual state space, to correctly design the state space is crucial
and non-trivial: missing key state variables will prevent the policy from
learning the right action; whereas having too many and unrelated states
will result in slower learning, large variances in the reward signals, and
higher probability of converging to local minima [164].

Our proposed procedure addresses this problem by the automatic selec-
tion of task-relevant variables in state observations. Traditionally, the
state space is designed relying on the domain knowledge, and extensive
trial and error to find a state space representation that yields highest
performance. However, with increasing amount of experts for different
skills this becomes time consuming and potentially infeasible. Our
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proposed automatic state space design process mitigates the aforemen-
tioned state space issues for MES, where multiple state spaces need to
be designed for the individual experts and gating network.

Our contributions are summarised as follows:

1. A systematic design for Multi-Expert Synthesis (MES) to enable
efficient learning of skill coordination and effective synthesis of
multiple experts during tasks (see Section 5.4).

2. Formulation of a state selection algorithm that uses the learned
state value function to quantitatively identify essential states and
rule out task-irrelevant variables (see Section 5.4).

3. A proposed explicit enforcement of diversity among multiple
experts by maximising their discriminability (see Section 23).

4. Applicability of the proposed methods for MES achieve motor
skill synthesis in both robot locomotion and manipulation (see
Section 5.5).

We validate the MES approach in two distinct domains of robotic skills:
locomotion and manipulation. For the validation on a quadruped robot,
we show that gait recovery and locomotion can be synthesised to achieve
robust locomotion (Fig. 5.1 Top). Furthermore, our method can be used
for cooperative dual-arm manipulation (Fig. 5.1 Bottom) to grasp an
object from a previously ungraspable configuration. The effectiveness
of the trained multi-expert policies were validated in a variety of test
scenarios in both simulation and real-world experiments.

In the following, we first present related work in Section 5.2. Second, we
demonstrate how expert behaviour is obtained (Section 5.3). Next, we
present MES, the state selection process, and the types of multi-expert
policies in Section 5.4. The results using MES for a quadruped and
dual-arm, and a comparison between MoE and MELA is conducted in
Section 5.5 and Section 5.6 respectively. Lastly, we conclude the work
in Section 5.7.

5.2 Related Work

Model-based control methods have been widely use for robotics tasks,
such as locomotion, manipulation, and whole-body control [32, 33]. In
particular, recent optimisation based approaches enabled robots to plan
[34, 35] and robustly realise planned motions [36] under constraints.
This paradigm of using optimisation to first plan and then robustly
track the planned trajectory has found wide application in the control
of floating-based robots [11, 37, 38, 24].

Despite a wide range of applications and problems solved through exist-
ing control methods, the requirement of large amounts of computation
power for large-scale optimisation problems, dependence and necessity
of accurate models, and their limitation to generalise under uncertain-
ties remain a challenge. To this end, learning based methods offer an
alternative paradigm by learning through data while only specifying
high-level objects instead of detailed mathematical specifications of the
physical environment. Beside optimisation methods, such as genetic
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algorithms [165], particle swarm optimisation [166], evolutionary opti-
misation [167], or Bayesian Optimisation [43], Reinforcement Learning
(RL) [168] has been the main approach to solve problems which are
difficult for classical control methods. While gradient-free optimisation
methods have been mainly used to optimise for the parameters of a
controller [46, 44] or a model [7], RL is learning a parametrised function
representing both the control policy [60, 67] and the model [169, 170].

For complex tasks, such as continuous control and robotics tasks, Deep
Neural Networks have been used as function approximators for the actor
and critic, opening the field of Deep Reinforcement Learning (DRL).
In robotics, DRL has been used for wide applications and problems
that are hard to solve using classical control methods, such as control
of life-like locomotion of humanoids [171, 67] and animals [65], fall
recovery for quadrupeds [66], and hand-eye coordination for grasping
[68].

Due to the data demanding nature of DRL algorithms, the policies
are learned in simulation removing the risk of damaging the robot
and leveraging advances in computation speed and parallel computing
allowing fast collection of samples. To ensure that the simulation to
reality (sim2real) transfer of the policy yields similar performances in
reality as in simulation, the fidelity of the simulation can be increased
[66, 145] or the policy can be trained to be robust to uncertainty
[172, 65].

To complete multiple tasks using one unified framework, hierarchical
control structures can be used to select appropriate sub-policies through
a high-level gating mechanism. In HRL, complex tasks are solved by
using existing knowledge of experts through temporal abstraction [73].
In its original form, temporal abstraction is achieved by having the
top-level policy selecting among options, which are sub-policies that
continuously perform one action over a period of time [73].

With the advent of Deep Learning and Deep Neural Network, DRL
has been used to extend the discrete tabular HRL concepts into the
continuous control domain. In the context of multi-expert learning
and multi policy composition, this led to frameworks where low-level
experts encode motion primitives, control fragments, or skills, while a
high-level policy selects the expert [83, 84, 85]. Alternative to learning
a high-level policy to select appropriate motion primitives, COCoMoPL
[86] proposes a framework, where near-optimal motion primitives are
learned and synthesised into a motion as weighted combination of these
motion primitives.

In [87], a method is proposed that does not synthesise expert skills into a
unified policy, but rather expands the existing skill by decomposing the
task into simpler subtask and training a local policy for the subtasks.

A modular framework is proposed in [88], which learns transition
policies that connect primitive skills to complete sequential tasks. An
extended work in [89] uses the modular framework to learn to coordinate
the learned primitive skills for task completion. In [90] a method is
proposed that learns task-agnostic skills to use their composite to solve
new tasks in an HRL fashion. Task completion is accomplished by the
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task-agnostic skills performing commands provided by the high-level
command.

In contrast to aforementioned methods that select one sub-policy, the
outlined MES in this work continuously blends all experts. From a
practical perspective, this allows the multi-expert policy to choose
latent skills from multiple experts instead of just choosing a particular
skill from one expert. Furthermore, MES continues to train the experts
alongside the high-level behaviour network, such that the learned expert
skills can be specialised and can learn new skills, while gating network
blends the experts’ skills.

5.3 Generating Expert Behaviours

For the multi-expert learning structure, first, individual narrowly-skilled
experts need to be obtained. In this section, two procedures are pre-
sented to obtain expert behaviours that solve a specific task: (1) au-
tonomous learning a policy through interactions with the environment
and (2) learning to imitate a reference policy.

In order to solve a task, a reward, whose maximisation leads to task
completion, needs to specified. If the policy is autonomously learning
from scratch, methods from Deep Reinforcement Learning are deployed
to maximise the reward. For imitation learning of a user-designed
controller, a controller is designed first, and then a policy represented
as Neural Network (NN) is trained to imitate the controller as closely
as possible while maximising a task reward.

Using model-free DRL algorithms to learn a policy from scratch is
helpful when the solution is not straightforward. On the other hand,
using an existing manually designed controller gives more certainty
of behaviours over the robustness, stability, and performance. Thus,
combining control design for well-defined tasks, such as locomotion, and
leveraging the exploration of learning methods for tasks in ill-defined
or uncertain states and environments, such as fall recovery from any
pose, provides experts for a variety of cases.

In the following, we will first introduce the control structure how the
robot is controlled to achieve its task, and then present the procedure
to learn experts through DRL. Lastly, we will show how an expert can
be obtained from imitation learning.

Control Structure

The control structure of the robot consists of two control loops: high-
level behaviour control, and low-level joint impedance control (Fig.
5.2). The high-level behaviour control loop governs the behaviour of
the robot at 25Hz by mapping the robot’s states into actions for the
joint impedance controller, which runs at a frequency of 400Hz. From
measured joint positions and velocities, the joint torques are generated
in a proportional-derivative control law:

𝜏𝑖 = 𝐾𝑃(𝑞𝑑 − 𝑞) −𝐾𝐷 ̇𝑞, (5.1)
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Rollout policy - generating samples through interaction with the environment
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Figure 5.2: Learning framework to train specialised experts and multi-expert policies.

with joint index 𝑖 = 1, ..., 𝑁, joint torque 𝜏, proportional gain 𝐾𝑃,
derivative gain 𝐾𝐷, target joint position 𝑞𝑑, measured joint position 𝑞,
and joint velocity ̇𝑞.

Here, a low-pass Butterworth filter is applied respectively on the feed-
back state and actions in the high-level control loop. Filtering the robot
state allows reducing sensor noise while also providing smoother states
for the Neural Network, thus yielding smoother target actions. Besides,
to match the torque tracking bandwidth of the actuators, desired ac-
tions of the behaviours control are low-passed filtered and limited to
those that are able to be executed by the actuators.

Training Experts via Deep Reinforcement Learning

For training an expert represented as Deep Neural Network, which is
subsequently used in MES, Deep Reinforcement Learning (DRL) is
used to solve the task (Fig. 5.2). The objective of DRL is to maximise
the expected reward 𝔼[𝑟] from the environment, where the reward 𝑟 is
designed such that its maximisation leads to completion of the task.
Through explorative actions, the DRL agent improves the policy by
encouraging actions that lead to high reward.

The Soft Actor-Critic (SAC) algorithm, an off-policy actor-critic DRL
algorithm with stable convergence properties that intrinsically trades-off
exploitation versus exploration [62], is used to train both the single-
task experts and the multi-expert policy in MES (see Section 5.4). In
the following, we outline the SAC algorithm and present the design
decisions for training task-completing policies.

To enhance the smoothness for realisable control actions on robotic
systems, an additional smoothness objective is added to the standard
maximum entropy objective [173] of SAC:

𝐽(𝜋) = 𝐽SAC(𝜋) − 𝜆𝐽smoothing(𝜇), (5.2)

with stochastic policy 𝜋, smoothness regularisation parameter 𝜆, deter-
ministic policy 𝜇, maximum entropy objective 𝐽SAC(𝜋), and smoothness
loss 𝐽smoothing(𝜇).
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The maximum entropy objective 𝐽SAC(𝜋) is defined as:

𝐽SAC(𝜋) =
𝑇
∑
𝑡=0

𝔼[𝑟(𝑠𝑡, 𝑎𝑡) + 𝛼ℋ(𝜋(⋅|𝑠𝑡))], (5.3)

with state 𝑠𝑡, action 𝑎𝑡, temperature parameter 𝛼, expectation 𝔼 of
the reward 𝑟 and policy entropy ℋ(𝜋). The temperature parameter 𝛼
governing the trade-off between exploration and exploitation is auto-
matically adapted by minimising the objective 𝐽(𝛼) [174]:

𝐽(𝛼) = 𝔼𝑎𝑡∼𝜋𝑡
[−𝛼 log 𝜋𝑡(𝑎𝑡|𝑠𝑡) − 𝛼ℋ̄], (5.4)

with minimum policy entropy threshold ℋ̄.

The smoothing loss 𝐽smoothing(𝜇) encourages the policy to generate
deterministic actions 𝜇(𝑠𝑡) that are close to the current, measured state
𝑞:

𝐽smoothing(𝜇) = ‖𝜇(𝑠𝑡) − 𝑞‖2. (5.5)

Directly embedding a regularisation loss on the optimisation level
yielded better smoothness, compared to the additional regularisation
terms in the reward.

In the SAC algorithm, the parameters of three function approximators
are learned: parameters 𝜙 of the policy 𝜋𝜙, parameters 𝜃 of the soft
action-value function 𝑄𝜃, and parameters 𝜓 of the soft state-value
function 𝑉𝜓.

After applying the reparametrization trick, the policy parameters 𝜙
can be learned by minimising the objective 𝐽𝜋(𝜙) [62]:

𝐽𝜋(𝜙) = 𝔼[log 𝜋𝜙(𝑎𝑡|𝑠𝑡) − 𝑄𝜃(𝑠𝑡, 𝑎𝑡)] + 𝐽smoothing(𝜇𝜙1). (5.6)

The policy 𝜋𝜙 is re-parametrised through a neural network transforma-
tion: the action 𝑎𝑡 = 𝑓(𝜇𝜙1 , 𝜎𝜙2) is sampled from a squashed Gaussian
distribution 𝑓(𝜇𝜙1 , 𝜎𝜙2) = tanh(𝒩(𝜇𝜙1 , 𝜎𝜙2)). The deterministic policy
𝜇𝜙1 and the standard deviation 𝜎𝜙2 are Neural Networks parametrised
by the weights 𝜙1 and 𝜙2 respectively.

For stability of the training, the more conservative estimation between
two Q networks 𝑄𝜃1 and 𝑄𝜃2 is used for the action value function
𝑄𝜃(𝑠𝑡, 𝑎𝑡):

𝑄𝜃(𝑠𝑡, 𝑎𝑡) = min
𝑗=1,2

𝑄𝜃𝑗(𝑠𝑡, 𝑎𝑡). (5.7)

Minimising Bellman residual 𝐽𝑄(𝜃𝑗) with bellman equation 𝑄̂(𝑠𝑡, 𝑎𝑡) =
𝑟(𝑠𝑡, 𝑎𝑡) + 𝛾𝔼[𝑉 ̄𝜓(𝑠𝑡+1)] and discount factor 𝛾 yields the parameters 𝜃𝑗
for action-value function 𝑄𝜃𝑗(𝑠𝑡, 𝑎𝑡):

𝐽𝑄(𝜃𝑗) = 𝔼[ 12 (𝑄𝜃𝑗(𝑠𝑡, 𝑎𝑡) − 𝑄̂(𝑠𝑡, 𝑎𝑡))2]. (5.8)

The parameters ̄𝜓 of the target value function network 𝑉 ̄𝜓(𝑠𝑡+1) are
obtained by polyak averaging the parameters 𝜓 through minimising
the objective 𝐽𝑉(𝜓):

𝐽𝑉(𝜓) = 𝔼[ 12 (𝑉𝜓(𝑠𝑡) − 𝔼[𝑄𝜃(𝑠𝑡, 𝑎𝑡) − log 𝜋𝜙(𝑎𝑡|𝑠𝑡)])2]. (5.9)
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State Observation

Figure 5.3: Potential state variables
as feedback states for locomotion and
manipulation tasks.
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Correctly designing state space 𝒮 with only essential state variables
provides clear reward signals and better success rate of learning good
policies. On the contrary, using irrelevant states introduces large vari-
ances in the reward or feedback signals, and consequently decrease
performance. Furthermore, from a computational perspective, high-
dimensional state spaces require more data to generalise the whole
state space, and impede convergence because the non-linear function
approximator is not able to inter- or extrapolate the high-dimensional
state space due to the curse of dimensionality.

In Section 5.4, we proposed a systematic approach to choose the cor-
rect subset of states among all possible variables. Fig. 5.3 depicts a
non-exhaustive set of potential states for floating-base and fixed-base
systems, such as quadrupeds and manipulators respectively.

For all physically measured quantities, a first-order low-pass Butter-
worth filter is applied to denoise. The cut-off frequency is individually
set and is determined through a spectral analysis based on signals from
the idle system.

Action Space

For the choice of the action space 𝒜, two established options are
considered: joint space for controlling the joints and task space for
controlling the end-effector pose. In this work, we use the joint positions
for quadrupeds and end-effector poses for manipulators.

Reward Design

As the reward function governs the behaviour of the policy, ambiguously
specifying the reward could lead to reward exploitation and potentially
failures. Here, we formulate a set of physically-motivated reward terms
𝑟𝑖 for both floating-based and fixed-based systems.

The reward 𝑟𝑡 at time 𝑡 is calculated as weighted sum over the individual
reward terms 𝑟𝑖 with weights 𝑤𝑖:

𝑟𝑡 =
𝑁
∑
𝑖=0

𝑤𝑖𝑟𝑖. (5.10)
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To both regularise and achieve desired values, a Gaussian Radial Basis
Function (RBF) 𝑟𝑖 ∶ ℝ → (0, 1] is used:

𝑟𝑖(𝑥) = exp(−𝜅‖𝑥𝑑 − 𝑥‖2), (5.11)

with desired value 𝑥𝑑 and current value 𝑥. For regularisation terms,
the desired value 𝑥𝑑 is set around the operating point. The width
𝜅 governs the tolerance 𝛿𝑚𝑎𝑥 of the residual error, and is calculated
as 𝜅 = −ln(𝐶)/𝛿2𝑚𝑎𝑥 with small associated reward 𝐶 ≐ 0.001 at the
boundaries of the tolerance. We use an approximation 𝐶 → 0 since
ln(𝐶 = 0) is infinite.

All single-task experts and multi-expert policies in this work are trained
by maximising rewards to follow desired link poses, and regulate joint
velocity and joint torque for smoothness in actions. The rewards used in
this work can be found in Section 5.5, and a more detailed description
for reward design can be found in [67, 171, 66, 175].

Training Procedures

Designing training procedures for the DRL agent is required for both the
success and high quality policies. We applied four techniques during the
training of the policy: early termination, reference state initialisation
(RSI), guided curriculum, and dynamics randomisation.

Early termination stops an episode when meeting an early termination
criterion and is therefore used to discard irrelevant and skewed samples.
Early termination biases the policy to avoid bad states as the agent
cannot collect any further rewards if the episode is terminated. Early
termination criteria are set for states that have self-collision or unwanted
collisions with the environment. For floating-base systems, once the
height of the base falls below a threshold, the episode is terminated.

In order to generalise well across the whole state space and thus training
a robust policy, the robot is initialised in reference states that are task-
relevant but rarely encountered [144]. Reference states include failure
states, local minimum solutions, or imitation frames (see Section 5.3).

For best performance of the policy, curriculum for the learning pro-
cess is applied. The curriculum aims to guide the policy by gradually
increasing the difficulty of the task. In general, if the task difficulty
is too high, the policy converges to a locally optimal solution. An
increase in the difficulty can be implemented on reward weight, e.g.,
increasing importance on regularisation weights [66], or in the amount
of tasks which the policy needs to complete, e.g., initially standing
for a quadruped robot and gradually adding locomotion tasks while
withstanding disturbances or an increase in dynamics randomisation
[171]. In our setting, the robot is being pushed during training as in
[171] to provide additional robustness towards uncertainties.

To increase the robustness of the policy against model uncertainties
and to improve the transferability of policies across environments, we
applied dynamics randomisation [172] on the robot model. At the
beginning of every episode, the parameters of the robot dynamics are
uniformly randomly sampled within the range specified in Table 5.1.



76 5 Multi-Expert Synthesis for Versatile Locomotion and Manipulation Skills

Table 5.1: Variations of dynamics ran-
domisation for training.

Default value Min Max
Contact friction 0.7 50% 150%
Joint torque 40Nm 80% 120%
Inertia link dependent 80% 120%
Mass link dependent 80% 120%

Training Expert via Imitation Learning

As an alternative to learning via DRL from scratch, we use imitation
learning to train a DRL agent by imitating a reference trajectory. In
the following, we present a learning scheme for quadruped locomotion
that encourages the agent to imitate a reference motion while solving
a task as described in Section 5.3.

Four quantities are used for the learning algorithm to imitate: joint
positions, joint velocities, relative end-effector positions, and contact
states of the feet. The references are time-based trajectories obtained
from an optimal trajectory generator for the Centre of Mass (CoM) and
the whole-body controller that tracks the CoM trajectory [176, 4].

A policy that imitates a reference demonstration is trained in the
learning framework described in Section 5.3. For imitation learning,
the reward is modified. The new reward consists of a task reward 𝑟task,
and an imitation reward 𝑟imitation:

𝑟𝑡 = 𝑤task𝑟task +𝑤imitation𝑟imitation, (5.12)

with weights 𝑤task, 𝑤imitation corresponding to the importance of task
completion and imitation quality respectively.

The imitation reward 𝑟imitation is calculated as the weighted sum of four
sub-rewards:

𝑟imitation = 𝑤𝑞𝑟𝑞 +𝑤 ̇𝑞𝑟 ̇𝑞 +𝑤eef𝑟eef +𝑤contact𝑟contact. (5.13)

The joint position 𝑟𝑞, joint velocity 𝑟 ̇𝑞, and end-effector position 𝑟eef re-
wards are formulated as Gaussian RBF encouraging similarity between
demonstrated and actual robot state. For the contact state, a reward of
1 is assigned if all four contact states match the demonstrated contact
state, and is 0 otherwise.

To prevent temporal ambiguity during the imitation of a time series
of reference frames, a variable representing time needs to be provided,
similar to [67, 144]. Because of the periodic nature of locomotion, a
periodic phase vector 𝜁 is formulated as:

𝜁 = [sin(Ω𝑡)cos(Ω𝑡)] , (5.14)

where Ω normalises the period to match the periodicity of the reference
time series, and the representation using 𝜁 is compatible with NN
instead of using a monotonically increasing time as a variable.

For RSI, the robot’s joint position and joint velocities are initialised
according to a uniformly random sample from the reference trajectory.



5.4 Multi-Expert Synthesis 77

Stage-2: Embedding experts in MES, and co-training with behaviour networkStage-1: Trainining of N experts

Expert N
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𝐸)
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Figure 5.4: Multi-Expert Synthesis trained in a two-stage curriculum. Experts are pre-trained in Stage-1 and co-trained in Stage-2
alongside a Behaviour Network.

5.4 Multi-Expert Synthesis

In the following, we outline Multi-Expert Synthesis (MES) and elaborate
how the trained experts are embedded in MES. We further formulate
an automatic State Space Selection Process that was used to determine
the state space of all policy networks. Lastly, we present how to enforce
diversity among experts and tackle the problem of mode-collapse.

Learning Structure

The two-stage training process for MES policies is depicted in Fig.
5.4. In the first stage, individual, single-skilled experts are trained by
solving a particular task as described in Section 5.3. In the second stage,
the high-level behaviour network is trained alongside the pre-trained
experts. While being synthesised by the high-level behaviour network,
the pre-trained experts in the second stage are further fine trained
which allow all experts to synergise with one another.

Based on the current behaviour state 𝑠𝐵𝑡 , the behaviour network
𝐵(𝑠𝐵𝑡 ), 𝐵 ∶ ℝdim(𝑠𝐵𝑡 ) → ℝ𝑁 continuously synthesises the 𝑁 task-specific
expert skills and builds a skill-adaptive network 𝑆(𝑠𝐸𝑡 ). The skill-
adaptive network (blue shaded network in Fig. 5.4) is used to infer
actions 𝑎𝑡 = 𝑆(𝑠𝐸𝑡 ) from expert state 𝑠𝐸𝑡 .

For this work, we consider two approaches – MELA and MoE – to
achieve MES. The difference between MELA and MoE lies in how the
outputs 𝛼 = 𝐵(𝑠𝐵𝑡 ), ∑

𝑁
𝑖=1 𝛼𝑖 = 1 from behaviour network 𝐵 are used

as weights to synthesise the expert networks into the skill-adaptive
network.

For MELA, the outputs of the behaviour network 𝛼 blend the network
parameters of the experts [2], while for MoE 𝛼 are used for the weighted
sum of the actions 𝑎𝑖 of all expert networks.
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Multi-Expert learning Architecture (MELA)

The skill-adaptive network’s parameters 𝜃[𝑙]𝑛,SAN are obtained as the
weighted sum of the expert’s parameters 𝜃[𝑙]𝑛,𝑖:

𝜃[𝑙]𝑛,SAN =
𝑁
∑
𝑖=1

𝛼𝑖𝜃
[𝑙]
𝑛,𝑖, (5.15)

for the 𝑖-th expert, neuron 𝑛 in layer 𝑙, and blending weights 𝛼 = 𝐵(𝑠𝐵𝑡 )
with ∑𝑁

𝑖=1 𝛼𝑖 = 1 from the behaviour network 𝐵. All operations in
the architecture are differentiable that allow backpropagation, and the
networks are trained with SAC.

As the skill-adaptive network’s parameters are a linear combination
of all expert parameters, which have the same amount of neurons and
layers. Thus, to accommodate different expert network sizes, the expert
network size in Stage-2 is augmented (Fig. 5.5). The amount of layers
and neuron per layers are the same as the largest network. To keep the
input-output behaviour of the augmented neural network unchanged,
all weights 𝑤[𝑙]

𝑘,𝑗 of the newly added neuron connections are initialised
to zero. The output of the 𝑗-th neuron ℎ[𝑙]

𝑗 thus remains unchanged for
𝑤[𝑙]

𝑘,𝑗 = 0:

ℎ[𝑙]
𝑗 = 𝑓 [𝑙](

𝑛
∑
𝑖=0

𝑤[𝑙]
𝑖,𝑗𝑥

[𝑙−1]
𝑖 +

𝑛𝑘

∑
𝑘=𝑛+1

𝑤[𝑙]
𝑘,𝑗𝑥

[𝑙−1]
𝑖 + 𝑏[𝑙]𝑗 ), (5.16)

with 𝑛 neurons in layer 𝑙, activation function 𝑓(⋅), weight 𝑤[𝑙]
𝑖,𝑗, output

𝑥[𝑙−1]
𝑖 of the previous layer, and bias 𝑏. Examples for network augmen-

tation of locomotion and manipulation policies can be found in Section
5.5 (Fig. 5.5).

Figure 5.5: Augmented expert net-
work. Top: Originally trained expert.
Bottom: Augmented expert network.
All neurons are fully connected includ-
ing bias terms but omitted for clarity.
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Mixture of Experts (MoE)

For MoE, the actions 𝑎 are calculated as weighted sum from the expert’s
actions 𝑎𝑖 and the behaviour network’s output 𝛼 = 𝐵(𝑠𝐵𝑡 ):

𝑎 =
𝑁
∑
𝑖=1

𝛼𝑖𝑎𝑖, (5.17)

where 𝑁 is the number of experts with corresponding weights 𝛼𝑖 on the
output actions 𝑎𝑖. Consequently, compared to MELA, the dimensional-
ity of the latent space of MoE is much lower by orders of magnitudes.

Automatic State Space Selection

In the following, we present the systematic selection of the state space
based on their relevance to the task. The core idea of the state selection
process is to check whether the removal of a sub-state space 𝒮− from
state space 𝒮∗ has an influence on the value function 𝑉 (𝑠), ∀𝑠 ∈ 𝒮.

The value function 𝑉 ∶ ℝ𝑛 → ℝ describes the accumulative reward
gained in an episode by starting in state 𝑠 and applying policy 𝜋(𝑎|𝑠)
successively. A properly designed reward will allow the maximisation
of accumulated reward to achieve the task completion. If the reduced
state space 𝒮+ = 𝒮∗ ⧵ 𝒮− yields a value 𝑉 (𝑠+) similar to the complete
𝑉 (𝑠∗), then 𝒮− has no influence on the accumulated reward, and can
be thus omitted.

More specifically, we have:

𝑉 (𝑠+) ≃ 𝑉 (𝑠∗), ∀𝑠+ ∈ 𝒮+, 𝑠∗ ∈ 𝒮∗, (5.18)
⇔

𝒮−is not required for the task,

where 𝒮+ ∪ 𝒮− = 𝒮∗, 𝒮+ ∩ 𝒮− = ∅.

To describe the various state quantities, we use the following notation.
Symbols written in bold denote a state space 𝒮 ∈ ℝ𝑛 with 𝑛 dimensions.
The 𝑘-th dimension of the state space 𝒮 = ⋃𝑛

𝑘=1 𝒮𝑘 is denoted as
𝒮𝑘 ∈ ℝ ⊂ 𝒮, and its members are called state variables 𝑠𝑘 ∈ 𝒮𝑘. In the
context of state space reduction, we use state space 𝒮∗ = ⋃𝑛

𝑘=1 𝒮𝑘 as
the union of relevant 𝒮+ and irrelevant 𝒮− sub-state spaces. A vector
𝑠 ∈ 𝒮 is called a state.

In Algorithm 2, we outline how the state space is selected. Algorithm 3
describes the practical implementation of (5.18)) to determine relevant
state variables. For selecting relevant sub-state spaces (Algorithm 2),
the state space is repeatedly reduced using Algorithm 3. During every
iteration, value function 𝑉 𝜋(𝑠) and policy 𝜋(𝑎|𝑠) are trained (Section
5.3) using states 𝑠 ∈ 𝒮𝑖. If the state space is not further reduced, the
task-relevant state space 𝒮+ is found. Otherwise, a new policy and
value function is trained using the newly reduced state space 𝒮𝑖+1.

In our work, the task-relevant state space is usually found after one
iteration. However, when no domain knowledge for the initial state
space 𝒮0 can be applied, then all possible state dimensions described
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in Section 5.3 are used and more iterations are needed. This is because
the learned value function 𝑉 (𝑠) is not capable of approximating a high-
dimensional state’s value with the given amount of data. In this case,
the state space needs to be successively reduced (line 5 in Algorithm 2)
for a better approximation of the state’s values.

Algorithm 2: Pseudo code for relevant state selection
1 Function selectStateSpace()
2 𝒮𝑖 ← 𝒮0

3 while 𝒮+ not found do
4 Train 𝜋(𝑎|𝑠), 𝑉 (𝑠) with 𝑠 ∈ 𝒮𝑖.
5 𝒮𝑖+1 ← reduceStateSpace(𝑉 (𝑠), 𝒮𝑖)
6 if 𝒮𝑖 = 𝒮𝑖+1 then
7 Found task-relevant state space 𝒮+

8 else
9 𝒮𝑖 ← 𝒮𝑖+1

For the reduction of the state space in Algorithm 3, two thresholds
𝛿relevant, 𝛿required are set. The relevance of sub-state space 𝒮𝑘 is evaluated
𝑁 times. If the average relevance exceeds threshold 𝛿required, then sub-
state space 𝒮𝑘 is required. Averaging the relevance is necessary due to
the variance in the estimation of the value function 𝑉 (𝑠).

At every iteration of a state’s relevance (line 4 in Algorithm 3), the
relevance of every sub-state space 𝒮𝑘 is evaluated by perturbing the
corresponding state variable 𝑠𝑘 of a measured state 𝑠. The state 𝑠
is measured while rolling out policy 𝜋(𝑎|𝑠). The state variable 𝑠𝑘 is
perturbed 𝑚 times by setting their values to a uniformly sampled value
within [Δmin,Δmax] covering the sub-state space 𝒮𝑘 for 𝑚 → ∞.

If the percental change of the average perturbed value is small for
state variable 𝑠𝑘, the sub-state space 𝒮𝑘 is considered irrelevant to the
cumulative reward. If the relevance averaged over 𝑁 times is below
threshold 𝛿required, implying that the sub-state 𝒮𝑘 is irrelevant across
the whole state space 𝒮∗ for 𝑁 → ∞, we determine sub-state 𝒮𝑘 as not
required.

In MES, state selection (Algorithm 2) is conducted for every expert
during Stage-1 and for the behaviour network in Stage-2. Network
augmentation (equation 5.16) is used in Stage-2 to unify the network
sizes across the experts.

Expert Diversification

During training of multi-expert behaviours, a common problem in multi-
expert systems known as expert imbalance occurs. This is because when
one expert is over-prioritised by the behaviour network, it results in
downgrading of other experts and the inability to learn distinct expert
behaviours. For tasks requiring multiple experts as shown in Section
5.5, expert imbalance leads to the task not being completed and a local
minimum solution.
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Algorithm 3: Pseudo code for selecting relevant state variables
1 Function reduceStateSpace(V(𝑠), 𝒮∗)
2 Set threshold 𝛿relevant, 𝛿required
3 𝒮−, 𝒮+ ← ∅
4 for iteration = 1, ..., 𝑁 do
5 Measure 𝑠∗ ∈ 𝒮∗ ∈ ℝ𝑛

6 requiredStates ← dict(“𝑠𝑖”: []), 𝑖 = 1, 2, ..., 𝑛
7 for 𝒮𝑘 ⊂ 𝒮∗, 𝑘 = 1, 2, ..., 𝑛 do
8 𝑠∗perturbed ← 𝑠∗

9 perturbedValues ← list(𝑚)
10 for 𝑖 = 1, 2, ...,𝑚 do
11 𝑠∗perturbed[𝑘] ∼ 𝑈(Δmin,Δmax)
12 perturbedValues[i] ← 𝑉 (𝑠∗perturbed)
13 𝜇 = mean(perturbedValues) − 𝑉 (𝑠∗)
14 if 𝜇/𝑉 (𝑠∗) < 𝛿relevant then
15 requiredStates[k].append(0)
16 else
17 requiredStates[k].append(1)

18 for 𝒮𝑘 ⊂ 𝒮∗, 𝑘 = 1, 2, ..., 𝑛 do
19 if mean(requiredStates[𝑘]) < 𝛿required then
20 𝒮− ∪ 𝒮𝑘
21 else
22 𝒮+ ∪ 𝒮𝑘

23 return 𝒮+

To prevent expert imbalance, we encourage the experts to learn easy-
to-discriminate and diverse skills by including a discriminator objective
[177] in the DRL objective (5.2):

𝐽diversity(𝑞𝜙) = log 𝑞𝜙(𝑧|𝑠𝐷), (5.19)

with learned discriminator 𝑞𝜙(𝑧|𝑠𝐷) parametrised by weights 𝜙 and
one-hot vector 𝑧 indicating the skill. The discriminator estimates the
likelihood of skill 𝑧 conditioned on state 𝑠𝐷, and is trained to minimise
the cross entropy 𝐻( ̂𝑧, 𝑧) between real skill ̂𝑧 and predicted skill 𝑧:

𝐽discriminator =
1
𝑁

𝑁
∑
𝑖=1

𝐻( ̂𝑧𝑖, 𝑧𝑖). (5.20)

The diversity objective (5.19) encourages the policy to produce states
as distinct as possible, so that the discriminator can easily estimate
the skill 𝑧 based on the state 𝑠𝐷. Note that the state 𝑠𝐷 ∈ 𝒮𝐷 can
different from the expert state space 𝒮𝐸. The discriminator state space
𝒮𝐷 ∈ ℝ6 used for the locomotion discriminator uses orientation and
velocity to discriminate between fall and locomotion. Beside explicitly
enforcing skill diversification, it shall be noted that implicit diversity
naturally emerges in MELA and RSI [2].
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Figure 5.6: Results of state selection
using large state space and 10 additional
dimensions for locomotion and manipu-
lation.
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5.5 Results

In this section, first we outline the setup of the learning framework.
Second, we present results of our proposed state selection process. Third,
the expert behaviours of MES are shown. Next, Multi-Expert results
on the quadruped and dual-arm robot are reported. Lastly, we show
the robustness and ability of MES to generalise across environments.

In particular, we demonstrate that our proposed state selection process
finds the optimal state space yielding the highest reward and is used to
design the state space for all components of MES. Furthermore, MES
learns robust multi-expert policies that are effective from simulation to
the real robots and in unseen test scenarios.

Training Setup

Table 5.2: Variations of dynamics ran-
domisation during testing.

Default value Min Max
Contact friction 0.7 30% 170%
Joint torque 40Nm 80% 200%
Inertia link dependent 50% 150%
Mass link dependent 50% 150%

All policies were trained in PyBullet [178] on a commercially available
computer (CPU: i7-7700K, GPU: Nvidia GTX 1080Ti). The expert
and multi-expert policies converged after 1000 and 2000 (Fig. 5.12)
epochs respectively. Every epoch consisted of 1000 samples using the
sample collection depicted in Fig. 5.2 with 25 samples collected per
second.

All networks are two-layered, fully connected Neural Networks with
256 neurons in each layer. Rectified Linear Units (ReLU) were used as
activation functions. The standard parameters of SAC were used as in
[62].

We performed dynamics randomisation [172, 65] during the training
(see Section 5.3) and transferred the policy from PyBullet to both
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Gazebo [179] and the real robots. During training in PyBullet a range
of values were used for dynamics randomisation as shown in Table 5.1,
and a larger range (see Table 5.2) were used for testing in Gazebo,
which show that the multi-expert policy is robust in presence of such
large physical discrepancies.

Comparison of Different State Observations
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Figure 5.7: Performance for different
state space configurations for locomo-
tion (left) and manipulation (right).

The state selection process described in Section 5.4 was used to design
the state space for the experts and gating network for all policies. We
demonstrate the process of state selection and its effectiveness by two
domains of tasks: quadruped locomotion and reach-grasp manipulation
(see Section 5.5).

First, we determine the relevant state variables from a large set of
potential state variables. Second, we show that our proposed method can
distinguish between completely irrelevant state variables and potentially
relevant state variables by adding 10 random variables to the state
space. Lastly, we compare the performance of optimally selected state
spaces and extended state space containing irrelevant state information,
based on policy quantitative performance and qualitative behaviour.

We chose and defined the state variables for initial state space 𝒮0 as:
linear base velocity ̇𝑥, angular base velocity 𝜔, gravity vector 𝑔, phase
𝑝, joint position 𝑞, joint velocity ̇𝑞, joint torque 𝜏, end-effector force 𝑓𝑐
for locomotion, and additionally end-effector position 𝑥𝑒𝑒𝑓 and velocity
̇𝑥𝑒𝑒𝑓, and quaternion 𝒬𝑒𝑒𝑓 for manipulation.

After one iteration of Algorithm 2 with threshold 𝛿required = 0.1, the
least relevant state variables were found to be: joint velocity, joint
torque, and end-effector force for locomotion (Fig. 5.6 top left) and
all state variables but the joint positions for the manipulator (Fig. 5.6
bottom left). By removing the least relevant state variables from the
initial, extended state space 𝒮0, we obtain a reduced state space with
only task-relevant state variables.

The state selection process was further validated by adding 10 random
variables 𝑟𝑖, 𝑖 = 1, ..., 10 to the reduced state space. For every sample,
the value of every random variable 𝑠extra,𝑖 was uniformly sampled
𝑠extra,𝑖 ∼ 𝑈(−1, 1). All 10 random variables (Fig. 5.6 top and bottom
right) were identified to be irrelevant after one iteration of Algorithm
2.
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Figure 5.8: Comparison of policies
trained using the optimal baseline state
space versus the extended states.
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(a) Locomotion performance: failure to capture periodicity (top) and drift of robot
position (bottom) from the extended state space policy (orange), compared to our
formulated baseline policy with optimal state space (blue).
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(b) Manipulation performance: oscillatory behaviour using the extended state space
(orange), compared to our formulated baseline policy (blue).

Here, we define our formulation of reduced state space as the baseline,
and those with all possible states as the extended state space including
those irrelevant to the task, as found by our algorithms, for both
locomotion and manipulation. We comparatively analysed the difference
between the baseline and the extended state space representations in
terms of the learning curves and the learned behaviours.

Our baseline state space converged to higher rewards in both locomotion
and manipulation tasks (Fig. 5.7). In contrast, the extended state space
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was easily stuck in local minima in almost 60% of the cases, leading to
policies with lower return and the incompletion of the task. For a fair
comparison, the local minima solutions that did not complete the task
were not included in the learning curves.

The difference in performance between baseline and extended state space
can also be observed from the policy’s behaviours. While the extended
state space representation can complete the tasks, our proposed baseline
performs better than the extended case. During quadruped locomotion
the extended state space representation drifts in the 𝑦 direction and is
not able to encode the periodicity of locomotion (Fig. 5.8a). Besides,
the manipulation policy exhibits oscillatory behaviour after grasping
the object as shown in Fig. 5.8b.

Expert Behaviours

Using the training procedure in Section 5.3, all experts were trained for
the use in Stage-2 of MES (Fig. 5.4). In Fig. 5.9a, two expert behaviours
are shown: gait recovery and trotting. Please see the accompanying
video for further details.

Rolling over Self-righting Standing up Stand configuration

Polygon Support Line Support Polygon Support Line Support

(a) Expert policies for gait recovery (top) and trotting (bottom).

PregraspEstablish contactInitial configuration

Approach objectInitial configuration Grasp

(b) Expert policies for pregrasping (top) and grasping (bottom). Figure 5.9: Expert policies for locomo-
tion (a) and manipulation (b).

Locomotion Experts

The gait recovery and trotting experts were trained as follows. The
training of the gait recovery expert was conducted through directly
specifying a reward, with which the maximisation leads to task com-
pletion. For trotting additional reference trajectories were provided for
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LocomotionFallen configuration Standing up

(a) Robust locomotion of gait recovery from a prone position and smooth transitions to trotting.

(b) Dual-arm cooperative manipulation and grasping.

Figure 5.10: Multi-expert policies in simulation and on the real robot.

imitation (see Section 5.3). The weights of the reward terms can be
found in Table K.1.

All reward terms were expressed as radial basis function (see Section
5.3) unless stated otherwise. For gait recovery and push recovery, the
sagittal velocity 𝑥vel was set to zero; for the locomotion gaits, 𝑥vel was
provided by the imitation data, and the lateral and vertical velocities
𝑦vel, 𝑧vel were zero. The unit gravity vector 𝑔𝐿 is the normalised gravity
vector in the robot body frame. Regularisation was performed on the
joint velocities and joint torques by using a zero vector as target value.
For the imitation terms, the target values were provided by the imitation
data from a trotting controller.

Early termination was conducted for all experts if the robot was in
self-collision. For locomotion, the episode terminated early if any link
but the feet was in contact with the ground or if the body height
fell below 0.25m. RSI was performed for both locomotion and gait
recovery. For locomotion, the robot was spawned in joint states from
the reference imitation data. For gait recovery, the robot was spawned
in prone and supine body poses with random joint positions.
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Manipulation Experts

For dual-arm cooperation, pregrasping and grasping experts were
trained (Fig. 5.9b). The state space of both manipulators were de-
termined using Algorithm 2. For grasping, the state space 𝒮grasp ∈ ℝ9

consists of 9 joint positions of the manipulator. The action space con-
sists of the end-effector’s pose and the parallel grasper’s joint position
𝒜grasp ∈ ℝ8 . The pregrasp expert uses end-effector pose as action space
𝒜grasp ∈ ℝ6, and 7 joint positions and the object pitch angle for state
space 𝒮pregrasp ∈ ℝ8. Both experts use a two-layered neural network
with 256 neurons in each layer.

For pregrasping, the reward has a contact and object orientation term
with weights 𝑤contact = 1 and 𝑤object = 3 respectively. A reward of 1
was assigned when the end-effector was in contact with the object. The
residual error in (5.11) was calculated as max(𝜃𝑑 − 𝜃, 0) with desired
orientation 𝜃𝑑 = 45∘.

The grasping reward was calculated by the sum of finger contact and
end-effector position reward, where weights were 𝑤contact = 1 and
𝑤eef = 1 respectively. A reward of 1 was assigned if both fingers were in
contact with the object. A reward for the end-effector link being close
to the desired position 𝑝𝑑 was assigned as in (5.11). Early termination
was performed in case of self-collision or if any link other than the the
end-effector was in contact with the object.

Multi-Expert Results

The previously learned expert skills are now used for MES to achieve
robust locomotion and dual-arm manipulation. We choose MELA over
MOE as the multi-expert framework because MELA yields better policy
performance during domain transfer and is able to diversify experts
better (see Section 5.6).

Robust Locomotion

Two experts per skill were initialised for further diversification. Using
the network augmentation shown in Fig. 5.5, the expert’s state space
can be preserved while being embedded in Stage-2 of MES. Early
termination was applied in case of self-collision. The pose for RSI was
uniformly sampled between prone positions and reference imitation
trajectories.

For robust locomotion, the gait recovery expert reward 𝑟gr is used if the
robot falls, i.e., the threshold in height 𝑝𝑧 < 0.4𝑚 or body orientation
𝑟𝑝𝑦 > 20∘ is exceeded; and the locomotion expert’s reward 𝑟loco is used,
otherwise. For the behaviour network’s state space, the state selection
process results in sufficient forward velocity. The motion can be seen
in Fig. 5.10 and in the accompanying video.
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Dual-Arm Cooperation

The dual-arm manipulation shows how MES adapts experts’ access
to information using the network augmentation technique depicted in
Fig. 5.5. For the pregrasping expert, although the object’s orientation
is relevant during the Stage-1 training, it became less relevant after
co-training with a behaviour network in Stage-2. The relevance of
the object’s orientation was determined by looking at the values of
the weights and gradient related to the object orientation, which was
almost zero. From the hierarchical structure, this is explainable since
the behaviour network can access the object’s orientation and thus
activate the expert accordingly.

We found that MES consistently adapted the experts’ requirement
of certain state variables throughout all trained policies. The expert
policies for the pregrasping and grasping task only used joint positions
of the pregrasper and grasper respectively, while the behaviour network
used the object’s orientation as state input. Backpropagation through
the MES network allowed the experts and behaviour network to share
the state information for completing the task. The coordinated motions
can be seen in the bottom of Fig. 5.10 and the accompanying video.

Robustness and Versatility of MES

For validating how robust and versatile the MES approach is, we
deployed the multi-expert policies in test scenarios that have never been
seen during training (see Fig. 5.11, accompanying video). Specifically,
we tested the policy under environmental and hardware uncertainties.
The policies’ ability to robustly function in unseen environments and the
successful transfer from simulation to the real world demonstrate that
the learned MES policy is robust and can generalise across environments
and domains with varying physics and dynamics properties.

Environmental Uncertainty

The MES policies were tested under varying dynamics parameters
from 50% to 150% of the mass and inertia of the robot links. For
locomotion, the robot traversed test terrains consisting of a cluster of
planks, slippery objects (Fig. 5.11a), and withstood large pushes on
the real robot (see accompanying video).

For dual-arm manipulation, the environment was modified by using
different objects and support bases. In particular, we replaced the flat
wall with the grasper’s base as support (Fig. 5.11b right) and a round
wall (see video). We replaced the nominal box with a torus (see video)
as the object. Despite altering the environment in which the robot
interacts with different objects and support walls, the policy can still
adapt and complete the task. Furthermore, the successful dual-arm
cooperation was shown in real experiments (Fig. 5.11b left), and under
disturbances applied on the object (see accompanying video).
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(a) Locomotion policy on real and simulated quadruped. (b) Manipulation policy on real and simulated robot arms.

Figure 5.11: Robustness under uncertainties and generalisation. Left: Deployment of MES on real robots. Right: Simulated
validation in unseen test settings.

Hardware Discrepancies

The multi-expert policy can robustly complete the task under hardware
uncertainties from actuators, sensors, and varying dynamic parameters,
such as inertia and mass (see accompanying video). For both actuators
and sensors, we tested three settings in simulation: adding Gaussian
noise to the signal, setting the signal to zero, and randomizing the signal
uniformly. Such setting corresponds to the actuators being corrupted
by noise, jammed in a zero position, or receiving jerky commands. The
measurements become noisy, zero, and erroneous by using the three
settings for the sensors.

Despite the existence of hardware discrepancies, the multi-expert policy
was still able to achieve stable trotting and to complete lifting and
grasping of the object. This shows the robustness of MELA as a feedback
policy to realise different motor tasks, i.e., quadruped locomotion and
bimanual manipulation.

5.6 Comparison of MELA and MoE

MoE approaches have been reported to scale poorly for control of a high
degree-of-freedom systems [149, 2]. The limited expressiveness of the
low-dimensional latent space, i.e., the action space, causes an imbalance
in expert behaviour that favours some experts and downgrades others
[78, 149].

Task Performance
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Figure 5.12: Comparison of learning
curves of MoE and MELA. The learn-
ing curves are averaged over 5 separate
training runs and the robot can stand
with a reward higher than 100.

We compared MELA with MoE based on the task performance in
quadruped locomotion and dual-arm cooperation. The learning curves
can be seen in Fig. 5.12.
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Figure 5.13: Comparison of locomotion between control, MoE and MELA. Top: Joint position trajectories. Bottom: Contact gait
pattern of Front Left (FL), Front Right (FR), Hind Left (HL), and Hind Right (HR) feet.

To analyse the transferability and robustness of MELA and MoE across
domains, we validated the robust quadruped policy in a different physics
simulation, i.e., a simulation to simulation (sim2sim) transfer from
pybullet to Gazebo. Gazebo simulator was chosen because the same
software infrastructure was used for running the real robot Anymal. The
practical and common discrepancies in real world experiments that can
cause poor policy performance [66, 145, 172] were introduced in Gazebo,
including the mismatch in the physics model, signal noises, feedback
latency, friction and damping, and drift in sensory measurements. All
quantities used by the MES policies were directly measured and filtered
from the robot, or obtained through the state estimation algorithm
that runs on the real robot.

While both MoE and MELA can learn robust locomotion in the PyBul-
let simulation, only MELA was able to transfer the learned policy and
perform successful trotting in both a different simulator Gazebo and
the real robot. In contrast, MoE was not able to reproduce successful
trotting across a different physics simulation or real system and envi-
ronment, which was shown by a downgraded behavior of a dragging leg
that caused a complete fall (see Fig. 5.13 and accompanying video).

In addition to the literature [82, 78, 149], our comparison finds that the
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low-dimensional latent space of MoE lacks the complexity for encoding
sufficient features robust against physical variations, which is needed
for a domain transfer of tasks, such as gait recovery and trotting.

In Fig. 5.13, the qualitative differences and similarities among baseline
control, MoE and MELA are shown. The baseline control data was
used as imitation reference for both MELA and MoE. The average
difference of joint positions between baseline control and MELA was
5∘, while MoE deviated by 13∘ from the baseline control reference.
The periodicity and trotting pattern is noticeable in both MELA and
baseline control, while MoE was could not reproduce the periodic gait
pattern.

Diversity of Skills

We analysed the expert imbalance problem and diversity of skills of
MELA and MoE by a t-distributed Stochastic Neighbor Embedding
(t-SNE) analysis [180]. T-SNE projects the high-dimensional NN acti-
vation on a 2D plane by clustering similar NN activations together but
keeping dissimilar data points distant, which can be used to analyse
robotic behaviours [6].

The experts’ neuron activations (all N experts in Fig. 5.4) during
time-step 𝑘 were stacked as one high-dimensional data point ℎ𝑖

𝑘 ∈
ℝ(256+256+12) for all 𝑖 experts. During one rollout of 250 time steps, 250
data points ℎ𝑖

𝑘 were collected to produce the t-SNE analysis shown in
Fig. 5.14.

Fig. 5.14 shows a t-SNE analysis for comparing MELA and MoE with
and without the diversity term (5.19). From the distinct clusters and
the separation distances (Fig. 5.14c, 5.14d), it can be seen that our
proposed diversity technique enforces diversity among experts. MELA
shows clustering without the diversity term and has more distinct
expert clusters using the diversity term. For MoE, the experts collapse
to one indistinguishable cluster if no diversity term is used and form
four clusters when diversity is enforced.
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Figure 5.14: Comparison of the t-SNE
analysis between MELA and MOE with
and without the proposed diversity en-
forcement, using 4 experts for locomo-
tion (blue and purple) and gait recovery
(red and green).
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5.7 Conclusion and Future Work

In this work, we proposed: (1) a Multi-Expert Synthesis (MES) frame-
work that can generate motor skills by synthesising expert skills, which
is applicable for both robot locomotion and manipulation; (2) an auto-
matic algorithm of selecting relevant physical variables for the state
observations of reinforcement learning; and (3) techniques to augment
networks and enforce diversify of experts which address the expert
imbalance problem in multi-expert approaches.

Both simulation and experiments showed that MES can learn robust
quadrupedal locomotion by combining the skills of gait recovery and
trotting. Further, MES demonstrated dual-arm manipulation and grasp-
ing, where one robot arm pregrasped an object and changed it to a
feasible grasp pose, and the other robot arm grasped the object. The
robustness of the learned MES policies were rigorously tested by a
range of tests in both simulation and real world experiments, which
have not been seen during training.

We evaluated two different MES approaches for the locomotion scenario
and the results were analysed in terms of gait patterns and diversity
of experts using a t-SNE analysis. The analysis suggested that our
proposed algorithm for state selection was effective allowing locomotion
that exhibits the typical gait patterns of quadrupeds, and that our
proposed technique enforcing skill diversity between experts indeed
removes expert imbalance.

In future work, we plan to expand the MES structure to incorporate
visual perception information to allow robot motions that rely on
visual inputs. Furthermore, we intend to learn multi-expert policies
that combine experts of different morphologies, e.g., quadruped and
bipeds, to control various robots with a unified policy.
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Figure 5.15: Potential future application: Valkyrie performing carrying task in NASA’s Space Robotics Challenge (SRC) [181].





Conclusion and Outlook 6
6.1 Conclusion

This thesis aimed to enable fast deployment of control algorithms for
robotic applications that are both intelligent and versatile in their
behaviour as well safe to be deployed in the real world. In this thesis,
we proposed methods to combine control with Machine Learning for
versatile robotics applications. To this end, we presented (1) designing
multi-expert systems as discussed in Chapters 4, 5, and 3, (2) a robust
control formulation for Model-Predictive Control (Appendix A) com-
bined with (3) Whole-Body Quadratic Programming (Appendix B) for
legged robots. Furthermore, we introduced a (4) fast sample collection
procedure for Deep Reinforcement Learning (DRL, Appendix C) and
(5) reverse-engineering the learned policy into a controller (Appendix
D). Lastly, we developed (5) a method to automatically tune parameters
in high-dimensional parameter space (Appendix E).

All frameworks, algorithms, and control architectures were validated on
robots; both in simulation and reality. In particular, we showed that

▶ the hierarchical generative model (Chapter 3) can autonomously
learn complex task sequences by mimicking the deep temporal
aspects of human motor control. We demonstrate the capabilities
of the model on Valkyrie, where she successfully completes a box
pickup and delivery task that requires a particular sequence of
actions and reasoning of the environment.

▶ multiple experts can be synthesised into dynamic and fall-resilient
locomotion using the Multi-Expert Learning Architecture (MELA)
(Chapter 4). We demonstrated the capabilities of MELA on the
real robot Jueying, and more extreme, unseen scenarios in simu-
lation.

▶ Multi-Expert Synthesis (MES) as shown in Chapter 5 can auto-
matically select state space for multiple experts and yields diver-
sity among experts. The successful MES policy was demonstrated
on the real robot ANYmal in form of fall-resilient locomotion and
in form of dual arm cooperation for the real robot Franka Panda.

▶ the automatic parameter tuning algorithm proposed in Chapter E
can find high-performant parameters for the controller introduced
in Appendix A. As a result, the humanoid Valkyrie can robustly
locomote over unmodelled, uneven terrain of up to 10∘ roll and
5∘ pitch inclination in simulation.

▶ a DRL policy for trotting of a quadruped and balancing on a
humanoid can be trained within an hour and directly deployed
on the real robot using our massive parallelisation framework
presented in Appendix C. We demonstrate the successful DRL
policy on the real robots ANYmal and Valkyrie.
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6.2 Outlook

In this work, we showed how learning can yield intelligent, versatile,
and robust policies. Further work in the area of Robot Learning can
be conducted and are outlined in the following:

(1) Sample-efficiency
Sample efficiency remains a problem.

of the learning algorithms remain a problem.
Despite the existence of realistic simulators, such as PyBullet
[178] or Physx [182], that enable a sim2real transfer, more sample-
efficient algorithms would enable real world training and better
generalisation.
For

Meta Learning, Model-Based Reinforce-
ment Learning, and Offline Reinforce-
ment Learning could improve sample-
efficiency, but the validity is currently
mainly shown in simulation.

sample-efficient learning, the domains of Meta Learning [183],
Model-based Reinforcement Learning (MBRL) [184], and Offline
Reinforcement Learning (ORL) [185] are of interest for Robotics.
While the viability and effectiveness of most algorithms has cur-
rently mainly be shown on the standard MuJoCo benchmark[186],
the theoretical nature and results on real world robots [187, 188]
are certainly promising.
In Meta Learning, the few-shot learning has shown promising
results in Robotics, where robots adapt to similar tasks in simu-
lation [189, 83] and real robots [190]. The sample efficient nature
of MBRL compared to model-free RL has been shown in [191].
Furthermore, MBRL was combined with both ORL [192] and
Meta Learning [193] to adapt policies online with few samples
leading to more general, robust policies and models respectively.

(2) While exploration of actions using the current methods, such as
stochastic policies and Reference State Initialisation, is sufficient
to learn intelligent policies, they cannot be directly deployed in
real-world learning problems, because there is no guarantee of
safety and stability during exploration. Thus, for real-world learn-
ing

Safe exploration for robotics.
safe and stable exploration methods need to be investigated.

Possible techniques can be found in [194], [195].
(3)

Real-world training would enable poli-
cies interacting with liquids and objects
that are deformable, fragile, or soft.

Sample-efficient learning methods would allow training robots in
the real world. This in turn would allow developing algorithms for
tasks that are currently hard to simulate, such as liquid dynamics,
interaction with deformable, fragile, or soft objects. Furthermore,
better generalisation of the policy is achieved through, if the
policy can adapt to new situations with few gradient updates
using a little sample amount.

(4) While this thesis presented robust, general policies on real robots,
they were not field-tested in real world scenarios. Future work
would include applying the techniques developed in this thesis for
real world challenges, such as the Subterranean Challenge [196]
or DARPA Robotics Challenge [125].

(5) In this work, we presented a state space selection algorithm,
that chooses the best states from set of states provided by a
domain expert. This line of work can be extended by learning a
suitable multi-modal representation for the policy

Representation Learning of multi-modal
features for control policy.

similar to the
work in [197]. The aim of this research direction lies in learning
a latent representation of task-relevant features, which include
multiple modalities, such as visual, prioprioceptive, and tactile
information.

(6) Our work showed promising parallels between Robotics and Neu-
roscience, where we leveraged the core principles of human motor
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control from Neuroscience to develop an implicit hierarchical gen-
erative model. Further investigations

Active Inference for Robotics.
into deploying well-studied

principles from Neuroscience, such as Active Inference [114], would
certainly push the frontier of Robotic Intelligence.

(7) Drawing inspiration from Machine Learning
Lifelong Learning would allow the robot
to continuously improve the policy, even
after deployment.

, the field of Life-
long Learning is certainly of interest for Robotics as well. Using
concepts from Lifelong Learning, a policy could be continuously
trained during deployment on the real robot and improve its
policy or even learn to adapt to new scenarios, similarly as was
demonstrated in MELA (Chapter 4). This idea was developed
was presented in [198], and breakthroughs in Machine Learning
[199] could enable capabilities similarly to humans.
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Appendix Preface

The following Appendix chapters are further contributions of this chap-
ters. To clearly distinguish between multi-expert learning approaches
(main part of this thesis) and methods that enable these, the enabling
methods are in the Appendix.

In the Appendix A – E, our contributions in the domain of control theory
and learning for robotics, and methods enabling multi-expert learning
are presented. The content includes expert generation and include: MPC,
Joint Control, Deep Reinforcement Learning, Reverse Engineering of
AI policies, and automatic parameter tuning. The following Appendix
chapters constitute an edited version of the publications [4, 5, 6, 7].
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The following section introduces the concept of Model-Predictive Con-
trol (MPC) for mid-level stability control, and presents an improved
formulation for MPC of floating-based systems [4]. Please note, that
the proposed formulation for MPC is applicable to both bipeds and
quadrupeds as both dynamics can be simplified to a Linear Inverted
Pendulum formulation.

MPC achieves two goals: open-loop planning and closed-loop feedback
control. Planning involves finding an optimal trajectory (blue curve
in Fig. A.1) under constraints, e.g., physical, dynamics, and stability
constraints. The constraint optimisation nature of MPC allows tracking
a given reference trajectory (green curve in Fig. A.1) through physi-
cally feasible motions while guaranteeing stability. Feedback control is
achieved by continuously solving the constrained optimisation problem
over a given prediction horizon in a closed loop fashion using the newest
state information.

It can be shown that in an MPC scheme the closed loop is stable
even under uncertainties such as model error and external disturbances
[200]. The target reference can originate from various sources such as
Trajectory Optimisation (TO) [201], foot step planning [202], or in
form of actions from Neural Networks. The media to this chapter can
be found on https://www.youtube.com/watch?v=7uwtorW_kzE.

1

2

3

4

5

6

6

𝑥

𝑦

Figure A.1: Enumerated sequence of
support foot placement. The blue curve
represents the COM trajectory. The
green curve is the reference trajectory.

https://www.youtube.com/watch?v=7uwtorW_kzE
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A.1 Model-Predictive Control

The performances achieved by legged robots during the DARPA Robotics
Challenge (DRC) suggest that more improvements in control shall still
be made [126]. The common approach for locomotion among all high
ranked DRC humanoids is to split motion planning and stabilizing
control into two separate parts [11, 35]. First, an optimal walking pat-
tern under the given environmental constraint is found and used as
reference in a feed-forward manner. Then a closed-loop control tracks
this reference for the execution, i.e. stabilization of the planned motion
pattern under disturbances and uncertainties. This decoupled use of
feed-forward and feedback control leads to suboptimal performances,
especially in the presence of disturbances.

This motivates the use of Model Predictive Control (MPC) to remedy
this problem [200]. MPC achieves closed-loop control by continuously
solving the feed-forward optimization using the feedback of current
states and constraints. In MPC, high-level tasks can be embedded in the
cost function of the optimization problem, and stability of the motion is
ensured by designing suitable constraints. This study aims to formulate
a coherent model for MPC suitable for both online/offline planning as
well as real-time feedback control against external perturbations.

Zero-Moment Point (ZMP) based approaches generate stable gaits by
keeping the ZMP within the Support Polygon (SP) [203]. This is usually
enforced by either closely tracking the ZMP, or by constraining the
ZMP in an optimization problem. When the solver time is secondary
for planning, more complete and complex whole-body models could be
used to plan for a long horizon resulting in a small deviation from the
optimal trajectory. In contrast, MPC solves the optimization problem
using simple models, and stability around the planned trajectory is
guaranteed by optimizing at a high frequency. The most common
simple model is the Linear Inverted Pendulum Model (LIPM) [23].
Despite its limitations on the Centre of Mass (COM) height and the
necessity of coplanar contacts between feet and ground, it is extensively
used in optimization for dynamic locomotion: a Differential Dynamic
Programming (DDP) approach was proposed in [204], and the work in
[205] used the LIPM to calculate the closed-form solution of an LQR
problem. Lastly, the LIPM dynamics can also be used to represent the
ZMP constraint [206] and to design feedback controllers [35, 207].

In the past decades, the importance of MPC for dynamic locomotion
has increased. First an unconstrained MPC scheme was proposed in
[31] for walking pattern generation of bipedal humanoids. Improved
disturbance rejection was then achieved by constraining the ZMP [26].
Furthermore MPC was used for automatic foot placement [27], Push
Recovery [28], and Capture Point (CP) tracking [29, 30].

We propose an MPC framework that particularly distinguishes the
external perturbation in our formulation making it real-world applicable,
and also has dual-uses for Motion Planning and Feedback Control. Our
formulation is able to generate a stable COM motion given Centre of
Pressure (COP) or CP references while satisfying the ZMP constraints.
Our contributions are summarized as follows:
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Figure A.2: Physics simulation in
Gazebo of NASA’s Valkyrie walking
over uneven terrain using the proposed
MPC framework.

▶ Analysis of numerical and physical issues in existing MPC frame-
works;

▶ A proposed formulation that solves the numerical and physical
problems analyzed above;

▶ Integration of the proposed MPC with whole-body control for
real-world application (Fig. A.2);

▶ Benchmarking of the proposed MPC framework against existing
ones.

In Section A.2, the different use of dynamics models for optimization
are revisited and compared, and a better formulation is proposed
to explicitly differentiate the COM acceleration caused by external
pushes. An MPC framework for Walking Pattern Generation and
Feedback Control is proposed in Section A.3. Then the numerical
stability of different optimization formulations are analysed, evaluated,
and discussed in Section A.4. A comparison of these controllers in
the presence of disturbances is then studied in Section A.5. Lastly we
conclude our study in Section A.6.

A.2 Dynamic Models

The ability to model the robot’s dynamics allows control design to
provide stability and robustness to uncertainties. The idea of the LIPM
is based on the assumption that the dominant dynamics of a biped
robot can be described by a single inverted pendulum [23] (Fig. A.3),
which is fast-solvable for optimization problems.

Linear Inverted Pendulum Model: COP as Control
Input

For a constant COM height 𝑧𝑐, the dynamics of the Inverted Pendulum
become linear and the states of the COM are determined by a second
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Figure A.3: Representation of NASA’s
Valkyrie’s dynamics as an LIPM. The
real COP 𝑝∗ is controlled by COP ve-
locity 𝑝̇ through a torque-control based
tracking controller. The resultant COM
acceleration 𝑥̈𝑐𝑜𝑚 is composed by the
acceleration generated by the real COP
and the external disturbance 𝑥̈𝑒𝑥𝑡 (left:
no disturbance, right: with disturbance).
The fictitious ZMP 𝑝′ is represented by
the CTM.

order differential equation [31]:

̈𝑥 = 𝑔
𝑧𝑐
(𝑥 − 𝑝𝑥), (A.1)

with COM position 𝑥, velocity ̇𝑥, acceleration ̈𝑥, height 𝑧𝑐, gravity
constant 𝑔, and ZMP 𝑝𝑥. The LIPM describes the motion of the COM
propelled by the Centre of Pressure (COP). Due to symmetry of the
LIPM motion, only the 𝑥 component is analysed; the 𝑦 component
behaves analogously.

In the literature the LIP based model (A.1) was represented with
both a two-dimensional 𝑥 = [𝑥, ̇𝑥]𝑇 [29, 208], and a three-dimensional
state space vector 𝑥 = [𝑥, ̇𝑥, 𝑝]𝑇 [209, 28]. The two-dimensional state
space version is used for Capture Point (CP) tracking with the output
𝑦 = [1,√𝑧𝑐/𝑔]𝑥. The three-dimensional version was used both for
control design [209, 28] and state estimation [210]. The ZMP’s dynamics
exhibit an integrator behaviour using the rate change ̇𝑝 directly as
input into the system.

Cart-Table Model: Jerk as Control Input

A common way to plan a stable gait is to predefine a ZMP trajectory
within the Support Polygon that will be then tracked closely, where
the Cart-Table Model (CTM) [31] serves as an inverse dynamics model
of the LIPM (A.1) that enables accurate ZMP tracking by the output
feedback of the simulated ZMP 𝑝 given COM position 𝑥 and acceleration
̈𝑥:

𝑝 = 𝑥 − 𝑧𝑐
𝑔

̈𝑥. (A.2)
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Although the CTM is suitable for gait planning, it has two limitations:
1.) its input-output causality does not reflect the causality of the
actual robot: the real system does not have a real control input that
can be arbitrarily manipulated at the COM. In fact, the real system
behaves like an Inverted Pendulum, where the COM is driven by the
COP. 2.) Due to the reversed causality the COP (ZMP) position is
calculated wrongly in the case of disturbance. The real COP 𝑝∗, which
can be measured and directly controlled, generates the nominal COM
state 𝑥𝑛𝑜𝑚 = [𝑥𝑛𝑜𝑚, ̇𝑥𝑛𝑜𝑚, ̈𝑥𝑛𝑜𝑚] (Fig. A.3 left). For the undisturbed
system, COM state 𝑥𝑐𝑜𝑚 and the COM motion generated by COP
𝑥𝑛𝑜𝑚 are identical, i.e. 𝑥𝑐𝑜𝑚 = 𝑥𝑛𝑜𝑚. However, in case of an external
disturbance (Fig. A.3 right) that causes acceleration ̈𝑥𝑒𝑥𝑡, the COM
state evolves according to the dynamics generated by the resulted
acceleration ̈𝑥𝑐𝑜𝑚 = 𝑔(𝑥𝑐𝑜𝑚 − 𝑝∗)/𝑧𝑐 + ̈𝑥𝑒𝑥𝑡, while the COP 𝑝∗ is
controlled by a COP tracking controller and independent from the
external push. The CTM uses the resultant COM state to rule back the
cause of this acceleration, i.e. where the COP/ZMP is. However, once
the external acceleration is injected, the CTM no longer accurately
captures this behaviour and thus yields a wrong COP calculation as
𝑝′ = 𝑥𝑐𝑜𝑚 − 𝑧𝑐( ̈𝑥

𝐺𝑅𝐹
+ ̈𝑥𝑒𝑥𝑡)/𝑔 = 𝑝∗ − 𝑧𝑐 ̈𝑥𝑒𝑥𝑡/𝑔.

Proposed formulation

The fact that the COM state does not generally reflect the COP of a
real system due to disturbance motivates the incorporation of the COP
as an additional state in order to correctly model the real physical
process. By differentiating (A.1), we can see that the jerk is determined
by COM velocity and rate change of COP ̇𝑝:

⃛𝑥 = 𝑔
𝑧𝑐
( ̇𝑥 − ̇𝑝). (A.3)

Also, by rearranging (A.3), the rate change of COP ̇𝑝 can be represented
by the COM state ̇𝑥 and the COM jerk ⃛𝑥 resulted by the influence of
the COP position:

̇𝑝 = ̇𝑥 − 𝑧𝑐
𝑔

⃛𝑥. (A.4)

In theory, both ̇𝑝 and ⃛𝑥 are mutually exchangeable control inputs to
represent the newly introduced dynamics (A.4) of 𝑝:

𝑑
𝑑𝑡

⎡
⎢
⎢
⎣

𝑥
̇𝑥
̈𝑥

𝑝

⎤
⎥
⎥
⎦

=
⎡
⎢
⎢
⎣

0 1 0 0
0 0 1 0
0 𝑔

𝑧𝑐
0 0

0 0 0 0

⎤
⎥
⎥
⎦

⎡
⎢
⎢
⎣

𝑥
̇𝑥
̈𝑥

𝑝

⎤
⎥
⎥
⎦

+
⎡
⎢
⎢
⎣

0
0

− 𝑔
𝑧𝑐
1

⎤
⎥
⎥
⎦

̇𝑝 (A.5)

𝑦𝐶𝑂𝑃 = [0 0 0 1] 𝑥 (A.6)

𝑦𝐶𝑃 = [1 √ 𝑧𝑐
𝑔 0 0] 𝑥. (A.7)
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Our proposed equivalent formulation is:

𝑑
𝑑𝑡

⎡
⎢
⎢
⎣

𝑥
̇𝑥
̈𝑥

𝑝

⎤
⎥
⎥
⎦

=
⎡
⎢
⎢
⎣

0 1 0 0
0 0 1 0
0 0 0 0
0 1 0 0

⎤
⎥
⎥
⎦

⎡
⎢
⎢
⎣

𝑥
̇𝑥
̈𝑥

𝑝

⎤
⎥
⎥
⎦

+
⎡
⎢
⎢
⎣

0
0
1

− 𝑧𝑐
𝑔

⎤
⎥
⎥
⎦

⃛𝑥 (A.8)

𝑦𝐶𝑂𝑃 = [0 0 0 1] 𝑥 (A.9)

𝑦𝐶𝑃 = [1 √ 𝑧𝑐
𝑔 0 0] 𝑥. (A.10)

To sum up, the COM dynamics can be controlled by two different
control efforts: controlling the COP 𝑝 (A.1) or its derivative ̇𝑝, or
controlling the jerk ⃛𝑥 (A.2). Both models require a COP controller that
is able to track the desired COP, which is compatible with modern
torque controlled hardware. The different formulations that were used
in this study are summarised in Table A.1.

Table A.1: Definition of formulation
A, B, C, D’, D as LIPM and E as CTM
with their control inputs and origins.

# Model Control Input Origin
A LIPM: 𝑥 = [𝑥, ̇𝑥]𝑇 𝑝 [208]
B LIPM: 𝑥 = [𝑥, ̇𝑥]𝑇 𝑝 [29]
C LIPM: 𝑥 = [𝑥, ̇𝑥, 𝑝]𝑇 ̇𝑝 [28], [209]
D’ LIPM: 𝑥 = [𝑥, ̇𝑥, ̈𝑥, 𝑝]𝑇 ̇𝑝 Proposed (A.5)
D LIPM: 𝑥 = [𝑥, ̇𝑥, ̈𝑥, 𝑝]𝑇 ⃛𝑥 (representing ̇𝑝) Proposed (A.8)
E CTM: 𝑥 = [𝑥, ̇𝑥, ̈𝑥]𝑇 ⃛𝑥 [31], [26]

We opt for formulation D and will show that the proposed state space
formulation (A.8) has two main advantages compared with existing
ones: 1. analysis in Section A.4 will show that the proposed formulation
is numerically more stable than the LIPM dynamics based state space
formulations A, B, C, D’, and thus the proposed formulation D can be
used for both short and long prediction horizons; 2. the disturbance
rejection is greatly improved by introducing the new state 𝑝 which will
be shown in Section A.5.

A.3 Model-Predictive Control Framework

MPC enables loop closure by optimizing over a predefined prediction
horizon 𝑁 at a given frequency 1/𝑇 considering constraints. This section
formulates a constrained optimization problem which is then incor-
porated into an MPC framework consisting of an Model-Predictive
Controller, Whole-Body Controller, and a State Estimator.

Optimization Problem Formulation

The optimization problem, which the MPC is continuously optimizing
over, is formulated as a Quadratic Programming (QP) problem due to
its convex property and the existence of fast QP solvers. For this, the
previously introduced continuous state space systems is discretised at a
sampling time 𝑇. For any discrete Linear Time-Invariant (LTI) system

𝑥𝑘+1 = 𝐴𝑑𝑥𝑘 +𝐵𝑑𝑢𝑘, 𝑧𝑘 = 𝐶𝑑𝑥𝑘 (A.11)
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the outputs 𝑍𝑘+1 = [𝑧𝑘+1, ..., 𝑧𝑘+𝑁]𝑇 at each time step can be recursively
stacked up to the prediction horizon 𝑁:

𝑍𝑘+1 = ⎡
⎢
⎣

𝐶𝑑𝐴1
𝑑

⋮
𝐶𝑑𝐴𝑁

𝑑

⎤
⎥
⎦
𝑥𝑘 +

⎡
⎢
⎣

𝐶𝑑𝐴0
𝑑𝐵𝑑 0 0

𝐶𝑑𝐴1
𝑑𝐵𝑑 ⋱ 0

𝐶𝑑𝐴𝑁−1
𝑑 𝐵𝑑 ⋯ 𝐶𝑑𝐴0

𝑑𝐵𝑑

⎤
⎥
⎦
𝑈𝑘

𝑍𝑘+1 = 𝐴𝑡𝑥𝑘 +𝐵𝑡𝑈𝑘.

(A.12)

The original cost function minimizing tracking error 𝑒𝑧(𝑈) = 𝑍(𝑈) −
𝑍𝑅𝑒𝑓 and control input 𝑈:

𝐽 = (𝑍 − 𝑍𝑟𝑒𝑓)𝑇𝑄(𝑍 − 𝑍𝑟𝑒𝑓) + 𝑈𝑇𝑅𝑈, (A.13)

can be rewritten into a quadratic optimization formulation:

min
𝑈

1
2
𝑈𝑇𝐻𝑈+ 𝑓𝑇𝑈 (A.14)

𝑠.𝑡. 𝐴𝑈 ≤ 𝐵. (A.15)

The column matrix 𝑈 ∈ ℝ𝑁×1 contains all control actions over the
prediction horizon 𝑁. The matrix 𝐻 ∈ ℝ𝑁×𝑁 and 𝑓 ∈ ℝ𝑁×1 are
obtained by rewriting the cost function (A.13):

𝐻 = 𝐵𝑇
𝑡 𝐵𝑡 +

𝑅
𝑄
1𝑁, 𝑓 = 𝐵𝑇

𝑡 (𝐴𝑡𝑥𝑘 − 𝑍𝑟𝑒𝑓), (A.16)

with identity matrix 1𝑁 of prediction horizon size 𝑁.

The ZMP constraints for (A.15) is obtained from (A.12):

𝑍𝑚𝑖𝑛 ≤ 𝑍𝑘+1(𝑈𝑘) ≤ 𝑍𝑚𝑎𝑥 (A.17)

[−𝐵𝑡
𝐵𝑡

]𝑈 ≤ [ 𝐴𝑡𝑥𝑘 − 𝑍𝑚𝑖𝑛
−(𝐴𝑡𝑥𝑘 − 𝑍𝑚𝑎𝑥)

] . (A.18)

Furthermore, for real world applications, the rate of change for the
COP ̇𝑝𝑘 = ̇𝑥𝑘 − 𝑧𝑐 ⃛𝑥𝑘/𝑔 plays a crucial role. If the optimal controller
produces an unrealizable COP trajectory, the system will not be able
to track it. Hence, a constraint of the rate change of the COP according
to the physical system is necessary as:

Δ𝑝𝑚𝑖𝑛 ≤ ̇𝑥𝑘 −
𝑧𝑐
𝑔
𝑢𝑘 ≤ Δ𝑝𝑚𝑎𝑥 (A.19)

[
− 𝑧𝑐

𝑔 +𝐵𝑡
𝑧𝑐
𝑔 −𝐵𝑡

]𝑈 ≤ [ Δ𝑝𝑚𝑎𝑥 −𝐴𝑡𝑥𝑘
−(Δ𝑝𝑚𝑖𝑛 −𝐴𝑡𝑥𝑘)

] , (A.20)

where the output 𝑧𝑘 = ̇𝑥𝑘 is the velocity of the COM. The maximal ad-
missible values of the COP rate change are determined by the individual
robot. For Valkyrie the maximal rate change is approximately ±2𝑚/𝑠.
Constraint (A.20) will be used for all CTM based QP formulations
with input 𝑢𝑘 = ⃛𝑥𝑘. For LIPM based formulations, the rate change is
the input 𝑢𝑘 = ̇𝑝𝑘 that can be directly constrained:

Δ𝑝𝑚𝑖𝑛 ≤ 𝑢𝑘 ≤ Δ𝑝𝑚𝑎𝑥. (A.21)



124 A Stability Control

Figure A.4: Overview of the MPC
framework.
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The MPC framework (Fig. A.4) consists of three parts: MPC, Inverse
Dynamics, and State Estimator. First, the sensor information 𝜉𝑠𝑒𝑛𝑠𝑜𝑟
from the sensors is passed into a state estimator [210] outputting state
𝑥. Next, the Model-Predictive Controller solves the QP problem (A.12)
for the optimal control input 𝑈 using the state 𝑥 obtained from the state
estimator. The first element of the optimal control input 𝑈(1) = 𝑢𝑘
is used to forward simulate the dynamics (A.11) for the reference
trajectory 𝜉𝑟𝑒𝑓. Lastly, an Inverse Dynamics low-level controller maps
the reference COM and COP trajectories from the MPC to joint torques
𝜏 which are then tracked on the actuators.

The torque commands 𝜏, along with joint accelerations ̈𝑞 and ground
reaction forces 𝜆, are calculated as the solution 𝑋 = [ ̈𝑞, 𝜏, 𝜆]𝑇 from a
whole-body QP optimization problem (further details are described in
the next Chapter, Section B.1):

min
𝑋

𝑋𝑇𝐻𝑋 + 𝑓𝑇 (A.22)

𝑠.𝑡. 𝐴𝑒𝑞𝑋 +𝐵𝑒𝑞 = 0 (A.23)
𝐴𝑖𝑛𝑒𝑞𝑋 +𝐵𝑖𝑛𝑒𝑞 ≥ 0. (A.24)

The cost function (A.22) is calculated as a weighted sum over Cartesian
space acceleration tracking of COM and body links, such as swing
foot and hands, COP tracking, and regularization of 𝑋. The equality
constraints (A.23) are determined by the equations of motion:

[𝑀(𝑞) −𝑆 −𝐽𝑇(𝑞)] ⎡⎢
⎣

̈𝑞
𝜏
𝜆

⎤
⎥
⎦
+ ℎ(𝑞, ̇𝑞) = 0, (A.25)

with inertia matrix 𝑀(𝑞), selection matrix 𝑆, stacked Jacobian ma-
trices 𝐽𝑇(𝑞) of the contact links, and nonlinear effects ℎ(𝑞, ̇𝑞). Torque
limits, friction constraints, and COP constraints are considered in the
inequality constraints (A.24).

A.4 Analysis of Numerical Stability
Related with Prediction Horizon

Guaranteeing numerical stability is an important aspect for digital
control, as numerical brittleness can induce oscillations and instabilities
into systems, where no noise or uncertainties exist. In optimization, if
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the matrices are ill-defined, nominal systems can diverge and unbounded
responses can be evoked by small changes [211, 212]. Specifically, well
defined matrices 𝐴𝑡, 𝐵𝑡 (A.12) are important for the prediction matrix
𝐻 in the cost function (A.14). Numerical issues caused by the long
prediction horizon were avoided by a Singular Values Decomposition
(SVD) of the optimization matrix in [211, 212]. Consequently, the
constraints become softened and thus do not guarantee stability. In the
following, the influence of the Prediction Horizon 𝑁 on the numerical
stability of different state space formulations will be analyzed, and
the study will show that the numerical issues can be prevented by an
appropriate choice of the dynamic model.

Numerical Stability

For determining the numerical stability and sensitivity the condition
number 𝜅(𝐴) = ‖𝐴‖‖𝐴−1‖ of a matrix 𝐴 will be used as an indicator.
Using the Euclidean norm the calculation of the condition number be-
comes 𝜅(𝐴) = 𝜎𝑚𝑎𝑥(𝐴)/𝜎𝑚𝑖𝑛(𝐴), where 𝜎𝑚𝑎𝑥, 𝜎𝑚𝑖𝑛 are the maximal
and minimal Singular Values (SV) respectively. As a general rule, condi-
tion numbers 𝜅(𝐴) exceeding 1/𝜖, where 𝜖 is the number precision, can
be considered to be an indicator for ill-defined matrices and therefore
numerical brittle systems. The larger the condition number becomes,
the more digit precision is lost during numerical operations, such as
inverting, multiplying, etc. [213]. The condition number is exponentially
influenced by the prediction horizon 𝑁. The larger 𝑁 becomes, the
more elements of 𝐴𝑁

𝑑 get exponentiated as in (A.12), resulting in large
SV and therefore larger condition numbers. Due to this reason, it is
desirable that the inter-multiplication of rows and columns in 𝐴𝑑 are
smaller than 1 to prevent the condition number to grow exponentially
large. In the CTM formulation, values in the system matrix 𝐴 and
control matrix 𝐵 are either 0 or 1. However, this is not the case for the
LIPM formulation.

Fig. A.5 shows the influence of the prediction horizon𝑁 on the condition
number of different optimization formulations. For the matrices 𝐴𝑑, 𝐵𝑑
in equation (A.12) the 5 formulations in Table A.1 are considered. The
matrix 𝐶𝑑 is determined by whether COP or CP is tracked. Apart
from formulation A, B, which due to its two-dimensional state space is
only able to track CP alone, all other formulations are able to track
both CP and COP. It can be seen that the Condition Numbers (CN)
are identical for formulation A and B until the prediction horizon
𝑁 exceeds 5s,where the CN exceeds 1/𝜖 and thus fluctuates due to
numerical inaccuracies.

This phenomenon can be observed in all LIPM based state space
representations: the function of CN over prediction horizon follows an
exponential curve, but after the CN exceeds 1/𝜖, the CN fluctuates,
while still increasing exponentially. An exception is the COP tracking
formulation C: the matrices are well-conditioned for output matrix
𝐶𝑑 = [0, 0, 1] and state vector 𝑥 = [𝑥, ̇𝑥, 𝑝]𝑇. The CTM formulation E,
and the proposed formulation have well-defined matrices, and the CN
only exceeds 1/𝜖 after more than a 100s.
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Figure A.5: Logarithmic representa-
tion of the condition number (CN) over
different prediction horizons. Squared
points are CN for CP tracking, circled
points are CN for COP tracking. The
CN for formulation E and proposed D
overlap in both CP and COP.
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Open Loop Stability for Planning

To further evaluate whether the state space formulations are suitable
for planning, i.e. optimization over a long prediction horizon, the
Eigenvalues (EV) were analysed. As in Table A.2, the prediction horizon
does not influence the EV of the CTM based representations. For LIPM
based representations however, the prediction horizon influences the
EV after 𝑁𝑇 = 5.5s making these models unsuitable for long term
planning as the open-loop case is highly unstable.

In Fig. A.6, the effect of a prediction horizon 𝑇𝑝𝑟𝑒𝑣 = 5.5𝑠 for solution
𝑈 of the planning problem (A.14) is shown exemplary (all LIPM formu-
lations exhibit this behaviour) for CP tracking using formulation C and
our proposed formulation D. The yellow line is the COP rate change
trajectory that achieves perfect tracking given the CP reference.

It can be seen that the optimal solution using the LIPM (blue line)
performs poorly, due to oscillation and deviations from the reference.
This is caused by large prediction horizons, which can be observed
by analysing the last row of the prediction matrix 𝐵𝑡 in (A.12). It
describes the contribution of each input 𝑢𝑘, 𝑘 = [1, ..., 𝑁] to the final
output 𝑧𝑁. As shown in Fig. A.6, the control inputs of LIPM based
formulation have almost no effect on the final state after 2𝑠. In contrast,
our proposed formulation and formulation A (red line) are unaffected
by the prediction horizon. All inputs 𝑢𝑘 influence the final state with
decreasing importance as 𝑘 increases.

The comparative analysis shows that LIPM based models are not
suitable for long term planning. If the loop is closed by the optimal
solution of such models with large prediction horizons (empirically
maximum tested: 4𝑠), the computed control input (COP) oscillates and
ultimately diverges the system. This is caused, beside oscillations, by
the ill-defined prediction matrices 𝐵𝑡 result in inaccurately calculated
feedback gains 𝐾, and therefore destabilize the system.

Summarized, all CTM based optimizations are suitable for long predic-
tion horizons and therefore gait planning. The gait planner generates
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Prediction Horizon 𝑁𝑇
Formulation 1.5s 2.5s 3.5s 4.5s 5.5s
A: CP CN 1e07 7e09 3e12 2e15 2e19

EV 0.97 0.97 0.97 0.97 68.74
B: CP CN 1e07 7e09 3e12 2e15 2e19

EV 1.03 1.03 1.03 1.03 8.81
C: CP CN 3e08 2e11 9e13 1e19 1e21

EV 0.97 0.97 0.97 1873.3 216.3
C: COP CN 4e04 1e05 2e05 3e05 5e05

EV 1.03 1.03 1.03 1.03 1.03
D: CP CN 3e05 4e06 2e07 1e08 3e08

EV 1.00 1.00 1.00 1.00 1.00
D: COP CN 5e04 2e06 1e07 7e07 2e08

EV 1.00 1.00 1.00 1.00 1.00
E: CP CN 3e05 4e06 2e07 1e08 3e08

EV 0.97 0.97 0.97 0.97 0.97
E: COP CN 5e04 2e06 1e07 7e07 2e08

EV 0.97 0.97 0.97 0.97 0.97

Table A.2: Condition Number (CN)
and Eigenvalue (EV) over different pre-
diction horizons 𝑁𝑇 for the formula-
tions presented in Section A.2, and COP
or CP tracking.

a COM trajectory that follows the ZMP or the CP reference. Due to
the well-defined prediction matrices 𝐴𝑡, 𝐵𝑡, the proposed formulation
D and E can generate walking patterns to up to 100s. Given a ZMP
or CP reference, an one-shot solution of the optimization can then be
used as a nominal gait planning. The limitation of existing CTM based
MPC schemes will be studied in the next section.
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Figure A.6: COP rate change trajec-
tories (left 𝑦-axis) for LIPM and CTM.
The relative contribution (right 𝑦-axis)
of input 𝑢𝑘 to the final output 𝑧𝑁 is in
dashed lines for LIPM (blue) and CTM
(red).

A.5 Simulation Benchmarks

This section presents the comparison study of closed loop behaviour for
different formulations C, E, and our proposed formulation D in COP
and CP tracking tasks while applying a variety of impulse and constant
disturbances.

Simulation setup

Figure A.7: Overview of the simula-
tion setup in MATLAB.
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For simulating the physics, two different platforms are chosen: Gazebo
and MATLAB. The validity of the proposed MPC framework (Section
A.3) for gait planning and feedback control is shown in the real world
simulator Gazebo (Fig. A.2). The framework is able to handle unmod-
elled inclined terrain of up to 5∘ pitch and 10∘ roll inclination. The
results can be seen on https://youtu.be/7uwtorW_kzE.

For benchmarking the disturbance rejection abilities a numerical sim-
ulation is conducted in MATLAB. The robot’s dynamics (Fig. A.7)
are numerically integrated at 𝑇𝑠𝑖𝑚 = 1ms, and the closed-loop MPC is
running at a frequency of 𝑓𝑚𝑝𝑐 = 100𝐻𝑧. The COM dynamics follow
the “COP→ acceleration” (A.1) causality determined by the LIPM
(Fig. A.3):

̈𝑥𝑐𝑜𝑚 = 𝑔
𝑧𝑐
(𝑥𝑐𝑜𝑚 − 𝑝∗) + ̈𝑥𝑒𝑥𝑡. (A.26)

Formulation C expresses identical dynamics as formulation A and B,
and can therefore be seen as a representative extension of the latter. The
objective (A.13) of the optimization is tracking a predetermined ZMP
or CP trajectory under constraints. For numerically sensitive systems,

https://youtu.be/7uwtorW_kzE
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correct selection of parameters is crucial: short prediction horizons or
over-constrained inputs (𝑅 < 10𝑒−6) may result in instability. The
prediction horizon was chosen as 𝑁 = 2.5𝑠, the weights as 𝑄 = 1,𝑅 =
10𝑒−6. The system is considered to be unstable, if the states diverge, the
ZMP exceeds the SP (e.g. Fig. F.1a), or no solution of the optimization
problem is found, i.e. the COP rate change constraint is significantly
violated.

Disturbance Rejection

To determine the capability of disturbance rejection for the different
formulations with different tracking objectives, four types of distur-
bances are studied: three impulses at different impact times, and one
constant disturbance. All types of disturbances have relevance in the
real application: impulse disturbances can be considered as pushes, or
sudden impacts caused by collision, e.g. improper swing foot landing.
Constant acceleration disturbances can be caused by an external load,
biased COM position from the state estimation errors [210], or model
uncertainties. The maximal rejectable disturbance of the individual
models is detailed in Table A.3.

Alternatively for formulation E, instead of applying the erroneously
calculated ZMP, it is possible to simply apply clipping of the output
ZMP/COP when it exceeds the SP as the work in [214]. Even though
clipping can prevent the system from getting unstable due to the ZMP
exceeding the SP, the system can still become unstable due to divergent
motion, or insufficient COP rate change. This approach is still inferior
to our proposed formulation in theory, because the constraints are
not correctly represented in the formulation and hence the clipped
control effort is inevitably suboptimal, which leads to roughly 50%
less disturbance rejection ability compared to that of our proposed
formulation.

Table A.3: Maximal rejectable disturbance for CP or COP tracking. The ratio in the brackets is normalized by the maximal
disturbance (bold) for the specific disturbance type and formulation.

Disturbance duration in seconds
Formulation 0–10 2.4–2.45 2.6–2.65 2.8–2.85
C (CP) 0.36 (0.31) 2.04 (0.91) 2.57 (0.92) 2.02 (0.80)
C (COP) 0.18 (0.15) 2.23 (1.00) 2.78 (1.00) 2.23 (0.89)
D (CP) 0.50 (0.43) 2.04 (0.91) 2.57 (0.92) 2.29 (0.91)
D (COP) 1.17 (1.00) 2.16 (0.97) 2.76 (0.99) 2.51 (1.00)
E (CP) 0.42 (0.36) 0.30 (0.13) 0.37 (0.13) 0.34 (0.14)
E (COP) 0.56 (0.48) 0.35 (0.16) 0.42 (0.15) 0.44 (0.18)
E clip. (CP) 0.35 (0.30) 1.42 (0.64) 1.40 (0.50) 1.40 (0.56)
E clip. (COP) 0.56 (0.48) 1.39 (0.62) 1.39 (0.50) 1.37 (0.55)
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Performance Analysis

Comparison of Models

Under constant disturbance our proposed formulation performs twice
as good as the others (Table A.3). Our proposed MPC withstands
more than double the amount of disturbance compared to the other
formulations in COP tracking tasks, and withstand averagely 34% more
perturbation in CP tracking tasks. Compared to other formulations,
the disturbance is handled better, and therefore the COP rate change
only hits the constraints at much larger perturbations. Formulation C
fails due to the violation of the COP rate change constraints, and the
ZMP in formulation E violates the SP constraints earlier (Fig.F.3).

For constant disturbances, the proposed formulation D is able to distin-
guish between disturbance-generated and self-generated accelerations
and therefore correctly calculating the COP that respects the physical
constraints. By doing so, it is able to counterbalance the constant
disturbance, track the COP reference with zero steady state error after
1 second by offsetting the COM away from the nominal trajectory and
leaning against the constant push (cf. behaviour after 7s). In contrast,
formulation E generates the COP away from the desired reference with
steady state error while keeping the COM at the nominal trajectory
yielding.

Formulation C shifts both COP and COM away from the nominal
trajectory, because only the input ̇𝑝 is used to track the COP ref-
erence without considering the COM state. However, convergence is
only guaranteed by including the COM states in the cost function or
constraints. For short disturbances, e.g. impulses, deviations between
predicted COM state and real disturbed COM state do not influence
the performance of the controller. But for long, constant deviations,
ignoring the COM state leads to decreased performance. This can be
seen in Fig. F.3(b). It can be further elaborated by turning the constant
disturbance off, and observing how the steady state error vanishes, as
predicted COM state and real COM state coincide again (cf. attached
video).

For impulse disturbances (Fig. F.1), the time of impact is almost irrele-
vant with respect to the ratio (see Table A.3). Although satisfying the
internal model of the ZMP constraint, formulation E becomes unstable
because of the violation of the SP constraint due to an erroneously
calculated ZMP (cf. Section A.2). Both the proposed formulation D
and C can handle the ZMP dynamics correctly with almost the same
performances that are better than formulation E.

In summary, the disturbance rejection capability is not fully maximized
in the CTM based MPC formulation E. LIPM based MPC formulations
perform similar to the proposed formulation for impulse disturbances,
but reject less performance during constant disturbances.

Comparison of Control Objectives

Although our former study shows that the COP tracking has good
performance against disturbances, decomposing the COM’s motion into
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a stable and unstable parts and controlling the unstable part of divergent
component or capture point is known for additional advantages [215].

Setting the control objective of minimizing CP, i.e. CP tracking, makes
the system fully utilizing the stability margin while being disturbed
by quickly moving the COP to the boundaries as possible. In contrast,
an objective of minimizing COP error, i.e., COP tracking, limits the
deviation of COP away from the reference, thus a slower COP response
in the presence of disturbance, so a problem may arise if a second
disturbance occurs.

The CP tracking recovers faster and can therefore possibly handle a new
impulse, whereas the COP tracking recovers slower being vulnerable
to a new push. The response of an impulsive push using the proposed
formulation can be seen Fig. F.2. After getting disturbed for 50ms at
𝑡 = 2.20s, the CP tracking has COP settles back at 𝑡 = 2.5s, while
for the COP tracking the COP is still at 30% of its stability margin.
Besides, the COP tracking scheme reinforces smaller COP errors due
to its objective and thus demands larger COP rate change; while the
CP scheme allows small harmless variations of COP as long as CP is
tracked and COP is feasible, thus requires smaller COP rate change.

A.6 Conclusion

This chapter presented a formulation for Model-Predictive Control
based on the Linear Inverted Pendulum, which has an improved perfor-
mance over previous formulations and is suitable for both gait planning
and feedback control of legged locomotion. It resolves two previously
unattended problems: (1) numerical stability in the case of long pre-
diction horizons, making the proposed method more suitable for gait
planning; (2) enhanced disturbance rejection attributed to the incorpo-
ration of COP as a new state variable, and therefore correctly including
the COP in the feedback loop. Our study showed that the proposed
formulation was able to reject larger disturbances than the previous
LIP formulations. Furthermore, in combination with a whole-body
controller, the proposed MPC framework was able to blindly traverse
unknown inclined terrain of up to 5∘ and 10∘ for pitch and roll inclina-
tion respectively.
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The goal of low-level joint control is to calculate joint torques that
realise the provided commands as close as possible while maintaining
stability. In this work, the commands can come from an MPC controller
as described in Appendix A, or from actions provided by a Neural
Network policy.

This chapter presents two approaches to achieve low-level joint control:
Inverse Dynamics based whole-body control, and joint impedance con-
trol. While whole-body control guarantees stability, their reliance on
the model and constraints make whole-body control only suitable in
well modelled environments.

Whole-Body Quadratic Programming
or Joint Impedance Control for low-level
joint control.

In contrast, low-level joint controls do not
have inherent stability guarantees and rely heavily on well-designed,
stabilising reference trajectories, e.g., through MPC or DRL.

B.1 Whole-Body Torque Control

Whole-Body Quadratic Programming
optimises over joint acceleration, torque,
and contact forces.

The whole-body controller is formulated as Quadratic Programming
(QP) problem due to the existence of fast solvers exploiting the convex-
ity, sparsity, and linearity of constraints of QP problems. A given cost
function under equality and inequality constraints is optimised over a
state vector 𝑋 = [ ̈𝑞, 𝜏, 𝜆]𝑇 for a robot with 𝑁 Degree of Freedom (DOF)
as in [204]. With the joint accelerations ̈𝑞 ∈ ℝ𝑁, joint torques 𝜏 ∈ ℝ𝑁,
and contact forces 𝜆 ∈ ℝ6𝐾 for 𝐾 end-effectors the QP problem is
formulated as:

min
𝑥

1
2
𝑋𝑇𝐻𝑋 + 𝑓𝑇𝑋 (B.1)

𝑠.𝑡. 𝐴𝑖𝑛𝑒𝑞𝑋 + 𝑏𝑖𝑛𝑒𝑞 ≤ 0, (B.2)

The construction of the matrices 𝐻, 𝑓,𝐴, 𝑏 will elaborated in the fol-
lowing. Any tracking task can be formulated as 1/2‖𝑦 − 𝑦𝑟𝑒𝑓‖2 =
1/2‖𝐴𝑋 − 𝑏‖2, which yields the matrices 𝐻 = 𝐴𝑇𝐴, 𝑓 = −𝐴𝑇𝑏 for the
cost function of the QP problem. Multiple tasks are stacked in 𝐴, 𝑏 and
weighed by 𝑤𝑖, where 𝑖 = 0, ..., 𝑛 is the 𝑖-th task:

𝐴 =
⎡
⎢
⎢
⎣

𝑤0𝐴0
𝑤1𝐴1

⋮
𝑤𝑛𝐴𝑛

⎤
⎥
⎥
⎦

, 𝑏 =
⎡
⎢
⎢
⎣

𝑤0𝑏0
𝑤1𝑏1
⋮

𝑤𝑛𝑏𝑛

⎤
⎥
⎥
⎦

(B.3)

Control Objectives

Tasks are defined in the form 1/2‖𝐴𝑖𝑥 − 𝑏𝑖‖2𝑤𝑖
and stacked in (B.3).

In the following tasks, which will be implemented in order to track
trajectories given by the higher levels, will be introduced.
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Tracking in Cartesian Space:

For tracking links (hand, feet, COM) in Cartesian space, a PD law is
used to generate appropriate accelerations that will then be tracked by
the QP. For a given desired Cartesian space trajectory 𝑥𝑑 with desired
velocity ̇𝑥𝑑 and acceleration ̈𝑥𝑑, the PD law using the gains 𝐾𝑃,𝐾𝐷 is:

̈𝑥∗
𝑑 = 𝐾𝑝(𝑥𝑑 − 𝑥) +𝐾𝑑( ̇𝑥𝑑 − ̇𝑥) + ̈𝑥𝑑, (B.4)

with real (measured) states 𝑥, ̇𝑥. The resulting acceleration ̈𝑥∗ following
the PD law will be used as reference acceleration which the QP will track.
The relation between velocity in task and joint space is established by
the Jacobian 𝐽(𝑞). Its time derivative yields:

̈𝑥 = 𝐽(𝑞) ̈𝑞 + ̇𝐽(𝑞, ̇𝑞) ̇𝑞, (B.5)

which can then be rewritten into the form ‖𝐴𝑖𝑋 − 𝑏𝑖‖:

𝐴𝑖 = [𝐽(𝑞) 0 0 0]
𝑏𝑖 = ̈𝑥∗

𝑑 − ̇𝐽(𝑞, ̇𝑞) ̇𝑞
(B.6)

Cartesian space tracking is achieved by using (B.6) with the appropriate
Jacobian matrix 𝐽(𝑞), which relates the link velocity to the respective
joint angle velocities.

Centre of Pressure Tracking:

The reference COP tracking is conducted in the local foot frame.
Therefore the mid-level COP trajectory, which are generated in a
world-frame, need to be transformed into the local foot frame by a
homogeneous transformation and the COP is calculated by

𝑝 = [−𝜏𝑦/𝑓𝑧
𝜏𝑥/𝑓𝑧

] , (B.7)

where 𝜏𝑥, 𝜏𝑦, 𝑓𝑧 are the torque and force components of the contact
forces of the feet. COP tracking is achieved by the following task
matrices:

𝐴𝑖 = [0 0 [0 0 𝑝∗𝑥,𝐿 0 1 0
0 0 𝑝∗𝑦,𝐿 −1 0 0] [0 0 𝑝∗𝑥,𝑅 0 1 0

0 0 𝑝∗𝑦,𝑅 −1 0 0] ∗ ∗]

(B.8)
𝑏𝑖 = 0, (B.9)

where ∗ indicates that in the case of usage of hands, the COP tracking
may be calculated the same way as for the feet contacts.
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State tracking and Regularization:

Additional to the aforementioned tracking tasks, the optimisation vari-
able 𝑋 can directly track a desired state 𝑋∗

𝑑 = [ ̈𝑞∗𝑑, 𝜏∗𝑑 , 𝐹 ∗
𝑑 ] via:

𝐴𝑖 = 𝕀 (B.10)

𝑏𝑖 = [ ̈𝑞∗𝑑 𝜏∗𝑑 𝐹 ∗
𝑑]

𝑇 . (B.11)

If no desired value is needed, 𝑏𝑖 can be chosen to be zero. In this case,
this task will have a regularizing effect, providing low values of the
state components.

Weight Distribution:

A desired weight distribution 𝑤∗ = 𝐹𝑧𝑙/(𝐹𝑧𝑙+𝐹𝑧𝑟) can also be achieved
by:

𝐴𝑖 = [0 0 𝑆] (B.12)
𝑏𝑖 = 0, (B.13)

where 𝑆 is a row vector of zeros but for the 𝐹𝑧 components, which
has the value 1 − 𝑤∗ and −𝑤∗ in the left and right foot 𝑧 component
respectively.

Solving the QP problem (B.1) yields a state vector of joint accelerations,
joint torques and the resulting contact forces, which are coherent
according to (B.14). The joint torques will be applied on the joints for
tracking of the desired high-level trajectories.

Physical Constraints

For whole-body control physical coherence between the states needs to
be ensured. This is achieved by using the whole-body dynamic motion
equations of the robot:

[𝑀(𝑞) −𝑆 −𝐽𝑇(𝑞)] ⎡⎢
⎣

̈𝑞
𝜏
𝐹

⎤
⎥
⎦
+ ℎ(𝑞, ̇𝑞) = 0, (B.14)

where 𝑀(𝑞) is the inertia matrix, ℎ(𝑞, ̇𝑞) are non-linear forces (gravita-
tional, centrifugal, coriolis), 𝑆 is a selection matrix for the torques 𝜏,
and 𝐽𝑇(𝑞) is the transpose of the Jacobian matrix for the respective
contact link.

In addition to physical correctness of the solution, locomotion specific
inequality constraints are used to guarantee, that the robot will not
fall over. These are constraint imposed on the feet: friction and COP
constraints. In addition to the commonly used constraints an additional
constraint is imposed on the z component of the torque to prevent
the well-known problem of slippage in the yaw-direction [216]. Every
contact force 𝐹𝑖, with i = 𝐿,𝑅 either left or right foot, needs to satisfy
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the following inequality constraints for non-slippage and balance of the
robot:

|𝑓𝑥| ≤ 𝜇𝑓𝑧 (B.15)
|𝑓𝑦| ≤ 𝜇𝑓𝑧 (B.16)
𝑓𝑧 > 0 (B.17)

|𝜏𝑥| ≤ 𝒴𝑓𝑧 (B.18)
|𝜏𝑦| ≤ 𝒳𝑓𝑧 (B.19)

𝜏𝑚𝑖𝑛 ≤𝜏𝑧 ≤ 𝜏𝑚𝑎𝑥, (B.20)

with

𝜏𝑚𝑖𝑛 = −𝜇(𝑋 + 𝑌 )𝑓𝑧 + |𝒴𝑓𝑥 − 𝜇𝜏𝑥| + |𝒳𝑓𝑦 − 𝜇𝜏𝑦|
𝜏𝑚𝑎𝑥 = +𝜇(𝑋 + 𝑌 )𝑓𝑧 − |𝒴𝑓𝑥 + 𝜇𝜏𝑥| − |𝒳𝑓𝑦 + 𝜇𝜏𝑦|.

Slippage in 𝑥, 𝑦 direction is prevented by constraining the force in the
respective direction (B.15), (B.16) for a given friction coefficient 𝜇.
Unilateral forces (no suction of the feet to the ground) are guaranteed
by (B.17). The COP is constraint to be within a bounding box, defined
by the dimensions 𝒳,𝒴 in (B.18), (B.19) and yaw slippage is prevented
by (B.20).

Tuning Parameters for Joint Control

The accuracy of the individual task is decided by the respective weights.
The larger the weights, the higher the precision of respective tasks
becomes. Rather than predetermining the priority of the tasks, which
may change for different circumstances (locomotion tasks are less
important during manipulation, and vice versa) and finding solutions
in multiple null-spaces [217], weighing the importance of the individual
task in a non-hierarchical fashion will lead to more flexibility.

The choice of weights can be conducted either by manual design or by
learning. Manual design implies the usage of hand-tuned parameters
for different tasks, and choosing the appropriate set of parameters
while interpolating between the weights during the transition phase.
Alternatively, instead of tuning the parameters by hand an optimisation
problem can be formulated that minimizes the error for the given
task. Due to the fact, that interaction with the environment cannot
be modelled and therefore the cost function cannot be analytically
determined, the cost function is treated as black box. The cost for a given
parameter set is set by the environment and black box optimisation
methods, such as Bayesian Optimisation [43], can be used to minimize
the cost function for a given task.

In Chapter E, a high-dimensional Bayesian Optimisation approach is
presented that automatically tunes the parameters for the whole-body
controller. The parameter set includes both objective weights 𝑤𝑖 (B.3)
and PD parameters 𝐾𝑝,𝐾𝑑 (B.4).
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B.2 Joint Impedance Control

See Chapter 4 for how Joint Impedance
Control is used with Deep Reinforce-
ment Learning to achieve dynamic mo-
tions on robots.

Joint impedance control describes the control of every individual DoF
joint, and decouples the influences of various joints. The typical control
objective is on joint position, but can also be on joint velocity or joint
acceleration. In order to realise the joint state, a joint torque is required
to actuate the joint. The output of the joint controller is thus always
torque. Next, a joint torque loop that transforms the joint torques into
currents that ultimately actuates the joint.

Due to the ease of implementation as well as their ability to track the
reference signal well, a joint Proportional-Derivative (PD) Controller
is implemented:

𝜏 = 𝐾𝑝(𝑞𝑟𝑒𝑓 − 𝑞) −𝐾𝐷 ̇𝑞, (B.21)

with joint torque 𝜏, reference joint position 𝑞𝑟𝑒𝑓, joint position 𝑞, and
joint velocity ̇𝑞. The PD controller modulates both stiffness and damping
through tuning the proportional and derivative gain respectively leading
to an impedance behaviour on the joints based on the magnitude of
the gains.
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This chapter provides an overview of DRL that is used throughout
this work. Further, this chapter shows how parallelisation can be lever-
aged to accelerate the training and development time. For learning
methods in Robotics, such as Deep Reinforcement Learning, the most
time-consuming component is the collection of data and samples. In
the following, we propose a fast sample generation procedure through
parallelisation of environments leveraging the multi-threaded architec-
ture of modern computer hardware and utilising the parallel nature of
Graphics Processing Units (GPUs).

We show how these capabilities can be used in conjunction with state
of the art on- and off-policy Deep Reinforcement Learning algorithms
to solve a variety of Robotics problems. In particular, we conduct
benchmarks on MuJoCo environments achieving up to 1200 faster than
real time solving the benchmarks within minutes. Furthermore, we train
a trotting and balancing policy for the quadruped ANYmal and biped
Valkyrie respectively, and deploy the policies on the real robots.

Through our proposed parallelisation framework, we achieve simulation
speed 200 times faster than real time, and can successfully train and
deploy the trotting and balancing policies on the real robots within 1
hour.

Accelerated training of policy in parallel environments Deploy in real world

Figure C.1: Accelerated training of policies through simulation in parallel environments. Our proposed parallelisation and training
procedure learns humanoid balancing and quadruped trotting within 1 hour real time and can be directly transferred on the real
robot.
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C.1 Introduction

The success of Deep Learning and subsequent revolution in the fields
of Computer Vision, Natural Language Processing and Data Science
can be mainly attributed to Deep Neural Networks (DNN), which
are powerful function approximators with high expressiveness due to
their large amount of parameters [218]. But with increasing complex-
ity and number of neuron connections, a larger amount of data and
computational power has become necessary to successfully train them.
Despite success in the fields of supervised learning arising from DNN’s
and the availability of large amounts of data to train these, Robotics
has not yet reached the same stage: generating and collecting large
amounts of data require either substantial computational expense in
simulation or unrealistic collection times prone to potential damage on
real hardware.

Realistic physics simulators enable
sim2real transfer. With increasingly realistic and performant physics simulators [219, 220]

as well as methods to bridge the simulation to reality gap (sim2real)
[66, 65], using simulated data for training in Robotics has become a
valid alternative to real world samples. Gathering simulated data to
train DNN through Deep Reinforcement Learning (DRL) and applying
sim2real methods has allowed policies to be deployed in reality to
achieve inter alia Fall Recovery [66], and animal-like behaviours [65].

This work presents an approach of collecting robotic data at large by
leveraging distributed architectures. In particular, the data collection
process utilises the rapid improvement of computation power and
software capable of exploiting the parallel nature of GPU’s to perform
traditionally expensive computations in parallel. For the high-degrees of
freedom ANYmal robot, our presented approach collects data 200 times
faster than real time on a consumer-grade computer (Intel i7 8700K
CPU, one Nvidia Geforce RTX 2080Ti) allowing the training of robot
policies and partly offsetting the data hungry nature of the current
DRL algorithms. We intend to open-source our code after publication
of this paper.

We will show how the parallel sample collection procedure can be
used together with DRL algorithms for both on- and off-policy meth-
ods to train the quadruped ANYmal [221] to trot and the humanoid
robot Valkyrie [10] to maintain balance. Despite the continuous, high-
dimensional nature of the robots, our fast sample collection procedure
in a realistic physics simulator enables training of the policies within
10 minutes real time and is robust enough to be directly deployed
on the real robots ANYmal and Valkyrie (Fig. C.1). Lastly, we show
that the MuJoCo benchmark tasks can be solved within minutes by
our proposed approach, which is an order of magnitude faster than
traditional approaches [222].

Our summarised contributions are:

▶ Proposing and discussing technical steps to allow parallel sam-
ple collection of robotic data for Machine Learning approaches
achieving a real time speedup by a factor of several hundred on a
consumer-grade computer.
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▶ Presenting a learning framework that combines parallel sample
collection with Deep Reinforcement Learning for both on- and
off-policy methods.

▶ Training a trotting and balancing policy within 1 hour for ANY-
mal and Valkyrie respectively and deployment of the policies on
the real robot platforms.

▶ Solving MuJoCo benchmark tests within minutes using our pro-
posed approach.

In the following, we first discuss related work in Section C.2. Next,
we present our parallelisation structure in Section C.3, and discuss
key design choices for the successful implementation. In Section C.4,
we outline how on- and off-policy DRL algorithms can be used with
our proposed parallelisation framework and discuss their advantages
and disadvantages. The environments which will be parallelised and
trained in are described in Section C.5. Results including training on
the MuJoCo benchmarks and the real world deployment of the policies
on ANYmal and Valkyrie are presented in Section C.6. Lastly, we draw
a conclusion in Section C.7.

C.2 Related Work

Recent algorithmic advances in Reinforcement Learning [18] incor-
porated Deep Neural Networks (DNN) as function approximators.
Consequently, continuous control tasks as prevalent in robotics can be
solved by directly optimising the actor through policy gradient methods
[58].

DRL algorithms can be categorised into two families: on-policy and
off-policy algorithms. While on-policy algorithms evaluate and improve
the same policy from which the sampled data originates from, off-policy
algorithms do not require the samples to originate from the same policy
as the trained, target policy. Current state of the art on-policy algo-
rithms for continuous control include Trust Region Policy Optimization
[59], Proximal Policy Optimization [60], and Asynchronous Advantage
Actor-Critic [61]. For off-policy algorithms, Soft-Actor Critic [62], Deep
Deterministic Policy Gradient (DDPG) [63], and Twin Delayed DDPG
[64] have seen successes in controlling robotic systems.

These algorithms have been applied in robotics to imitate animal
locomotion [65], achieve fall recovery [66], yield human-like locomotion
[67], perform grasping in cluttered environments [68], perform dexterous
manipulation [69], and achieve remarkable results in robotic benchmarks
[70, 71].

Beside advancements in DRL, the success in continuous control tasks
can be attributed to the emergence of realistic and performant physics
engines. The most commonly used physics engines for simulating DRL
agents are MuJoCo [223] and Bullet3 [224]. Further frequently used
physics engines include ODE in conjunction with Gazebo [179], and
Physx [182]. Various benchmarks for the physics engines exists [219,
220].
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Figure C.2: Proposed distributed simulation and learning architecture.

C.3 Parallelisation Structure

To speed up the training of complex agent, we wish to generate policy
samples consisting of state 𝑠𝑡, action 𝑎𝑡, reward 𝑟𝑡, and next state 𝑠𝑡+1
as fast as possible while following the most up-to-date policy. However,
despite being widespread, the most used physic engines in Robotics
such as Bullet3, ODE, or MoJuCo are implemented as a single thread
only able to use one core of the computer’s CPU.

This section outlines how to leverage the technological progress achieved
within the gaming industry in order to fully exploit the multi-threaded
architecture of modern computer hardware. The physics engine PhysX
developed by NVIDIA is optimized to take advantage of the computing
capabilities of both CPUs and GPUs. Large matrix operations arising
during the simulation of big dynamical structures and collision resolu-
tion can typically be handled by the specialized parallel hardware of
the GPUs.

Architecture Considerations and Challenges

While migrating from a sequential to an asynchronous design, several
factors in the software implementation have to be considered:

(1.) The data transfer between the main memory, the CPU and the
GPU must be minimized.

(2.) The GPU computing load shared between simulation and (neural
network) policy evaluation has to be balanced.

(3.) When multiple policy evaluations run in parallel, one possible long
sequence (e.g., where others are subject to early terminations)
should not stall the whole pipeline.

(4.) The policy can not be updated after each simulation sequence
and has to be learned asynchronously.
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(5.) The optimal trade-off between the number of independent simu-
lation environments and the number of robots per environment
has to be found in order to address (2.).

(6.) To prevent the quadratic nature of the collision checking, the
robot instances simulated within the same environment have to
be logically isolated. If this can be guaranteed, the performance of
increasing the number of robot per environment can scale linearly.

In this work, we address these challenges as follow. To solve (1.), a single
simulation environment is configured to run several robot instances
at the same time. Batch operations reduce the need for individual
configuration and alleviate the GPU/CPU communication. The updates
of the policies have to be conducted asynchronously, and ideally on a
separate GPU to tackle (2.). Issue (3.) is ensured through appropriate
threading mechanisms. Regarding (4.), for off-policy algorithms, the
policy is being updated asynchronously (DRL agent box in Fig. C.2),
while the simulation environments are sampling data with the most
recent policy provided by the Dispatcher and Router. Challenge (5.)
is solved through a grid-search to find the optimal trade-off (c.f., Fig.
C.4). Logic isolation is conducted both on a software side and through
ensuring that the robots have a distance towards each over to prevent
collision between robots in the same Simulation Environment.

Distributed Simulation Architecture

Following the architecture considerations and challenges, we proposed
the distributed architecture depicted in Fig. C.2. Each simulation
environment is independently running the PhysX engine on GPU. In
these environments, up to 1000 robots or 64000 body links are simulated
at the same time while being placed in the world and logical isolated
such that any interaction between them is avoided.

In every simulation environment, every robot evaluates the same version
of the neural network policy provided by the Dispatcher and Router.
The generated training samples are collected and temporarily stored in
memory. When the required amount of samples has been gathered, the
samples are routed to the DRL agent and the newest up-to-date policy
is retrieved by the environment. By being asynchronous, multiple simu-
lation environments can be deployed in parallel on several GPU’s and
machines scaling up the amount of sample generated concurrently.

For off-policy algorithms using a replay buffer, the replay buffer gets
asynchronously filled with new training samples, while the DRL algo-
rithm continuously updates the policy. To adapt to this distributed
scheme, we exemplarily show in Section 11 how the classic off policy
SAC can been reformulated to support both batches and asynchronous
updates of the replay buffer.

Technical Details

The communication between DRL agent, Dispatcher and Router, and
individual simulation environments is implemented by the gRPC (gRPC
Remote Procedure Calls) framework [225]. By relying on the HTTP



144 C Accelerated Deep Reinforcement Learning

(TCP) network protocol, multiple components and workers can be
deployed on different servers enabling the scalability of the proposed
architecture.

Improved stability during collisions and penetrations is enabled through
the Temporal Gauss-Seidel (TGS) in PhysX instead of a Projected
Gauss-Seidel (PGS) solver method. To accommodate the most common
Python and machine learning API’s used in OpenAI gym [226] and
off-the-shelf DRL algorithms, the PyBullet API [178] is used as frontend
using Physx as backend physics engine.

C.4 Deep Reinforcement Learning

The collected data is used for training task-solving policies via Deep
Reinforcement Learning. In this work, we present how the collected
data can be used on two families of Reinforcement Learning algorithms:
on-policy and off-policy algorithms. While on-policy algorithms use
the same policy for both sample collection and training, off-policy
algorithms use a behaviour policy to collect the samples while training
a different target policy for task completion. The type of learning
algorithm thus changes the nature of how the collected samples can be
used during training.

In the following, we outline Proximal Policy Optimization (PPO) and
Soft-Actor Critic (SAC) as representative example for on-policy and off-
policy algorithms respectively, and discuss how fast sample collection
can be used to accelerate the training of these policies.

On-policy algorithms

PPO is a policy-gradient method with training stability properties.
Training stability is achieved by avoiding large parameter updates
between the old and new policy 𝜋𝜃(𝑎𝑡|𝑠𝑡) parametrised by 𝜃old and 𝜃
respectively. This is achieved by clipping the probability ratio 𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡|𝑠𝑡)
𝜋𝜃old

(𝑎𝑡|𝑠𝑡)
if it exceeds a pre-defined interval [1 − 𝜖, 1 + 𝜖] with hyperpa-

rameter 𝜖.

The policy’s parameters are updated via stochastic gradient descent by
minimising the following loss function 𝐽PPO:

𝐽PPO(𝜃) = 𝔼[min(𝑟(𝜃) ̂𝐴𝑡, clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) ̂𝐴𝑡)], (C.1)

with estimated advantage function ̂𝐴𝑡 at timestep 𝑡.

A policy 𝜋𝜃 is trained through algorithm 4. First, 𝑁 actors are used
to collect batches of samples (line 2 in algorithm 4) with every actor
collecting 𝑇 timesteps. Then, the policy is updated by minimising (C.1)
through Adam [227] for 𝐾 epochs using minibatches sampled from the
collected batches of size 𝑁𝑇. The advantage estimate calculated in line
4 of algorithm 4 is obtained through Generalized Advantage Estimation
(GAE) [228], and requires rolling out a policy for 𝑇 timesteps.

For methods that use advantage estimates, or any kind of temporal-
difference learning 𝑇𝐷(𝜆) [168], the policy needs to roll out at least
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Algorithm 4: Pseudocode for PPO
1 for iter=1,2,... do
2 for actor=1,2,...,N do
3 Rollout policy 𝜋𝜃old for 𝑇 timesteps;
4 Compute advantage estimates ̂𝐴𝑡, 𝑡 = 1, ..., 𝑇;
5 Calculate 𝜃 as argmin 𝐽PPO(𝜃) using batch of size 𝑁𝑇.;
6 𝜃old ← 𝜃;

𝑇 timesteps. For these methods, the computational bottleneck lies in
the speed at which 𝑇 rollouts can be conducted. While the rollouts of
𝑁 actors can be parallelised, every actor needs to collect 𝑇 timesteps
to compute the advantage in sequence. Thus, the minimum amount of
time required for a batch of size 𝑁𝑇 is limited by the length 𝑇 of one
rollout.

Off-policy algorithms

SAC aims to optimise a maximum entropy objective 𝐽SAC(𝜋):

𝐽SAC(𝜋) =
𝑇
∑
𝑡=0

𝔼[𝑟(𝑠𝑡, 𝑎𝑡) + 𝛼ℋ(𝜋(⋅|𝑠𝑡))], (C.2)

with reward 𝑟 for a given state 𝑠𝑡 and action 𝑎𝑡 at time 𝑡, temperature
parameter 𝛼 and policy entropy ℋ(𝜋). Using the parametrisation trick,
the parameters 𝜃 for policy 𝜋𝜃 are obtained by minimising 𝐽𝜋(𝜃):

𝐽𝜋(𝜃) = 𝔼[log 𝜋𝜃(𝑎𝑡|𝑠𝑡) − 𝑄𝜙(𝑠𝑡, 𝑎𝑡)]. (C.3)

The action value function 𝑄𝜙(𝑠𝑡, 𝑎𝑡) is obtained by minimising the
bellman residual 𝐽𝑄(𝜙):

𝐽𝑄(𝜙) = 𝔼[ 12 (𝑄𝜙(𝑠𝑡, 𝑎𝑡) − 𝑄̂(𝑠𝑡, 𝑎𝑡))2], (C.4)

with bellman equation 𝑄̂(𝑠𝑡, 𝑎𝑡) = 𝑟(𝑠𝑡, 𝑎𝑡) + 𝛾𝔼[𝑉𝜓(𝑠𝑡+1)] and dis-
count factor 𝛾. An estimation of value function 𝑉𝜓 is obtained through
minimising 𝐽𝑉(𝜓):

𝐽𝑉(𝜓) = 𝔼[ 12 (𝑉𝜓(𝑠𝑡) − 𝔼[𝑄𝜃(𝑠𝑡, 𝑎𝑡) − log 𝜋𝜙(𝑎𝑡|𝑠𝑡)])2]. (C.5)

Lastly, the temperature parameter 𝛼 can be automatically adjusted by
optimising over the objective:

𝐽(𝛼) = 𝔼𝑎𝑡∼𝜋𝑡
[−𝛼 log 𝜋𝑡(𝑎𝑡|𝑠𝑡) − 𝛼ℋ0], (C.6)

with predefined minimum policy entropy threshold ℋ0. It was shown
in [62] that this object maximises the expected return while satisfying
a minimum entropy constraint ℋ(𝜋𝑡) ≥ ℋ0.

The training process of policy 𝜋𝜃 is outline in algorithm 5

Contrary to on-policy algorithms (Section C.4) which need to obtain
samples originated from rolling out the current policy, the samples for
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Algorithm 5: Pseudocode for SAC
1 𝒟 ← ∅ , initialise replay buffer;
2 for iter=1,2,... do
3 while collected samples < batch size do
4 Sample and perform action 𝑎𝑡 ∼ 𝜋𝜃;
5 Collect 𝑑 = {𝑠𝑡, 𝑎𝑡, 𝑟(𝑠𝑡, 𝑎𝑡), 𝑠𝑡+1};
6 Store sample 𝑑 in replay buffer 𝒟 ← 𝒟∪ 𝑑;
7 for policy update=1,...,K do
8 Sample batch from replay buffer 𝒟 for update;
9 Update policy 𝜋𝜃 via (C.3);

10 Update action value function 𝑄𝜙 via (C.4);
11 Update value function 𝑉𝜓 via (C.5);

off-policy updates are obtained from a replay buffer. Thus, the samples
stored in the replay buffer can be collected by rolling out a behaviour
policy that is different from the target policy enabling parallel sample
collection.

The batch sample collection (line 3 in algorithm 3) can thus be inde-
pendently conducted until the amount of collected samples equates
the required batch size. Consequently, the sample collection time for
off-policy algorithms is not bottle-necked by a minimum amount of
timesteps 𝑇 as for on-policy algorithms, and a vast amount of samples
can be collected in parallel for the replay buffer. Furthermore, the same
samples can be used multiple times in the replay buffer which typically
leads to more sample-efficiency for off-policy algorithms.

Although off-policy algorithms are not bottle-necked by the collection
speed, the convergence time is impeded by the speed at which 𝐾 policy
updates can be conducted. Typically the amount of policy updates is
of the same magnitude as the amount of samples collected, i.e., every
time a sample is collected, the policy is also updated.

Asynchronous Updates

We adapt the standard SAC (algorithm 5) to utilise our proposed
parallel structure (algorithm 6). In contrast to classical SAC, the
sample collection is independent from the policy update. The sample
collection and filling of the replay buffer is continuously conducted with
the most recent policy, while the policy is being updated in parallel.
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Algorithm 6: Pseudocode for Asynchronous SAC
1 𝒟 ← ∅ , initialise replay buffer;
2 Run sample collection and policy update in parallel threads;
3 while policy not converged do
4 Retrieve latest policy 𝜋𝜃;
5 Sample and perform action 𝑎𝑡 ∼ 𝜋𝜃;
6 Collect 𝑑 = {𝑠𝑡, 𝑎𝑡, 𝑟(𝑠𝑡, 𝑎𝑡), 𝑠𝑡+1};
7 Store sample 𝑑 in replay buffer 𝒟 ← 𝒟∪ 𝑑;
8 while policy not converged do
9 Sample batch from replay buffer 𝒟 for update;

10 Update policy 𝜋𝜃 via (C.3);
11 Update action value function 𝑄𝜙 via (C.4);
12 Update value function 𝑉𝜓 via (C.5);

C.5 Environments

In the following, we present the environments in which the DRL agents
are trained. The presented environments are single instances and are
parallelised as outlined in Section C.3. In this work, we improved
the sample collection time for high-degrees of freedom robots, namely
the quadruped ANYmal [221] and the humanoid Valkyrie [10], and
for several MuJoCo robots, namely Ant, HalfCheetah, Hopper, and
Walker.

High-degrees of Freedom Robots

The Valkyrie robot (Fig. C.1 top left) is a 23 Degrees of Freedom (DoF)
robot. We implement the training procedure as outlined in [171]. The
state and action space, reward are identical as in [171].

The ANYmal quadruped (Fig. C.1 bottom left) consists of 12 DoF. The
state space 𝒮 ∈ ℝ21 consists of linear and angular base velocity, base
orientation, and joint positions. The action space 𝒮 ∈ ℝ12 is in joint
impedance control space. The training procedure and reward design to
imitate a given trotting reference data set is identical to [67].

MuJoCo benchmarks

For HalfCheetah, Walker, and Hopper (Fig. C.3), the state space
consists of joint positions and joint velocities yielding 12, 12, and 6
dimensions of the state space respectively. Ant additionally uses end-
effector forces in its state yielding a state space of 20 dimensions. The
action space uses direct torque control. The reward of all robots consists
of a forward reward and a survival reward, and penalty on energy and
contact. For further details, please refer to [186].
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Figure C.3: Various MuJoCo environ-
ment for benchmarking: Ant (Top Left),
HalfCheetah (Bottom Left), Walker
(Middle), Hopper (Right).

C.6 Results

In the following, we present the results obtained by training policies in
parallelised environments. All training is conducted on a commercially
available computer using single Nvidia GeForce RTX 2080Ti GPU
and an Intel i7 8700K CPU. All results are averaged over 5 individual
runs.

Real-Time Factor

The aggregated Real-Time Factor (RTF) expresses how much faster data
can be collected in simulation than in reality and is calculated as ratio
RTF = 𝑡sim/𝑡real between simulated time and real time spent collecting
the data. The simulated time 𝑡sim = 𝑁samples/𝑓samples is determined as
amount of samples 𝑁samples divided by the sampling frequency 𝑓samples.

As outlined in Section C.3, a trade-off between the amount of simulation
environments and robots in one simulation environment need to be
made in order to achieve the highest possible RTF. In Fig. C.4, we
show how these parameters are found via a grid-search across the two
parameters for the ANYmal environment. Due to software limitations,
no more than 1000 robots can be loaded in a simulation environment.
For every combination, we collect 105 samples at a 25Hz sample fre-
quency which equate to 4000s real time experience. We found the
optimal combination at 20 simulation environments and 250 robots per
simulation environment leading to an RTF of 202 that collects data of
4000s experience in 19s.

This grid-search approach was used to determine the maximal possible
RTF for various environments (“Max RTF” in Table G.1).

For a consistent comparison of the RTF across on- and off-policy
algorithms and various environments, we sample the at 25 for a duration
of 10s leading to 250 samples per episode. A comparison of real wall
clock time to train task solving policies in 6 different environments
using PPO and SAC can be found in Table G.1.

For the PPO algorithm, 5000 samples (𝑇 = 250,𝑁 = 20) are collected
into a batch which is then used to update the policy. Due to the necessity
of rolling out 𝑇 = 250 timesteps to accurately estimate the advantage
for PPO, the sample collection time is limited not by the amount of
samples to collect but how long it requires to rollout 250 timesteps.
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Figure C.4: RTF influence over
amount of robots per simulation envi-
ronment and amount of simulation en-
vironments.

Thus, the time to collect 5000 samples is similar to the time to collect
250 samples as the collection of 5000 samples can be parallelised on
20 robots, each simultaneously rolling out 250 timesteps. Larger batch
sizes than 5000 would yield a higher RTF and less variance in the data,
but no reduction in the sample collection time. Empirically, we found
5000 to be a suitable batch size for PPO, which coincides in magnitude
with the batch sizes used in literature [60, 222].

Contrary to PPO, where the majority of time is spent collecting samples,
SAC fully leverages the parallelisation capabilities by collecting samples
in parallel and storing these in the Replay Buffer (c.f., “SAC RTF” in
Table G.1). However, the sample-efficient nature of off-policy algorithms
like SAC requires several policy updates on the same data resulting
in 𝐾 >= 1 updates per sample. In this benchmark, we update the
policy for every sample collected yielding 2500 training updates for
2500 samples collected. Thus, the amount of time spent training is
constant across the robot environments as can be seen in the “Train
time [s]” column for SAC in Table G.1.

The decision whether to use on- or off-policy algorithm depends on the
type of environment. A trade-off is required between time spent for
sample-collection bottle-necked by the minimum amount of sequential
timesteps for advantage estimation and time spent for updating the
Neural Networks. On-policy algorithms are advantageous for simple
robotic environments, where the minimum rollout time is less than
the time spent for training in off-policy algorithms. However, for more
complex robots like for quadrupeds or bipeds, off-policy algorithms are
more suitable as the rollout time vastly overshadows the time spent to
train.

Deployment on Real Robots

To show that the samples collected are indeed realistic, we transfer the
motions from simulation to the real robots. In particular, we implement
trotting on ANYmal and balancing on Valkyrie (Fig. C.6). Averaged
over 5 training runs, both policies converge after 200 epochs which take
55 minutes in real time (Fig. C.5).
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Figure C.5: Learning curve for ANY-
mal and Valkyrie. Policies converge af-
ter 200 epochs and 55 minutes real time
training.

The joint position targets provided by the policy are tracked via a
Proportional-Derivative controller for both robots. Both robots are
torque controlled and use their default joint position controller to
calculate the corresponding joint torques. For Valkyrie, the joint torques
are obtained through solving an Inverse Dynamics problem that track
the joint positions as close as possible. For ANYmal, the joint torques
are obtained through directly modulating the stiffness and damping on
the joint positions and velocities respectively.

Valkyrie is able to balance in Double Support Phase and withstand
constant and impulse external pushes. The policy finds a solution where
the Centre of Pressure (CoP) is modulated in order to maintain balance
and counteract external forces. The ANYmal robot is able to imitate
the trotting behaviour from a given trotting reference data set. The
classical alternating diagonal line support phases can be observed in
Fig. C.6.
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External Disturbance on Valkyrie

Trotting Gait on ANYmal

Figure C.6: Snapshots of Valkyrie
withstanding various external distur-
bances (Top) and ANYmal performing
trotting gait (Bottom).

C.7 Conclusion

In this work, we proposed a fast sample collection procedure through
parallelisation of environments that achieved sample collection on high-
degrees of freedom robots like ANYmal and Valkyrie 202 and 120 times
faster than real time respectively.

We outlined how parallelisation can be combined with state of the
art on- and off-policy Deep Reinforcement Learning algorithms, and
showed that a successful policy for trotting on ANYmal and balancing
on Valkyrie can be achieved within 1 hour of training. We then directly
deploy the train policy on the real robots.

Lastly, we presented results on the MuJoCo benchmarks, solving the
problems within minutes of training and achieving a real-time factor of
up to 1200 faster than real time.
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D.1 Scientific Motivation

From the advancement in computers, computer-aided design for mechan-
ical and electronic engineering, architecture and many other engineering
fields emerged. Foreseeing a similar development curve and technology
wave, we forecast a new emerging discipline in the near future that uses
learning-aided approaches for catalysing control development, alongside
other similar applications such as in medicine discovery. In this study,
we propose a new paradigm of using a machine learning approach to
facilitate a quicker, more efficient and effective control development,
as a different approach of leveraging the power of machine learning
in addition to other options that intent to use learning directly in
real-world applications.

Machine Learning and Deep Reinforcement Learning (DRL) in particu-
lar have reached an advanced stage to produce powerful policies with
better autonomous performances than many state-of-the-art control
and planning approaches in robot locomotion [66], robotic manipulation
[229], and even the control of complex morphological machines [230].
Notably, DRL’s ability to solve complex problems with a relatively
short development time is especially attractive, which is empowered
by training policies that maximise the cumulative reward through the
exploration of the action and state space, rather than using prior knowl-
edge of the models about the robot, the world, and their interactions.

To leverage the capabilities of DRL, we first develop a DRL-based con-
trol framework to learn rich motor skills of push recovery for humanoid
robots. The complexity in whole-body balancing arises in challenges
such as multi-contact coordination based on multi-sensory inputs, state
transitions between fully- and under-actuated situations, switching
policies, and generalising to external disturbances on any body parts,
while accounting for all edge cases that a designer has difficulty to
consider beforehand. In such a setting, manually designing the indi-
vidual control strategies and finding a reliable switching mechanism
requires both substantial development time, mathematical rigour, and

Figure D.1: Human-like Push Recov-
ery strategies emerging from Deep Re-
inforcement Learning. The discovered
behaviours serve as a guideline for the
design of certifiable and safe controllers
that replicate advantageous strategies
from AI policies.
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Figure D.2: Proposed control design approach by policy transfer from AI policies to real robotic platforms. By understanding the
underlying concepts of the learned policies, we can reverse-engineer a controller that closely resembles the behaviour of the AI policy
while being transparent and safe.

code implementation. On the other hand, through a well-designed DRL
framework and task-specific training procedures, a robust policy can be
learned automatically by interacting with the environment, requiring
only computational power. In particular, as shown in Fig. D.1, our
learned policy exhibits human-like push recovery behaviour
with four typical push recovery strategies emerging naturally: ankle,
hip, toe, and stepping strategy.

Though the learned control policy could possibly be deployed on the real
robotic system, the lack of explainability and analytical reasoning of
the Neural Network makes it unsuitable for safety-critical applications
in real world. Furthermore, due to the demand of large data and sample-
inefficient nature of DRL algorithms, complex policies are typically
trained in simulation, which cannot guarantee the same performance
while transferred directly to the real system [66], and the challenge of
reality gap raises concerning about both the safety and performance.

To benefit from both the safety and interpretability for the con-
trol policy and the versatility and adaptability from learning,
we propose to take advantage of DRL to quickly discover versatile,
deployable policies and solutions for very difficult problems, and then
study, analyse and extract the principles of those policies as guidelines
for developing engineered controllers in a reliable manner. By doing
so, we utilise the AI-solutions for rapid control development (Fig. D.3)
to design safe and certifiable controllers which can be verified and
deployed on real-world robots (Fig. D.2).

While classical control development is based on gradually building
knowledge that increases the performance incrementally, using a tem-
plate policy will provide disruptive, innovative solutions that will esca-
late performance (green line, Fig. D.3). DRL is able to achieve good
performance by a number of iterations in the DRL learning framework.
However, the achieved performance is still comparatively low to what
tuning in control can do. Combining both approaches to “kick-start”
the iteration process helps to design good controllers. After knowing
the system and the controller, it is straightforward to improve upon due
to the fact that we are then able to understand why the performance
is lower than the optimum, whereas in the case of DRL, there is little
influence from human engineers to improve the performance but reshap-
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Figure D.3: Qualitative depiction of the performance of the controllers over iterations: leveraging the solution provided by an AI
policy decreases the development time of controllers compared to AI policy and traditional controller development while starting at a
higher initial performance. The width between every black dot indicates the relative development time of the individual control
design approaches with the shortest development time per iteration for the AI-guided controller.

ing the reward and/or altering the learning framework, and relying on
the exploration being sufficiently large to achieve high performance.

In this paper, we are motivated to study a viable approach to infer
underlying principles of an AI policy by studying its perception-action
relation, i.e., to some extent, reverse-engineer an equivalent controller
in terms of functionality based on a black-box policy. This methodology
is not only applicable to AI policies, but also to any black-box policies,
such as a human policy. Without knowing exactly how push recovery
policies are realised by Artificial Neural Network (ANN) or biological
human Neural Network, we can still analyse the behaviour at the
functionality level by studying their input-output relationship.

Based on evidence of optimality in human manipulation tasks [231],
we hypothesise that policies for push recovery in humans and hu-
manoid are both optimal control process that follows certain optimal
criteria that can be quantified. Following this hypothesis, we analyse
and utilise input-output data collected from both humanoid and hu-
man policies, and propose a Minimum-Jerk Model-Predictive Control
(MJMPC) Framework that is able to quantitatively reflect both the
AI and human push recovery policies. The engineered controller has
high similarity (Coefficient of Determination more than 90%) with the
collected data, and also exhibits the same human-like push recovery
strategies, which emerge from the proposed MJMPC without the need
of manual switching between the strategies.

Furthermore, a comparison between humanoid and human balancing
is conducted to show the characteristics of the learned humanoid be-
haviour. This comparison will show that DRL algorithms are very
powerful to learn a policy (e.g., balancing) within a short development
and training time that may require humans years to learn. In contrast,
in order to design an engineered controller from scratch with similar
performance, months or even years are needed for developmental itera-
tions, mainly because of the high-redundancy and a diversity of control
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actions, which are yet challenging to resolve the physical optimality on
a high Degree of Freedom (DoF) robot. In this regard, the learning ap-
proach is very attractive because of the significant reduction of manual
effort, and the learning architecture requires only the design of input-
output and rewards. This article shed some light on a new paradigm:
the recent high-profile successes in DRL suggest new high-quality value
in learning methods that the discovered policies can be used as a basis
for speeding up the development of robotic controllers (Fig. D.2). As an
outcome in this push recovery study, we obtain a certifiable, analysable
optimal controller that does not require any state machine or switching
mechanism, while exhibiting human-like push recovery strategies, such
as ankle, hip, toe, and stepping strategy all in a coherent optimisation
process.

D.2 Generating Complex Motions through
Deep Reinforcement Learning

To use DRL-policies as a basis for analysis, these policies must reach a
certain performance threshold that ideally surpasses traditional control
approaches both in the types of motions it can generate and the
amount of disturbances that it can withstand. DRL has been shown
to be capable of learning locomotion and fall recovery policies that
surpasses traditional control approaches for quadruped robots in terms
of power efficiency, and versatility of motion [66].

In this section, we present a hierarchical learning framework for achiev-
ing versatile behaviours during push recovery for humanoid robots as
proposed in [171]. The learned policy exhibits a wide range of balancing
strategies that are comparable to human push recovery. In particular,
the learned policy is able to withstand external disturbances by modu-
lation of the Centre of Pressure (Ankle strategy), Angular Momentum
(Hip strategy), Centre of Mass height (Toe strategy), and Support
Polygon (Stepping strategy) and surpasses traditional control methods
with respect to the disturbances that it can withstand.

All motions are trained for deployment on NASA’s humanoid Valkyrie
[10], a 44 DoF bipedal humanoid robot designed for operating in disaster
response scenarios and extraterrestrial planetary space missions such
as unmanned pre-deployments on Mars. Valkyrie is built to operate in
human-engineered environments standing 1.87m tall and weighing 129kg
with ranges of motion similar to humans. Locomotion and manipulation
of Valkyrie are enabled through 25 series-elastic actuators in arms, torso,
and legs; their respective joint limits are described in Table I.1. For
sensing, Valkyrie has proprioceptive and exteroceptive sensors consisting
of a multitude of gyroscopes, accelerometers, load cells, pressure sensors,
sonar, LIDAR, depth cameras, and stereo sensors.

For training the policy, the physics simulator PyBullet [178] was used,
which is able to simulate physics faster than real-time expediting the
training process, and simulates collisions, and soft and rigid dynamics
by loading objects defined in the Unified Robot Description Format
(URDF). The Valkyrie URDF model closely replicates the real robot
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Figure D.4: Learning framework for Deep Reinforcement Learning of a Push Recovery policy.

and is provided by NASA including physical quantities, such as inertia,
mass distribution, sensor noise, friction, and damping [10].

Learning Framework

Our DRL framework (Fig. D.4) has an actor-critic architecture, in
which both the actor 𝜋𝜃(𝑎|𝑠) and the critic 𝑉𝜙(𝑠) are Neural Networks
parametrised by the weights 𝜃 and 𝜙 respectively.

The AI policy 𝜋𝜃(𝑎|𝑠) is trained through a policy gradient method
called Trust-Region Policy Optimization (TRPO) [59]. Policy gradient
methods directly model and optimise the policy that will yield the
highest reward 𝐽(𝜃):

𝐽(𝜃) = ∑
𝑠∈𝒮

𝑑𝜋(𝑠)𝑉 𝜋(𝑠) = ∑
𝑠∈𝒮

𝑑𝜋(𝑠)∑
𝑎∈𝒜

𝜋𝜃(𝑎|𝑠)𝑄𝜋(𝑠, 𝑎), (D.1)

with stationary distribution 𝑑𝜋(𝑠), state value function 𝑉 𝜋(𝑠), and
action value function 𝑄𝜋(𝑠, 𝑎) under policy 𝜋𝜃. Using the gradient
∇𝜃𝐽(𝜃), gradient ascent is used to find an optimal parameter set 𝜃 that
maximises the reward.

Because the true value functions 𝑉 𝜋(𝑠),𝑄𝜋(𝑠, 𝑎) are not known, a critic
𝑉𝜙(𝑠) estimating the true value function 𝑉 𝜋(𝑠) will be trained. The
critic 𝑉𝜙(𝑠) is updated by minimising the expected loss 𝐿𝑉(𝜙) via
gradient descent:

min
𝜙

𝐿𝑉(𝜙) = min
𝜙

𝔼[(𝑉𝜙(𝑠𝑡) − 𝐺𝑡)2], (D.2)
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with value function estimation 𝑉𝜙(𝑠𝑡) and return 𝐺𝑡. The return 𝐺𝑡 =
∑∞

𝑘=𝑡 𝛾
𝑘−𝑡𝑟𝑘 is the discounted cumulative reward using the discount

factor 𝛾 ≤ 1 and reward 𝑟𝑡.

Using the value function estimation 𝑉𝜙(𝑠𝑡), the actor’s parameters 𝜃 are
updated by maximising the reward (D.1) via stochastic gradient ascent.
Additionally, TRPO improves the training stability through trust-
region optimisation - constraining the KL divergence during a policy
update preventing large policy changes that could cause instability
- and reduces the variance of the policy gradient estimate using an
advantage estimation 𝐴𝑡:

max
𝜃

𝐽(𝜃) = max
𝜃

𝔼[ 𝜋𝜃(𝑎|𝑠)
𝜋𝜃old(𝑎|𝑠)

𝐴𝑡(𝑠𝑡)]

subject to 𝔼[𝐷KL(𝜋𝜃old(⋅|𝑠)||𝜋𝜃(⋅|𝑠))] ≤ 𝛿,
(D.3)

with updated policy 𝜋𝜃(𝑎|𝑠), old policy 𝜋𝜃(𝑎|𝑠), advantage estimate
𝐴𝑡 = ∑∞

𝑙=0(𝛾𝜆)
𝑙(𝑟𝑡+𝑉 (𝑠𝑡+1)−𝑉 (𝑠𝑡)), discount factor 𝛾, variance/bias

trade-off parameter 𝜆 ∈ [0, 1], KL divergence 𝐷KL(⋅||⋅), and trust region
𝛿.

During the training process, by sampling the action 𝑎𝑡 from the stochas-
tic policy 𝜋𝜃(𝑎𝑡|𝑠𝑡) and performing this action, the environment returns
the resulting reward 𝑟𝑡, and the corresponding state 𝑠𝑡+1. During every
update step during training, so-called SARS tuples {𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1} are
collected in a batch 𝒟. Upon reaching a certain batch size 𝑁 - the size
of the batch is a hyper-parameter trading off the variance of the data
against the speed of training - the actor and critic are then updated
through gradient ascent and descent respectively. While a stochastic
policy provides exploration, additionally, by applying random forces to
the pelvis, the policy’s ability to withstand large pushes is increased
due to a larger coverage of the state space in the stored experience
data. With the additional push experience during training, the policy
will be able to generalise better to push disturbances during runtime.

Inferring actions from the AI policy

By training in the presented learning framework and interacting with
the environment, the AI policy experiences what reward certain actions
in different states will yield. Using these experiences in form of SARS
tuple trajectories 𝜏 = {𝑠1∶𝑁, 𝑎1∶𝑁, 𝑟1∶𝑁, 𝑠′1∶𝑁} and reward maximisation
through gradient ascent, the policy is incentivised to perform actions
that will lead to high-value states while avoiding low-value states.
Consequently the AI policy 𝜋(𝑎|𝑠) learns how to optimally act in
state 𝑠𝑡 by performing actions 𝑎𝑡 to maximise a human-defined reward
function 𝑟.

The reward function is designed as:

𝑟 = 𝑟pose + 𝑟CoM pos + 𝑟CoM vel + 𝑟GRF + 𝑟contact + 𝑟power. (D.4)

The reward function is designed such that high rewards are given if
torso pose 𝑟pose, Centre of Mass (CoM) position 𝑟CoM pos, CoM velocity
𝑟CoM vel, and ground contact force 𝑟GRF (equally distributed ground
reaction forces) remain close to the nominal values. A radial basis
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function 𝑟𝑖 = exp(−𝛼𝑖(𝑥target−𝑥)2) is used for torso pose, CoM position,
CoM velocity, and ground contact force to encourage the robot being
close to a target position. Furthermore, a penalty (negative value) is
given proportional to the power consumption 𝑟power, and if the upper
body is in contact with ground or the foot is not in contact with the
ground 𝑟contact. For the contact penalty, a constant value is subtracted
if there was no ground contact of the foot or an upper body contact
with the ground.

The high-level AI policy generates actions in form of target joint angle
references at a frequency of 25𝐻𝑧 by forward-propagating through the
actor network using the current state as input. The robot performs its
motions with upper body joints locked in their nominal position. The
action space 𝒜 ∈ ℝ11 thus consists of joint positions for torso pitch, hip
roll, hip pitch, knee pitch, ankle roll, and ankle pitch. The target joint
angles are given to a low-level Proportional Derivative (PD) controller
operating at 500Hz to generate the joint torques that are ultimately
applied to control the robot (Top of Fig. D.6).

The state space 𝒮 ∈ ℝ47 consists of joint position and velocity of
the actuated joints, pelvis states (translational and angular velocity,
orientation), CoM states (translational velocity and position in local
frame), ground contact force, torso position (in local frame), and foot
position (in local frame). The state is sampled at a frequency of 500Hz
and filtered by a first-order Butterworth filter with a cut-off frequency
of 10Hz.

More details regarding the formulations of the learning framework can
be found in [171].

Behaviours of the AI Policy

Training a robust push recovery policy in the presented learning frame-
work requires 6-8 hours of simulation time on a commercial desktop PC
(Intel i7 6700K, Nvidia Titan X, Tensorflow) and equates to 1-2 days in
real time. The learned push recovery policy demonstrates human-like
push recovery strategies such as ankle, hip, toe, and stepping strategy
which emerge at different levels of disturbance (Fig. D.1). The policy
performs well in the presence of external disturbances and large sensor
noises due to the filtering and sufficient amount of exploration.

Notably, the AI is able to generalise to external disturbances it was
not trained for. In Figure D.5 snapshots of Valkyrie are shown during
which an impulse push on the shin is performed. The policy is able to
generalise to this untrained case by generating a stepping behaviour.
This generalisation ability further extends to the ability of recovering
from an impact during landing from 0.55m height.

The performance of the policy learned by the AI is compared with
push recovery controllers in terms of maximum impulse disturbance.
The AI demonstrates the ability, comparable to state-of-the-art push
recovery controllers, to withstand a wide range of impulse disturbances.
The details of the comparison are presented in [171]. In Section D.4
we will further show that the motions are human comparable both
quantitatively and qualitatively.
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Figure D.5: Valkyrie recovering from an unexpected disturbance in a test scenario which is never encountered during training
(impulse at the shin of 108Ns). The learned policy naturally evolves and generates a stepping behaviour. Top row: a nominal starting
pose (left), and the motion during the disturbance (being pulled at the shin); two bottom rows: recovery reactions where Valkyrie
takes 3 steps backwards and successfully recovers balance.

D.3 Understanding the Fundamental
Principles From the AI-Policy

The idea of using AI-generated policies as inspiration for solving hard
problems has taken flight in other fields, most notably in games such as
Go, Chess and Shogi [232] for which the AI policy achieved super-human
level performance. Analysing the concepts and solution process of the
AI allows humans to construct better solutions and improve the way
humans approach these problems: AlphaGo, a super-human policy that
beat 18-time world champion Lee Seedol 4:1, has subsequently been
analysed to provide humans with insights on why and how AlphaGo won.
The release of AlphaGo Teach enabled Go-players to analyse strategies,
and changed the way in which humans played the game: AlphaGo Teach
helped to quantify the value of starting the game (suggesting that the
current compensation of 6.5 points for not starting puts the non-starting
player in an advantage), redefined conventional openings, and utilised
unconventional moves that went against conventional human wisdom
and were previously deemed as disadvantageous.

Inspired by the performance of the AI policy, this section aims to
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Figure D.6: Process for AI-aided control design. Top: Hierarchical control system for push recovery. The high-level neural network is
learned as depicted in Fig. D.4. Mid: Design process of the engineered controller. Bottom: Implementation of the designed controller
into a whole-body control framework.

present an approach to reverse-engineer the policy to obtain a unified
controller exhibiting the same push recovery strategies as the AI policy.
By reverse-engineering the AI policy, its versatility is maintained while
enabling us to analyse and modify the controller with respect to stability
and safety.

We aim to find a controller which is able to stabilise the system, and
has a close similarity and fit to the DRL policy. To this end, a choice of
system model and the controller type need to be made. In the following,
we will show that the DRL policy can be accurately replicated with
point-mass dynamics that is controlled by a minimum jerk controller.
This indicates that the NN may internally use a point-mass template
and try to optimise the jerk.

The design process (Fig. D.6) involves three steps: acquiring state-
action data from the AI policy, reverse-engineering the policy, and
deploying the controller in a whole-body control framework. First,
various state-action pairs are acquired through simulation for different
external disturbances. In the reverse-engineering process, based on the
criterion of least square error fit, both a suitable system dynamics
representation and a controller using these system dynamics will be
determined. Lastly, in the deployment phase, the engineered controller
will be used to generate step locations and the CoM trajectory which
will then be tracked by a whole-body controller.
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Figure D.7: T-SNE with every dot indicating the activation of all 175 neurons during one time step. The classification of every dot
is determined by whether they are non-zero (exceed a threshold) for foot velocity (step), angular momentum (hip), vertical CoM
velocity (toe), and is Ankle Strategy otherwise.

Analysing the AI-policy

The Actor Neural Network can be analysed thoroughly with the goal
of finding guidelines and quantities that enable general push recovery.
The insights gathered from analysing the actor can be used to improve
controller design. Methods for analysing and interpreting the NN are
mainly of visual nature and originate from the field of Computer
Vision.

In this work, we visualise the NN’s activation by using t-distributed
Stochastic Neighbor Embedding (t-SNE) to project the activation of
NN’s onto a 2D plane while preserving neighbourhoods and clusters
in projections [180]. T-SNE is performed on the neuron activations to
project the high-dimensional NN activation on a 2-dimensional space
in order to investigate the generalisation behaviour of the policy. In
the final projection, data points that represent similar NN activation
are grouped nearby with high probability, whereas non-similar data
points are distant from each other. We treat all neuron activations (c.f.
Fig. D.4) during one time-step as one high-dimensional data point for
the t-SNE analysis. For every time step of a trial we collect all neuron
activations across disturbances ranging from 0Ns−210Ns. During these
disturbances, all four push recovery strategies (Fig. D.1) occurred and
are labelled by colour in Fig. D.7.

As can be seen in Figure D.7, the distinct strategies are cover separate
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Figure D.8: System models used for
control design. Left: Point-mass model
with free moving CoM independent
on actuation. This model is used for
our proposed Minimum Jerk Model-
Predictive Controller. Right: Inverted-
Pendulum model with actuated ankle
torque and kick-force and free moving
CoM according to the Inverted Pendu-
lum motions. This model is used to val-
idate and verify that the controller gen-
erated a feasible and implementable tra-
jectory.

1: For the control design process of
reverse-engineering the AI policy, we
followed the processes as in Fig. 5. Our
study eventually found that applying
the controller proposed in our previ-
ous work [234] leads to the best fit-
ting results, and strong resemblance
between the AI policy and the recon-
structed controller. In contrast, the
further tested different models (point-
mass, Inverted Pendulum, Whole-Body
Model), and controllers (PD control,
Linear Quadratic Regulators, and MPC)
have worse fitting to the data.

regions and thus partly explain the ability of the AI policy to generalise
across different disturbances, as the activation is similar for the same
strategy. NN representations that are labelled as the same strategy
are perceptually similar and are projected close to each other. The
points that represent ankle strategy cluster well with few outliers and
is visually distinct from other strategies. The toe strategy and stepping
strategy are also quite distinct from each other. Furthermore, the lack
of activations corresponding to the hip strategy (blue points in Fig. D.7)
indicate that the AI policy does not utilise the Angular Momentum as
much as the other strategies and could suggest that the hip strategy
should be used less than other strategies, such as the toe strategy.
The hip strategy does not cluster as clearly as the other strategies,
thus we hypothesise that it is an artefact of other motions rather than
an intentional motion. The effectiveness of the hip strategy is further
questioned in the literature [233], and should be kept in mind when
reverse-engineering the AI policy.

Incorporating AI-policy inspired principles in the
control design

The close resemblance between the DRL (dashed lines in Fig. D.10) and
human data (dashed lines in Fig. D.13), for which strong evidence of
being minimum jerk exists [231], [234], along with the typical smooth-
ness characteristics of minimum jerk trajectories motivates the design
of a minimum jerk control scheme. Inspired by this, reverse-engineering
the AI policy involved investigating whether it is also minimum jerk1.
We designed an MPC controller that is using point-mass dynamics to
minimise the jerk of the CoM state for motion generation and feedback
control. In order to prevent that arbitrarily large motions are generated
that violate the actuation constraints of the robot, the CoM state is
further constrained in the MPC scheme.

The idea of MPC lies in solving an optimisation problem at every time-
step. By using the feedback of the current state, a closed-loop control be-
haviour can be achieved. The objective function 𝐽 = 1

2 ∫
𝑡𝑓
0

( d3𝑥(𝑡)
d𝑡3 )

2
d𝑡 =
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1
2 ∫

𝑡𝑓
0

𝑢(𝑡)2d𝑡 is designed to minimise jerk ⃛𝑥 (the input 𝑢 of the sys-
tem) with final time 𝑡𝑓. The MPC solves the following constrained
optimisation problem:

min
𝑢(𝑡)

1
2
∫

𝑡𝑓

0
𝑢(𝑡)2d𝑡

subject to d3𝑥(𝑡)
d𝑡3

= 𝑢

[𝑥(0), ̇𝑥(0), ̈𝑥(0)] = [𝑥0, ̇𝑥0, ̈𝑥0]
[𝑥(𝑡𝑓), ̇𝑥(𝑡𝑓), ̈𝑥(𝑡𝑓)] = [𝑥𝑓, ̇𝑥𝑓, ̈𝑥𝑓]

[𝑥min, ̇𝑥min, ̈𝑥min]≤ [𝑥, ̇𝑥, ̈𝑥] ≤ [𝑥max, ̇𝑥max, ̈𝑥max], (D.5)

with initial condition [𝑥0, ̇𝑥0, ̈𝑥0], and terminal condition [𝑥𝑓, ̇𝑥𝑓, ̈𝑥𝑓].
The upper and lower inequality constraints of the optimisation problem
prevent the Minimum Jerk Model-Predictive Control (MJMPC) scheme
outputting trajectories that the subsequent whole-body controller can-
not track. We constrain the maximum vertical displacement, velocity,
and acceleration of the CoM, as well as the maximum jerk the point
mass can be exposed to. For the final state two quantities need to be
determined: the final time 𝑡𝑓 at which the system should reach state
𝑥𝑓, and the final CoM state itself which is provided by non-linear step
optimiser [235] and thus evokes stepping behaviour if the push gets too
large.

Determining final time via data fitting

While the final time 𝑡𝑓, at which the robot should come to a rest, could
also be optimised, this would introduce non-linearity to the optimisation
problem. Thus, we treat the final time 𝑡𝑓 as an open parameter: too
short and it violates the physical capabilities, too long and it may get
unstable or use too much energy. We determine an appropriate value
for 𝑡𝑓 via least square error fitting between collected DRL data and
the MJMPC. In Figure D.9 it can be seen that both a piece-wise linear
and a quadratic approximation are able to fit the data.

Figure D.9: CoM displacement from
nominal pose over 𝑡𝑓 for the robot.

Non-linear Step Optimisation

In an outer loop, a non-linear step optimiser [235] provides the MJMPC
scheme with a reference point. The position 𝑥𝑓 in the final state 𝑥𝑓 =
[𝑥𝑓, 0, 0] is determined by the non-linear step location optimiser, and
the velocity ̇𝑥𝑓 and acceleration ̈𝑥𝑓 are set to zero. The step optimiser
is able find a step location and timing within 3ms due to the specific
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Figure D.10: Fit between robot data and reverse-engineered controller. Left column: 𝑥 position, velocity, and required force. Right
column: 𝑧 position, velocity, and required torque

formulation of the optimisation problem. Consequently, we are able to
run the optimiser at real time at 100Hz. Furthermore, the non-linear
optimiser considers the kinematic constraints of the robot to determine
the maximal step length, while also constraining the minimal and
maximal step velocity of the robot.

Emerging Strategies and Quality of Fit

From the 𝑥 and 𝑧 CoM position trajectories in Figure D.10 it can be
seen that MJMPC generates trajectories from which the push recovery
strategies (Fig. D.1) emerge naturally. From the data of the DRL policy
we found that very little Angular Momentum was generated (Section
D.3), and consequently do not regulate the angular momentum of the
humanoid. Typical for the ankle strategy (blue solid line), the Centre
of Pressure (CoP) is moved within the Support Polygon to move the
CoM position. The CoM height modulation emerges from regulating
the CoM height to its nominal position. For large pushes, the step
optimiser sets a new reference position, and thus stepping behaviour
emerges.

To show the quality of fit, we identify the open parameters by optimising
these via least square error between the controller and the DRL policy.
We apply k-fold cross validation across 2000 trials of the robot, and
show the mean and standard deviation in Table D.1 with an average
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Figure D.11: Control diagram for the
robot.

coefficient of determination of 0.95 and 0.91 for 𝑥 and 𝑧 direction
respectively.

Table D.1: Average Coefficient of De-
termination (𝑅2) over 2000 trials be-
tween DRL and robot trajectories for
Ankle, Hip, Toe, and Step Strategy.

Mean 𝑅2

Axis Ankle Hip Toe Step Total
X 0.97 0.94 0.93 0.96 0.95
Z 0.90 0.91 0.96 0.88 0.91

As can be seen in Figure D.10, by using the methodology described
in Section 1, a final time 𝑡𝑓 can be chosen such that the engineered
policy fits the DRL, indicating that MJMPC is a suitable controller for
resembling the AI policy. The fit for the vertical component is slightly
worse due to the fact, that the approximation of 𝑡𝑓 for the CoM height
was not as well as for the sagittal component.

Realisability of MJMPC on Real Systems

In the following, we propose a framework for real world deployment of
the generated push recovery motions and demonstrate the feasibility of
the motions generated from MJMPC.

In order to deploy the push recovery motions on a real robot while
guaranteeing stability and implementability, a whole-body controller is
included in the control framework (Fig. D.11). To this end, Quadratic
Programming (QP) based whole-body controllers can be leveraged
to track reference motions while providing stability and were success-
fully deployed on humanoids such as Valkyrie [10], Atlas [204], and
HRP-2 [236]. Beside the ability to incorporate stability and feasibility
guaranteeing constraints in the optimisation problem formulation, QP
problems can be solved extremely fast with off the shelf QP solvers
enabling loop closure at over 500𝐻𝑧. Furthermore, in practise, whole-
body QP controllers exhibit robustness to model uncertainties due to
fast frequent loop closure, and have been shown to reliably work on
the real Valkyrie platform.

After the MJMPC generates a reference CoM trajectory 𝑦ref, a whole-
body controller is minimising the tracking error 𝐽task = 1

2 ‖𝑦−𝑦ref‖ while
guaranteeing physically feasible torques realising the push recovery
motion. Reformulation of the tracking tasks of 𝐽task = 1

2 ‖𝑦 − 𝑦ref‖2 =
1
2 ‖𝐴𝑋 − 𝑏‖2 with state 𝑋 = [ ̈𝑞, 𝜏 , 𝜆]𝑇 consisting of torque commands
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𝜏, joint accelerations ̈𝑞 and contact wrench 𝜆 yields the matrices 𝐻 =
𝐴𝑇𝐴, 𝑓 = −𝐴𝑇𝑏. The QP problem is formulated as:

min
𝑋

𝑋𝑇𝐻𝑋 + 𝑓𝑇𝑋

𝑠.𝑡. 𝐴𝑒𝑞𝑋 +𝐵𝑒𝑞 = 0
𝐴𝑖𝑛𝑒𝑞𝑋 +𝐵𝑖𝑛𝑒𝑞 ≥ 0.

(D.6)

Further tasks, e.g., tracking feet trajectories from the non-linear step
location optimiser, regularisation terms, or other tasks benefiting the sta-
bility of the controller, can be stacked in𝐴 = [𝑤0𝐴0, 𝑤1𝐴1, ..., 𝑤𝑛𝐴𝑛]𝑇, 𝑏 =
[𝑤0𝑏0, 𝑤1𝑏1, ..., 𝑤𝑛𝑏𝑛]𝑇 and task priorities are represented by the weights
𝑤𝑖, where 𝑖 = 0, ..., 𝑛 is the 𝑖-th task (for details, c.f., [204]).

The equations of motion guaranteeing physical coherence between the
states form the equality constraints of the QP problem (D.6):

[𝑀(𝑞) −𝑆 −𝐽𝑇(𝑞)] ⎡⎢
⎣

̈𝑞
𝜏
𝜆

⎤
⎥
⎦
+ ℎ(𝑞, ̇𝑞) = 0, (D.7)

with inertia matrix 𝑀(𝑞), selection matrix 𝑆, Jacobian matrices 𝐽𝑇(𝑞)
of the contact links, and nonlinear effects ℎ(𝑞, ̇𝑞).

In addition to physical coherence of the solution, locomotion specific
constraints are formulated guaranteeing that the robot will not fall
over. This is achieved by imposing inequality constraints in the QP
problem on the contact wrench 𝜆 = [𝑓𝑥, 𝑓𝑦, 𝑓𝑧, 𝜏𝑥, 𝜏𝑦, 𝜏𝑧] between feet
and the ground. Slippage in 𝑥, 𝑦 direction is prevented by constraining
the force in the respective direction |𝑓𝑥| ≤ 𝜇𝑓𝑧, |𝑓𝑦| ≤ 𝜇𝑓𝑧 for a given
friction coefficient 𝜇. Unilateral forces (no suction of the feet to the
ground) are guaranteed by 𝑓𝑧 > 0. A stability constraint is achieved by
constraining the CoP within the Support Polygon |𝜏𝑥| ≤ 𝒴𝑓𝑧, |𝜏𝑦| ≤ 𝒳𝑓𝑧
with dimensions 𝒳,𝒴 of the Support Polygon. Lastly yaw slippage is
prevented by 𝜏𝑚𝑖𝑛 ≤ 𝜏𝑧 ≤ 𝜏𝑚𝑎𝑥 with 𝜏𝑚𝑖𝑛 = −𝜇(𝑋 + 𝑌 )𝑓𝑧 + |𝒴𝑓𝑥 −
𝜇𝜏𝑥|+ |𝒳𝑓𝑦−𝜇𝜏𝑦|, 𝜏𝑚𝑎𝑥 = +𝜇(𝑋+𝑌 )𝑓𝑧−|𝒴𝑓𝑥+𝜇𝜏𝑥|− |𝒳𝑓𝑦+𝜇𝜏𝑦|.

The physical feasibility of the motions on the actuators during push
recovery motions can be further shown using an Inverted Pendulum
Model. The Inverted Pendulum (IP) Model [31] simplifies the dynamics
of a robot into an IP whose length can be extended via a ”kick-force”
and a torque applied to the pivot point corresponding to the ground
reaction force and torque of the real robot. Using the torque limits
of the actuators, the robot can produce a ground contact force of
𝑓𝑚𝑎𝑥 = 2500N and torque of 𝜏𝑚𝑎𝑥 = 1000Nm. Using the IP model,
the required ground contact forces and torques for tracking the CoM
reference can be calculated and are shown in Figure D.10. For all
four push recovery scenarios, the required force and torques are well
below the maximal generatable ground contact force and torque of
𝑓𝑚𝑎𝑥 = 2500N and 𝜏𝑚𝑎𝑥 = 1000Nm respectively.

Summarised, feasible and stable motions are enabled using this proposed
control framework of first generating push recovery motions via MJMPC
and then tracking the motions with a whole-body controller. In the
inequality constraint (D.5) of the MJMPC optimisation problem it
is explicitly considered at which speed the whole-body controller can
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track a reference motion. Therefore, trackability of the reference motion
is guaranteed. Furthermore, for the whole-body controller, the CoM
Height Modulation does not necessarily need to come from a toe lift,
but can come from any leg length extension increasing the CoM height.
This is possible if the gait is not performed with stretched knees which is
mostly the case in robot control tasks that aim to prevent singularities
in a stretched knee pose.

D.4 Benchmarking Between Human- and
AI-policies

To this point, we have shown that methods of policy extraction can
be used to estimate and reconstruct control policies from DRL. Inter-
estingly, when these methods are applied to human movement similar
strategies are revealed [234]. In this section we compare the findings
from our previous work with those based on the AI policy to highlight
the similarities between policies extracted from humans and DRL. This
will show that even though training in DRL can take just hours, the
emergent behaviours are similar to human behaviours which are highly
successful only after being refined over months. These similarities show
that DRL can be a high quality source of inspiration for control design
since it can closely match human level behaviour.

Data Collection

To compare human and DRL push recovery policies, human data was
recorded in 60 trials while short impulses were applied close to their CoM
(Fig. D.12 left), analogous to those applied to robots during DRL testing.
After the push ends (Fig. D.12 middle) the subject takes a recovery
action (e.g., stepping in Fig. D.12 right). Different impulse magnitudes
were applied to obtain a wide range of push recovery behaviour. Impulses
were measured by a Force/Torque sensor. Movement was measured via
a VICON motion tracking system and the data was post-processed
using OpenSim and gait analysis tools as presented in [237].

Push Recovery Strategies in Humans and AI
policies

Analysis of the human data [234] shows that various strategies are used
for push recovery as shown in Fig. D.1. Each strategy is associated with
a control action such as the modulation of (CoP), Angular Momentum,
CoM Height, or Support Polygon. Interestingly, a very similar structure
also emerges in the AI policy, which demonstrates the similarities
between DRL and human policies.

Control Strategy

We find that a single controller implementing the MJMPC scheme in
Section D.3 can explain human data across all strategies (Fig. D.13) as
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Figure D.12: Example of one experiment trial. Left: subject stands upright during the beginning of the push. Middle: subject
transits into stepping strategy after being pushed. Right: subject comes to a halt after stepping action.

was the case for DRL. Comparing these to the DRL results (Fig. D.10,
Table D.1) and it becomes apparent that the trajectories are similar
in each strategy. In conclusion, applying policy extraction methods
to humans and DRL revealed that they are generalisable to different
sources and shows that the respective policies are very similar, as
evidenced by the MJMPC controller.

Mean 𝑅2

Axis Ankle Hip Toe-Lift Step Total
X 0.76 0.84 0.95 0.89 0.86
Z 0.95 0.92 0.86 0.59 0.83

Table D.2: Coefficient of Determina-
tion (𝑅2) between human and robot
trajectories for Ankle, Hip, Toe, and
Step Strategy.

Why Learn From DRL Policies Instead of From
Humans?

This section showed that the policies of DRL and humans and their
derived, reversed-engineered controllers are similar, which raises the
question: why use an AI policy instead of learning from a human policy?
The answer lies in the logistics and applicability of both methods for
control design. While humans could be used as template to gain insights
on how to improve the target system (humanoid robots), learning from
an AI policy yields three main advantages:

1. Access to all internal states: by deploying DRL on the same
system as the target system, the state space is identical. Thus,
data can be collected from DRL learned policies as soon as the
learning process is complete and is immediately available for
analysis.
In the case of human policy analysis, data post-processing is
highly labour intensive and requires expensive data collection
equipment in order to infer accurate joint angle, joint torques and
CoM positions [237]. Data collection required around two weeks
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Figure D.13: Fit between human data and reverse-engineered controller. Left column: 𝑥 position, velocity, and required force. Right
column: 𝑧 position, velocity, and required torque.

of work, including setting up experiments, collecting subjects,
carrying out experiments and processing data.
These labour intensive logistics further motivate the use of DRL
to transfer policies over the collection of human data since a lot
more data can be extracted in a shorter time from DRL trials.

2. Policy transfer to non-humanoid robots: using humans as template
policy only allows a policy transfer to humanoids. In contrast,
DRL policies can be applied to system which are non-humanoid,
such as quadrupeds or multi-legged robots, or where the template
is not available, such as extinct vertebrates [238].

3. Analysis of the internal mechanisms of the policy: For analysis of
the policy beyond its input-output relations, e.g., t-SNE analysis
(Section D.3), the AI policy is more accessible than the human
policy. The AI policy is represented as NN and analysis tools
outlined in Section D.3 can be leveraged to gain insights in
the mechanisms of the AI policy. Analysing the mechanisms of
the human policy on the other hand require a neuroscientific
understanding of the brain and other involved components of the
humans.

The summarised strengths and limitations of DRL in a number of
different areas with respect to classical control and human control can
be found in Table D.3.
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Table D.3: Comparison between various control paradigms. Note that the limitations of DRL in optimality, robustness, and safety
are cancelled out by the strengths of classical control in these areas, and vice versa. The “Control + DRL” paradigm can overcome
the difficulties which are encountered in human-inspired control (last column).

D.5 Discussion and Conclusion

In this work, we presented an alternative application of DRL: instead of
directly deploying the AI policy, we aim to formulate control guidelines
from the AI policy. As a result, we bypass major drawbacks of learned
policies - unsafety, and stability issues - and obtain a certifiable, optimal
controller that demonstrates human-like behaviours (Fig. D.1). These
results were obtained for the challenging task of Push Recovery.

Results

We showed that DRL is powerful enough to learn complex motions
that resemble those of humans. The learned policy demonstrated the
same push recovery strategies that can be observed in humans, and
exhibit similar robustness as state-of-the-art control algorithms. After
analysing the learned AI policy we use it as a guideline and template
for control design.

The engineered controller is able to reproduce the same strategies as
human and AI policies with close quantitative fit to the collected data.
As observed in humans [234], the policy minimises jerk and implements
feedback control via Model-Predictive Control. Furthermore, analysis of
the required torques and forces on the system show that the trajectories
provided by the engineered policy are realisable on the real system.

We further compared the decoded DRL and human push recovery
policies, and surprisingly found that the AI policy has strong similarity
with human policies. We hypothesise that both the AI and humans
are able to identify the key features in the problem, as required for
high quality performance. This finding is interesting due to the time for
the DRL agents to acquire human-comparable push recovery abilities:
learning a good AI policy requires 6-8 hours; human infants require
10-18 months to learn the ability of locomotion [239].

While MJMPC was able to reproduce both policies, and both human
and AI policy can be used as template model for control design, we found
the usage of AI policies for template models more advantageous. This
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was due to the data of DRL being immediately available - in contrast
to the human data which required time-intensive post-processing -,
and having direct access to the policy in form of a Neural Network
allowing analysis of the Neural Network in addition to merely the
input-output behaviour. We performed a t-SNE analysis on the AI
policy (Fig. D.7), and found that the DRL agent - through interaction
with the environment - decided to not use the Angular Momentum
modulation due to its little effectiveness.

Challenges and Outlook

In this study, we showed that through analysis of template models from
human and AI policies for push recovery a certifiable safe controller
for humanoid robots can be engineered. Currently, all analysis and
implementations were conducted in a high-fidelity physics-simulator
which, despite our best efforts, differs from reality. To mitigate this
problem, we proposed a control framework for real-world deployment
that combined the proposed control law with a whole-body controllers in
a cascaded manner. Due to the shown feasibility of the motions and the
reliable stability of whole-body controllers in real-world applications, we
anticipate a seamless deployment of the controller onto a real system.

Our future work will investigate approaches in directly bridging this
reality gap and use interactions with the real environment to close
this reality gap in the DRL process. Furthermore, we aim to apply
this principled approach of designing controllers from template mod-
els to other systems (e.g., quadrupeds) and tasks (locomotion and
manipulation).



High-Dimensional Bayesian
Optimisation E

E.1 Introduction . . . . . . . 173
E.2 Bayesian Optimization175

Gaussian Processes . . 175
Optimization Problem
Formulation . . . . . . . 176
Acquisition Function . 177

E.3 Dimensionality Reduc-
tion Techniques . . . . . 177
Core Concept and
Formulation of the
Algorithm . . . . . . . . . 178
Reduction of Di-
mensionality for
Whole-Body Control . 178
Optimization Variables179

E.4 Results . . . . . . . . . . . 180
Comparison Methodol-
ogy . . . . . . . . . . . . . . 180
Optimizing Hyper-
parameters for Whole-
Body Control . . . . . . 180
Validating Versatility
of ABO by COCO
Benchmarks . . . . . . . 182

E.5 Discussion . . . . . . . . . 183
Reality Gap between
Simulation and Real
World . . . . . . . . . . . . 183
Potential and Possible
Applications of ABO . 185

E.6 Conclusion . . . . . . . . 186

In this chapter, an automatic parameter tuning process is presented
that allows the tuning of high-Degree of Freedom (DoF) robots. To
this end, we propose Alternating Bayesian Optimisation (ABO) [7]
that is used to tune 36 parameters of the humanoid Valkyrie en-
abling robust locomotion over uneven terrain. The media to this
chapter can be found in https://ieeexplore.ieee.org/abstract/
document/8651385/media#media.

E.1 Introduction

For robot locomotion, control parameters are essential for the stabiliza-
tion [240], Inverse Dynamics and whole-body control [241] of legged
robots, e.g. humanoids [204, 242] and quadrupeds [243]. However, the
high-dimensional and often sensitive parameters need to be correctly
chosen to guarantee stability and good performance, which could be
manually tuned or automatically found by search algorithms. The
former is time consuming and suboptimal due to the correlation of
high-dimensional parameters, while the latter requires sophisticated
search subject to the high-dimensionality of the problem that may be
sample-inefficient or often impossible.

The influence of parameters on the performance of a task cannot be
directly computed, because the evaluation needs to be quantified from
the interaction between the robot and the environment. Therefore, the
objective function for evaluating the performance can be treated as a
black-box, and derivative-free searching algorithms can be useful to
determine the optimal parameters. With increasing dimensionality of
the parameters, random or grid search approaches are inefficient as
the parametric space increases exponentially, and thus the amount of
evaluations. Derivative free searching algorithms, such as Sequential
Model-based Algorithm Configuration [244], evolutionary algorithm
[245], and particle swarm methods [246], are able to find a suitable

Figure E.1: Robust balancing against
perturbations of NASA’s Valkyrie using
36 automatically tuned control parame-
ters.

https://ieeexplore.ieee.org/abstract/document/8651385/media#media
https://ieeexplore.ieee.org/abstract/document/8651385/media#media
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set of parameters. However, they are not well suited for expensive
evaluations due to their sample-inefficient nature.

Furthermore, automatic tuning of control parameters can be equiva-
lently achieved by machine learning. Reinforcement learning can be
used in robot control to tune optimal gait parameters [247], or to
directly learn control policies for humanoid balancing control [171].
Alternatively, mathematical optimization can be effective in low dimen-
sional problems such as optimizing the gait parameters considering the
kinematics and dynamics constraints [248, 242].

Bayesian Optimization (BO) [19], a derivative-free, sample-efficient
optimization algorithm, is suitable to find global optima for black-box
optimization functions [42], and is widely used for hyper-parameter
tuning [43]. In robotics, BO has been used to find gait parameters on
real, physical hardware in [44] (5 dim./9 dim.), [45] (7 dim.), [46] (8
dim.), [47] (15 dim.). Additionally, domain knowledge has been applied
to find suitable kernels for improving sample efficiency on hardware
experiments [44, 48]. However, the dimensionality in these works was
relatively low, and hence a direct implementation of BO performed
well.

Despite its benefits, the capability of BO in finding global optima is lim-
ited by the high dimensionality, as the search space grows exponentially.
Dimensionality reduction approaches, such as Principal-Component
Analysis [49] or Partial Least Squares [50], would fail when the evalua-
tion of the objective function is expensive, or the data is insufficient
to find correlations in parameters. An approach to combine BO with
LQR was suggested in [51], in which, rather than tuning the full state-
feedback controller, only the lower dimensional LQR weights were tuned
via BO. For humanoid Whole-Body Control, a Trial-and-Error learning
algorithm in [52] dealt with model inaccuracies by learning repulsors
to alter reference motions that prevents an unstable configuration of
state space.

Recently, high-dimensional BO methods have been proposed: in [53]
only a subset is optimized over by randomly dropping out parts of the
parameters space; in [54] a local search is performed near a priorly given
location. However, the work in [53] does not consider the correlation
between the parameters and randomly drops out parameters, while
the solution in [54] relies on prior knowledge of the optimum which is
mostly unavailable without pre-tuning.

To overcome these limitations, we propose a novel approach that applies
domain knowledge for partitioning the parameter space, and is able
to find an optimum without assuming the location of the optimum.
We adopt the idea of Alternating Optimization [55] and iteratively
optimize one partitioned parameter sub-space at a time while keeping
the rest of the parameter space fixed.

Our proposed algorithm has similarities with Coordinate Descent ap-
proaches [56]. However, instead of a sequential search along the coordi-
nates until convergence, our proposed method searches in sub-hyper-
boxes of the parameter space and is independent on the convergence
of previous iterations. In combination with BO, a global optimization
algorithm, the alternating nature reduces the risks of local minima and
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allows parallelization, which are the two characteristics that are not
provided by Coordinate Descent methods.

In this chapter, we show in simulation that the proposed algorithm
is able to find an optimal hyper-parameter set for 36 parameters of a
Whole-Body Quadratic Programming controller. As a further validation,
our proposed algorithm is shown to be capable of finding the optima of
24 challenging objective functions from the COCO benchmarks [249].
Our contributions are summarised as follows:

▶ A novel Alternating Bayesian Optimization (ABO) algorithm
that is able to optimize black-box objective functions with high-
dimensional parameters.

▶ An automated parameter tuning framework for Whole-Body
Control that can find the high-dimensional optimal parametric
set from scratch within a few iterations.

▶ Evaluation of the versatility of the proposed ABO on the COCO
benchmarking platform that shows consistent convergence of find-
ing near global optima for challenging high-dimensional objective
functions.

This chapter is structured as follows. First, the BO problem for whole-
body control is formulated in Section E.2. Second, our novel ABO
algorithm and the automated tuning framework are presented in Sec-
tion E.3. The results of the whole-body control and benchmarking
on COCO are analyzed in Section E.4, and the potential uses and
possible limitations of the proposed algorithm are discussed in Section
E.5. Finally, we conclude in Section E.6.

E.2 Bayesian Optimization

To find the maximum of an expensive-to-evaluate objective function,
BO performs three steps. First, a cheap-to-evaluate, surrogate objective
function is built as a Gaussian Process (GP). Second, an acquisition
function maximises over the GP in order to find a local maximum.
The point found by maximising the acquisition function is a candidate
for the global optimum. Third, this point is sampled on the actual
expensive-to-evaluate objective function. Observing a point at the
suspected optimal points reduces (eliminates if noiseless) the variance
of the GP at that point, and therefore refines the GP. By continuously
iterating so, a global optimum of the actual objective function can be
found [43]. The pseudo code is given in Algorithm 7. The sampled
objective value 𝑦𝑖 consists of the true objective function 𝐽(𝑥𝑖) and the
noise 𝜖𝑖. The notation 𝑦1∶𝑇 indicates the samples gathered for 𝑦𝑖 at time
step 𝑖 = 1, ..., 𝑇.

Gaussian Processes

A Gaussian Process is defined by a mean function 𝑚(𝑥) and a covariance
function 𝑘(𝑥, 𝑥′):

𝑓(𝑥) ∼ 𝒢𝒫(𝑚(𝑥), 𝑘(𝑥, 𝑥′)). (E.1)
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Algorithm 7: Pseudo code for Bayesian Optimization
1 𝑦1∶𝑇 ← 𝐽(𝑥1∶𝑇) + 𝜖1∶𝑇, sample 𝑇 points
2 Initialise GP with 𝒟1∶𝑇 ← {𝑥1∶𝑇, 𝑦1∶𝑇}
3 for 𝑖 = 1, 2, ..., 𝑁 do
4 𝑥𝑡 ← argmax𝑥𝑎(𝑥), get next query point
5 𝑦𝑡 ← 𝐽(𝑥𝑡) + 𝜖𝑡, sample query point 𝑥𝑡
6 Update GP with 𝒟1∶𝑡 ← {𝒟1∶𝑡−1, (𝑥𝑡, 𝑦𝑡)}

The prior mean 𝑚(𝑥) (not conditioned on data) is chosen to be a zero
function 𝑚(𝑥) = 0 [250]. For the choice of a covariance function 𝑘(𝑥, 𝑥′),
several kernels have been proposed [250]. Throughout this work, we
used a Matérn kernel with the parameters∗ 𝜈 = 1.5, 𝑙 = 1.0:

𝑘(𝑥𝑖, 𝑥𝑗) =
21−𝜈

Γ(𝜈)
(
√
2𝜈𝑑
𝑙

)
𝜈

𝐾𝜈 (
√
2𝜈𝑑
𝑙

) , (E.2)

where 𝑑 = ‖𝑥𝑖 − 𝑥𝑗‖, gamma function Γ(⋅), modified Bessel function
𝐾𝜈, and non-negative parameters 𝜈, 𝑙.

Optimization Problem Formulation

The BO aims to find a set of parameters 𝑋 that maximises the reward
function 𝐽(𝑋), which keeps the objectives to be within a certain user-
defined range. The reward function 𝐽𝑡𝑟𝑎𝑐𝑘(𝑋) for tracking performance
is:

𝐽𝑡𝑟𝑎𝑐𝑘(𝑋) = 𝑟𝐶 + 𝑟𝐹 + 𝑟𝑇 + 𝑟𝑃 + 𝑟𝐻, (E.3)

where the tracking objectives are Centre of Mass (COM) (𝑟𝐶), foot
(𝑟𝐹), torso (𝑟𝑇) and pelvis (𝑟𝑃), and hand (𝑟𝐻). Every tracking reward
𝑟𝑋 = ∑𝑁

𝑖=0 𝑟𝑥,𝑖 consists of the sum of 𝑁 rewards 𝑟𝑥,𝑖. A reward 0 <
𝑟𝑥,𝑖 ≤ 1 at time step 𝑖 for tracking a desired value 𝑥𝑑𝑖

is given if the
objective is in a certain range (determined by width 𝜅):

𝑟𝑥,𝑖 = exp(−𝜅‖𝑥𝑑𝑖
− 𝑥𝑖‖2). (E.4)

The width 𝜅 = −ln(𝐶)/𝛿2𝑚𝑎𝑥 is calculated by the range 𝛿𝑚𝑎𝑥 and
associated reward 𝐶 ≐ 0.001 (𝐶 → 0, because 𝐶 = 0 and ln(0) are
infeasible). Critical links, such as feet and COM have an error range
𝛿𝑚𝑎𝑥 = 0.05 for both orientation in [𝑟𝑎𝑑] and position in [𝑚] (𝜅 = 2760,
red curve, Fig. E.2). An error range 𝛿𝑚𝑎𝑥 = 0.1 for torso, pelvis, and
hands yields a width parameter 𝜅 = 690 (blue curve, Fig. E.2). The
admissible error range is motivated by the physical shape of the support
polygon, where 0.1𝑚 and 0.05𝑚 correspond to half of the foot length
and width respectively, and the rotational errors approximately match
the smallest torso joint limits.

A fall penalty is added if either the orientation of the torso 𝜃𝑟𝑝𝑦 exceeds

∗ While BO requires user-choices, e.g., kernel and acquisition function and related hyper-
parameters, our ABO in this study is robust towards these choices. The same results were
achieved by different acquisition functions (Expected Improvement, Upper Confidence
Bound, Probability of Improvement), and kernels (Radial Basis Function, Matérn,
Rational Quadratic) using the default parameters of scikit-learn.
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Figure E.2: Reward of error values for
𝜅 = 690 and 𝜅 = 2760.

a threshold 𝛿𝑟𝑝𝑦𝑚𝑎𝑥
, or the pelvis height 𝑧𝑐 is below a threshold 𝛿𝑧:

𝐽𝑓𝑎𝑙𝑙 = {
0, if 𝜃𝑟𝑝𝑦 ≥ 𝛿𝑟𝑝𝑦𝑚𝑎𝑥

or 𝑧𝑐 < 𝛿𝑧,
1, else.

(E.5)

The overall reward function is:

𝐽(𝑋) = 𝐽𝑡𝑟𝑎𝑐𝑘(𝑋) ⋅ 𝐽𝑓𝑎𝑙𝑙. (E.6)

Acquisition Function

The goal of an acquisition function 𝑎(𝑥) is to have a fast-to-evaluate
function at any given point 𝑥 in order to decide where to sample next
for the observation (𝑦𝑖, 𝑥𝑖). The next sample point is chosen as the
point 𝑥 = argmax𝑥𝑎(𝑥) that maximises the acquisition function. The
mean 𝜇(𝑥) = 𝜇(𝑥;𝒟, 𝜃) and variance 𝜎2(𝑥) = 𝜎2(𝑥;𝒟, 𝜃) are calculated
from previous observations 𝒟 = {𝑥1∶𝑛, 𝑦1∶𝑛} and hyper-parameters 𝜃 of
the GP. In this work, the upper confidence bound (UCB) [251] is used.
It automatically trades off exploration and exploitation by weighing
mean against variance:

𝑎𝑈𝐶𝐵(𝑥) = 𝜇(𝑥) + 𝛼𝜎(𝑥), (E.7)

where the trade-off parameter 𝛼 ≥ 0. The UCB for maximisation
can be seen as an algorithm that minimises the accumulated regret
𝑅𝑇 = Σ𝑇

𝑡=1𝑓(𝑥∗) − 𝑓(𝑥𝑡) with the unknown-optimal point 𝑥∗ to a point
of no-regret [252]:

lim
𝑇→∞

𝑅𝑇/𝑇 = 0. (E.8)

E.3 Dimensionality Reduction Techniques

This section presents the principles for reducing the dimensionality of
the optimization variables. First, we elaborate our proposed Alternating
Bayesian Optimization (ABO) approach for finding high-dimensional
parameters using a pseudo algorithm. Next, we introduce domain
knowledge such as symmetry to reduce the dimensionality of parameters
from more than 100 down to 36, and then group these 36 parameters
by their correlation.
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Core Concept and Formulation of the Algorithm

We propose a novel method (Algorithm 8) of finding the global
optimum for the whole set of optimization variables 𝑋. We partition
𝑋 = [𝑋1, ..., 𝑋𝐾] into 𝐾 groups, and successively optimize the objective
function (E.6) on each partition 𝑋𝑗 (𝑗 = 1, ...,𝐾) while keeping the
other 𝐾 − 1 partitions fixed. We define the crossed-out notation 𝑋𝑖 to
indicate that the parameter group 𝑋𝑗 (𝑗 = 1, ...,𝐾) is fixed.

First, an initial set of parameters 𝑋0 will be used for all optimization
variables with maximum value 𝑦𝑚𝑎𝑥 = 𝐽(𝑋0). Next the objective
function 𝐽(𝑋) will be optimized via BO with all parameter groups
being fixed except 𝑋𝑗. If using 𝑋𝑗 results in a better value than the
current maximum value 𝑦𝑚𝑎𝑥, then 𝑋𝑗 will be used and 𝑦𝑚𝑎𝑥 will be
updated.

After iterating through all 𝐾 groups for 𝑁 times or when a termination
criterion is met, a final BO step with 𝑁𝑓𝑖𝑛𝑎𝑙 iterations is performed to
locally optimize around the near optimal parameter set. This step aims
to either fine-tune the parameter 𝑋𝑠𝑢𝑏 (if 𝐽(𝑋𝑓𝑖𝑛𝑎𝑙)−𝐽(𝑋𝑠𝑢𝑏) < 𝛿), or
unstuck the optimization (if 𝐽(𝑋𝑓𝑖𝑛𝑎𝑙) − 𝐽(𝑋𝑠𝑢𝑏) > 𝛿).

In Algorithm 8, ABO is used to find near-optimal parameters, and
the final holistic BO will either globally fine-tune or unstuck the local
optimum. For large variations between ABO (Algorithm 8, line 2) and
holistic BO (Algorithm 8, line 9), which indicates a local maximum,
the algorithm will be restarted with new initialisation 𝑋0 = 𝑋𝑓𝑖𝑛𝑎𝑙.

Algorithm 8: Pseudo code for Alternating Bayesian Optimization
1 𝑋 ← 𝑋0, 𝑦𝑚𝑎𝑥 ← 𝐽(𝑋0)
2 for 𝑖 = 1, 2, ..., 𝑁 and not terminate do
3 for 𝑗 = 1, ...,𝐾 do
4 𝑋+

𝑗 ← argmax
𝑋𝑗

𝐽(𝑋1, ..., 𝑋𝑗, ..., 𝑋𝐾)

5 if 𝐽(𝑋1, ..., 𝑋+
𝑗 , ..., 𝑋𝐾) > 𝑦𝑚𝑎𝑥 then

6 𝑋 ← [𝑋1, ..., 𝑋+
𝑗 , ...𝑋𝐾]

7 𝑦𝑚𝑎𝑥 ← 𝐽([𝑋1, ..., 𝑋+
𝑗 , ..., 𝑋𝐾])

8 𝑋𝑠𝑢𝑏 ← 𝑋
9 for 𝑖 = 1, 2, ..., 𝑁𝑓𝑖𝑛𝑎𝑙 do
10 𝑋𝑓𝑖𝑛𝑎𝑙 ← argmax𝑋𝐽(𝑋)
11 if 𝐽(𝑋𝑓𝑖𝑛𝑎𝑙) − 𝐽(𝑋𝑠𝑢𝑏) > 𝛿 then
12 Restart ABO with 𝑋0 ← 𝑋𝑓𝑖𝑛𝑎𝑙

Reduction of Dimensionality for Whole-Body
Control

The Quadratic Programming (QP) based Whole-Body controller opti-
mizes physically feasible torques for tracking task-space references. The
task priorities are represented by the weights as 𝑤 = [𝑤0, ..., 𝑤𝑛] in the
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objective function of the whole-body optimization problem† (E.9). The
whole-body QP in [204] is adopted and the tasks 𝐽𝑡𝑎𝑠𝑘𝑠 are:

𝐽𝑡𝑎𝑠𝑘 = 1
2
‖𝐴𝑋 − 𝑏‖2, (E.9)

where 𝐴 = [𝑤0𝐴0, ⋯ ,𝑤𝑛𝐴𝑛]𝑇, 𝑏 = [𝑤0𝑏0, ⋯ ,𝑤𝑛𝑏𝑛]𝑇, and the optimiza-
tion variable 𝑋 = [ ̈𝑞, 𝜏, 𝜆]𝑇 consisting of torque commands 𝜏, joint
accelerations ̈𝑞 and ground reaction forces 𝜆. Rearranging (E.9) leads
to the QP form:

min
𝑋

𝑋𝑇𝐻𝑋 + 𝑓𝑇𝑋 (E.10)

𝑠.𝑡. 𝐴𝑒𝑞𝑋 +𝐵𝑒𝑞 = 0 (E.11)
𝐴𝑖𝑛𝑒𝑞𝑋 +𝐵𝑖𝑛𝑒𝑞 ≥ 0. (E.12)

The cost function (E.10) is a weighted sum over tracking objectives and
regularization (cf. Table H.1). The Cartesian reference acceleration for
tracking COM and body link trajectories is calculated from the desired
position 𝑥𝑑, velocity ̇𝑥𝑑, and acceleration ̈𝑥𝑑 via a PD law as:

̈𝑥 = ̈𝑥𝑑 +𝐾𝑃(𝑥𝑑 − 𝑥) +𝐾𝐷( ̇𝑥𝑑 − ̇𝑥). (E.13)

The equations of motion form the equality constraints (E.11):

[𝑀(𝑞) −𝑆 −𝐽𝑇(𝑞)] ⎡⎢
⎣

̈𝑞
𝜏
𝜆

⎤
⎥
⎦
+ ℎ(𝑞, ̇𝑞) = 0, (E.14)

with inertia matrix 𝑀(𝑞), selection matrix 𝑆, stacked Jacobian ma-
trices 𝐽𝑇(𝑞) of the contact links, and nonlinear effects ℎ(𝑞, ̇𝑞). Torque
limits, friction constraints, and COP constraints are considered in
the inequality constraints (E.12) and are implemented as proposed in
[253].

Optimization Variables

By assuming symmetry between the left and right and grouping sym-
metric links, the optimization variables can be reduced to 36 (Table
H.1). As shown in Table H.2, H.3, holistically optimizing 36 parameters
altogether for the whole-body control yields suboptimal results, and is
thus impractical.

We will show that grouping the optimization variables into three phys-
ically meaningful groups will result in faster convergence and better
performance. The parameters 𝑋 = [𝑋𝑊, 𝑋𝑃𝐷, 𝑋𝑀] are categorised into
objective function weights 𝑋𝑊 (E.9), PD gains 𝑋𝑃𝐷 (E.13), and miscel-
laneous parameters 𝑋𝑀. Here, the miscellaneous set 𝑋𝑀 describes the
parameters required for the wrench constraints as in [253], including
the foot geometry 𝑥𝑓𝑟𝑜𝑛𝑡, 𝑥𝑏𝑎𝑐𝑘, 𝑦𝑙𝑒𝑓𝑡, 𝑦𝑟𝑖𝑔ℎ𝑡 with 𝑦𝑠𝑖𝑑𝑒 = 𝑦𝑙𝑒𝑓𝑡 =𝑦𝑟𝑖𝑔ℎ𝑡,
and friction constraints 𝜇. Instead of using a constant foot size in 𝑋𝑀,
the foot geometry can be treated as a tunable parameter for finding

† The priority is determined via ABO. The reward function (E.6) is designed such that
the weights will be optimized to keep the tracking error within the user-specified error
range and as close to zero as possible.
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a suitable stability margin, where boundary limits are the actual foot
dimensions of the robot. We found that leaving a stability margin for
the actual foot geometry and 𝑋𝑀 leads to higher robustness. Averaged
over 10 trials, a stability margin of 2𝑐𝑚 was found.

E.4 Results

This section presents three key results: 1) the ability of ABO to find
optimal parameters for whole-body control of the Valkyrie robot; 2)
comparison of ABO with three other parameter search algorithms; 3)
a further evaluation study of ABO on the COCO benchmarking suite
[249].

Comparison Methodology

ABO is compared with three other parameter search algorithms: holistic
BO, alternating random search, and BO using dropout [53]. The holistic
BO approach optimizes over the whole parametric space (Algorithm
7), while ABO iteratively optimizes over its sub-spaces (Algorithm 8).
The alternating random search method is similar to our ABO approach,
but the next sample point is uniformly and randomly sampled from
the search space instead of being found by an optimized acquisition
function.

BO using dropout achieves dimensionality reduction by randomly drop-
ping out dimensions and optimizing over 𝑑 parameters instead of the
full, high-dimensional parameter space. The work in [53] proposed
two fill-in strategies for the dropped dimensions: dropout-random and
dropout-copy. The third method, dropout-mix, performed similar to
dropout-copy and is not shown in our comparison (Fig. H.1b) for clar-
ity purposes. We implemented both fill-in strategies with a sampled
dimension of 𝑑 = 8 and 𝑑 = 16.

For ABO, every BO iteration consists of 30 BO evaluations with UCB
as acquisition function 𝑎𝑈𝐶𝐵(𝑥) using the trade-off parameter 𝛼 = 3.
For the low-dimensional parameters 𝑋𝑀, only 10 BO evaluations are
conducted. Thus, for the whole-body control, 70 objective function
evaluations are conducted per iteration (30 for 𝑋𝑊, 𝑋𝑃𝐷, 10 for 𝑋𝑀).
The holistic, random search, and dropout algorithms use the same
evaluation budget (70 per iteration) as ABO.

Optimizing Hyper-parameters for Whole-Body
Control

This section presents the results obtained from learning optimal pa-
rameters by interacting with the environment. All simulations were
conducted in Gazebo using an accurate model provided by NASA for
the humanoid Valkyrie [10] - a 1.80𝑚 tall, 139𝑘𝑔 heavy humanoid robot
with 44 actuated Degrees of Freedom (DOF).

An episode consists of a start and an end phase of 1𝑠 each and 5
straight steps of 0.25𝑚 with a step duration of 3𝑠. The walking motion
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is generated by using Model-Predictive Control as in [4] to track these
pre-planned footsteps for both Gait Planning and Feedback Control.
At a frequency of 50𝐻𝑧, the sum of 850 rewards (E.4) are gathered
per episode as the scalar output of the reward function. To the best
of our skills, the hand-tuned parameter set yielded a value of 726.
At a theoretical maximum of 850 for absolutely perfect tracking, a
value of over 700 is able to robustly perform all locomotion tasks (Fig.
E.3b). As a baseline, walking all 5 steps using bad tracking is possible
for values over 550, and standing is possible for values over 250 (Fig.
E.3a). The objective weight and PD gain parameters for the alternating
approaches are initialised (alg. 8, line 1) with zeros 𝑋𝑊 = 𝑋𝑃𝐷 = 0,
and the miscellaneous parameters are initialised using their mean values
𝑋𝑀 = [0.09, 0.04, 0.03, 0.5].

(a) Objective value of
250
(poorly tuned, 1st itera-
tion).

(b) Objective value of
730
(well tuned, 6th itera-
tion).

(c) Slabs with 5∘ inclina-
tion (well tuned). (d) Roll inclination of

10∘ (well tuned).
(e) Pitch inclination of
5∘ (well tuned).

Figure E.3: Snapshots of different walking trails using automatically tuned parameters. The detailed motions and scenarios can be
found in the accompanying video.

On average, optimal parameters were found within 6 iterations via ABO
(alg. 8). These parameters were generalised to multiple locomotion and
balancing tasks and exhibit good impedance behaviour of walking over
unmodelled, uneven terrain (cf. supporting video, Fig. E.1, Fig. E.3c-e).
The tracking performance of task space references is shown in Fig.
E.4.

The learning curves of the automatic parameter tuning are in Figure
H.1. The best values indicate the maximum value at the respective
time step and therefore only shows improving values. The mean of
this curve shows that the robot starts to walk after roughly 2 ABO
iterations (140 evaluations), achieves a manual-tuned level after 4 ABO
iterations (280 evaluations), and performs the final mean value of 732
after 8 ABO iterations (560 evaluations).

Table H.2 shows the number of iterations and the final value at conver-
gence from four different methods. Over 10 trials, ABO always found a
parameter set for task completion. The alternating random approach
has one trial finding such a parameter set, but the holistic approach
has no trial of finding a working parameter set. BO using dropout-copy
was able to find a task-completing parameter set for all 10 trials with
both 𝑑 = 8, 𝑑 = 16, while BO using dropout-random was not able to
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Figure E.4: Tracking of COM, COP
and feet trajectories, where the yellow
solid line is the online re-generated de-
sired ZMP consists of the nominal ZMP
and the feedback corrections.

(a) Tracking task space references in 𝑥 coordinate.

(b) Tracking task space references in 𝑦 coordinate.

find a working parameter set. The results in Table H.2 suggest that
the nature of alternating search of parameters for high-dimensional
problems greatly improves the success of finding good parameters even
for non-sophisticated search algorithms such as random search.

Both ABO and dropout-copy for 𝑑 = 8 and 𝑑 = 16 can achieve an
objective value over 550 indicating that the robot is able to walk stably
(Figure H.1b). However, ABO converges faster and achieves a higher
value than the dropout-copy, and thus tracks the reference trajectories
better. Dropout-random achieves similar performance as the alternating
random search, which is not able to succeed a stable 5-step walking
task.

Validating Versatility of ABO by COCO
Benchmarks

To further understand the versatility of solving other problems, ABO
was validated on the COCO benchmarking suite that has 24 functions
(f1-f24) in an explicit form for benchmarking global optimizers in a
black-box setting. Notably, in addition to standard objective functions
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(f1, f5, f13), it also contains ill-conditioned (f2, f6, f10, f11, f12, f18),
local minimum trapping (f3, f4, f7, f8, f9, f14, f15, f20, f23), irregular
(f16, f21, f22), and multi-modal (f17, f19, f24) objective functions to
thoroughly test the optimizer.

For normalization, every objective function is off-setted such that the
smallest value is larger than zero. The smallest possible value varies for
every objective function 𝑓1 − 𝑓24 and increases with the dimension of
the problem. In addition to a maximal number of iterations, tolerances
𝑡1 = 1% and 𝑡2 = 10%, representing the tolerance of being 1% and 10%
away from the maximal possible value, are used as termination criterion
calculated individually for each function 𝑓1−𝑓24. The average maxima
for the well and poorly conditioned objective functions, and the success
rate 𝑟𝑡1 , 𝑟𝑡2 of using tolerance rate 𝑡1 and 𝑡2 are described respectively
in Table H.3. All parameters are uniformly randomly initialised, and
the optimization variables are partitioned randomly.

The lower success rates from the alternating random search suggest that
the higher success rates of ABO is attributed to our proposed method,
rather than randomly finding the optimum.Furthermore, similar to the
whole-body control ABO case, using an alternating approach increases
the success rate over a holistic one, especially for high-dimensional
problems. In contrast to [249], an evaluation budget is used. This is
due to the fact that a limitless evaluation budget would lead to lengthy
computations, as well as an exhaustive search that eventually leads to
the optimum. The COCO benchmark, in which budget is considered as
secondary, is designed for being challenging to “defeat” the optimization
problem. We aim to preserve the sample efficient nature of BO, by
trading off an absolute success rate of the ABO approach that can
arguably be improved. In fact, the success rate of ABO being 2-3 times
higher than that of holistic BO has already shows an advantage. In
summary, a holistic BO approach yields good results for dimensions
up to 10D but low success rates for the dimensions higher than 10D,
whereas the ABO approach yields good results of success rates over
75%.

E.5 Discussion

This section discusses the potential use of our proposed ABO algorithm
and the consideration of deploying ABO on real systems regarding the
simulation-to-reality gap.

Reality Gap between Simulation and Real World

Model uncertainties hinder a direct transfer of the tuned parameters
from simulation to reality, and are mainly caused by the inaccuracy
of the masses, inertias, link dimensions, communication latency, and
noises. The following study shows the robustness of our automatically
tuned parameters against model uncertainties, and suggests the need
of a small number of fine-tuning iterations on the real system given an
initial set of parameters auto-tuned from a perfect model.
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Figure E.5: Reward from different
model discrepancies and the resulted
learning curves for fine-tuning the pa-
rameters.
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(a) Resulted reward due to model imperfection on mass and inertia.
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(b) Learning curve for fine-tuning on realistic model.

Model Imperfections

The imperfection was modelled by the differences between model and
real robot in mass and inertia. We first ran ABO on a perfect model in
simulation, and then for the test, we altered the simulation model by
adding uncertainties of masses and inertia from a normal distribution
with varying standard deviations.

In Figure E.5a, the results averaged over 5 trials suggest that it is
important to accurately identify mass as it contributes greatly to the
reward and causes COM deviations (blue line, Fig E.5a) of up to 3cm
on average. In contrast, wrong inertia identification contributes much
less to the reality gap. Inaccuracies of up to 5% can be tolerated without
losing tracking quality, and even inaccuracies of up to 25% still yield
stable gait despite bad tracking.

Fine-tuning of Parameters on Real Hardware

After obtaining a parameter set that works well in simulation, but
exhibits bad tracking performance on the real model, ABO has the
potential to be further used to fine-tune parameters on the real robot,
which is studied in simulated cases here (not on the real hardware) by
using a different model with intentional changes mimicking discrepancies
between simulation and hardware. From the results in Fig. E.5b, it can
be seen that for small model errors, ABO converges after one iteration
and 50 function evaluations; for a 25% discrepancy as the reality gap,
the algorithm requires 6 ABO iterations (360 evaluations) to reach
optimal behaviour.
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Potential and Possible Applications of ABO

In addition to tuning whole-body control, ABO could also identify and
tune additional parameters by considering model asymmetries between
the left and right, using independent gains in 𝑥, 𝑦, 𝑧 coordinates, and
identifying dynamics and off-diagonal elements in the weight matrices
(E.10). In the following we depict potential applications of ABO.

Consideration of Asymmetries

In Table H.1 symmetry between left and right side of the robot is
assumed, which may not be true in reality. In Section E.5, we showed
that the optimized parameters were robust to uncertainties including
model asymmetry, and additional fine-tuning can further improve the
performance. Alternatively, the model asymmetry could be directly
included in the optimization setting by adding more optimization
variables. As a proof of concept, we were able to achieve the same
performance as before by adding 4 additional tuning parameters for
the left and right foot separately.

Separate Parameters for Postural Control

In addition to physical asymmetries, the body pose can also be decom-
posed into 6 components with separate weights requiring longer training
time due to higher dimensionality. We tested separate horizontal (𝑥,
𝑦) and vertical (𝑧) gains for the feet and COM, and obtained similar
results as in the original non-separating case by an average increase of
training time of 100 evaluations.

Adaptation to Variation of Dynamics Properties

In Section E.4, we exemplarily showed the possibility of identifying fric-
tion parameters. Identification of more parameters could be conducted
on the dynamics parameters. To this end, ABO would optimize over
masses and inertia matrices. We used ABO to successfully identify the
8 heaviest links and the inertia matrix of torso with a deviation of up
to 10% from the nominal values specified in the URDF.

Identification of Correlated Off-diagonal Elements

Perceiving correlations of the off-diagonals in manual tuning is difficult
for humans, and thus ABO could potentially be a leverage to identify
those elements in the cost function (E.10). Future work is needed to
study ABO’s ability to find suitable parameters given a much larger
number of additional optimization variables.
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E.6 Conclusion

In this work, we proposed an Alternating Bayesian Optimization (ABO)
algorithm capable of tuning optimal parameters for high-dimensional
optimization problems. This was achieved by evaluating data from
interactive trials of between the robot and the environment (simu-
lated scenarios) and the search of appropriate hyper-parameters, which
produced optimal performance of robust locomotion under model un-
certainties. We tackle the arising problems in high-dimensionality, such
as sample-inefficiency and exhaustive searches, by partitioning the
whole parameter space into low-dimensional sub-spaces, and iteratively
optimizing over each sub-space while fixing the rest sub-spaces.

We first applied dimensionality reduction to reduce 100 more parameters
to 36, and then used the proposed ABO algorithm to automatically tune
this 36-dimensional parameter set for whole-body control of NASA’s
Valkyrie robot to locomote over uneven terrains. The robot stood stably
after 1 iteration, performed dynamic walking after 3 iterations, and
converged to the best performance within 6 iterations.

The proposed method found better parameters within fewer iterations
than the manual tuning from the experienced researchers. This is mainly
due to human limitation in spotting correlations between parameters in
high dimensions, whereas ABO utilises Gaussian Processes which are
precisely designed to capture these correlations. Hence, our proposed
algorithm can be applied to other systems that require automatic
tuning of high-dimensional, correlated hyper-parameters. In the COCO
benchmarking suite, the proposed ABO algorithm was further validated
by finding global optima of the challenging objective functions. Lastly,
we discussed potential applications and limitations of the algorithm that
may arise particularly during the transfer from simulation to reality.

Our future work will focus on implementing ABO on real hardware for
automatic gait tuning by using the parameters obtained from simulation
as an initialisation. Furthermore, constrained Bayesian Optimization
methods, such as SafeOpt [254], will be considered to protect the robot
from damage.
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Following are the comparison figures for Section A.5.

(a) Impulse disturbance while COP tracking with formulation E.

(b) Impulse disturbance while COP tracking with proposed formulation D.

Figure F.1: Comparison between for-
mulation E (a), and proposed D (b) for
an impulse push of 𝑥̈𝑒𝑥𝑡 = 0.5𝑚/𝑠2.
Due to wrongly capturing the COP dy-
namics the controller in (a) is wrongly
reacting to the disturbance, moving the
COP outside of the SP. Formulation (b)
is correctly complying with the ZMP
constraint.
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Figure F.2: Comparison between COP
(a) and CP (b) tracking under an im-
pulse disturbance of 𝑥̈𝑒𝑥𝑡 = 1𝑚/𝑠2 .

(a) COP tracking with proposed formulation D.

(b) CP tracking with proposed formulation D.
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(a) Constant disturbance while COP tracking with formulation C.

(b) Constant disturbance while COP tracking with formulation E.

(c) Constant disturbance while COP tracking with proposed formulation D.

Figure F.3: Comparison between for-
mulation C (a), E (b), and proposed
D (c) for constant disturbance 𝑥̈𝑒𝑥𝑡 =
0.15𝑚/𝑠2. The proposed formulation
D updates the COP trajectory correctly
according to (A.8). Formulation E cal-
culates the COP trajectory wrongly by
(A.2), attributing the external accelera-
tion wrongly to the COP.





Accelerated Deep
Reinforcement Learning G

Table G.1: Wall clock times for various robotic environments trained with PPO and SAC

Real-Time Factor (RTF) PPO for 200K samples SAC for 200K samples

SAC
RTF

PPO
RTF

Max
RTF

Total
time
[s]

Train
[s]

Roll-
out [s]

Total
time
[s]

Train
[s]

Roll-
out [s]

Ant 323 41 600 214 19 195 1255 1230 25
HalfCheetah 313 52 1200 172 17 155 1250 1224 26
Hopper 333 54 700 178 17 161 1256 1232 24
Walker 278 50 800 168 19 149 1229 1200 29
ANYmal 152 5 202 1666 47 1619 1276 1224 53
Valkyrie 91 4 120 2309 49 2260 1328 1240 88





High-Dimensional Bayesian
Optimisation H

(a) ABO, alternating random search, and holistic BO comparison.

(b) Comparison between ABO, BO using dropout-random (𝑑 = 8, 16), and BO using dropout-copy (𝑑 = 8, 16).

Figure H.1: Comparison between ABO, alternating random search, holistic BO, and BO using dropout for Whole-Body Control
(shaded area: standard deviations).
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Table H.1: Range for the optimization variables. For pose tracking, separate weights for position and orientation are used.
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Table H.2: Average number of iterations and final values over 10 trials for Whole-Body Control of NASA’s Valkyrie. The values in
parenthesis indicate the number of evaluation.
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Table H.3: Average number of iterations and final values over 10 trials for well and poorly (f2, f7, f10, f11, f12, f18, f22) conditioned
optimization problems. The random search is averaged over 1000 trials.
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Table I.1: Mechanical specifications of Valkyrie.
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Notes 

Note S1. Data analysis of MELA learning results 
From fig. S12A, the changing weights around the boundaries of locomotion modes            
indicate that MELA produced smooth and quick transitions across successive modes.           
The data in fig. S12C-E shows a clear correlation between the sum of the experts'               
weights and the locomotion mode, suggesting that MELA trained the experts to be             
activated in a collaborative manner. Figure S12C delineates the sum of the weights of              
expert 3 and 7, which is high throughout the trotting mode but low during standing and                
fall recovery. Similar patterns of activation can also be observed in fig. S12D, where the               
sum of expert 5, 6 and 8 has particularly high peaks during fall recoveries but constantly                
low in other modes. Figure S12E shows the differential weight between expert 1 and 4               
(weight of expert 1 deducted by that of expert 4), and the complementary activation              
during left and right trotting, i.e., activation of expert 1 and inhibition of expert 4 during                
right trotting, and vice versa.  

In conclusion, the data in fig. S12 reveals the correlations and patterns between the              
weights of collaborating experts and the corresponding locomotion mode, suggesting          
that trained experts in the MELA were activated in a coherent manner. 

Note S2. Additional Materials and Methods 
In this section, we provide additional details of the training procedures and the control              
framework that are needed to reproduce our presented policies. 

Sample collection procedure 
The distribution of samples collected by the agent during training will affect the learning              
outcome of the policy. In order to obtain a sample distribution containing a variety of               
robot states for better generalisation, we used two techniques to augment the standard             
sample collection: reference state initialisation and early termination. 

First, to increase the diversity among collected samples, we initialised each simulation            
episode by a random selection from a set of reference configurations. The diversity in              
the sample distribution allows the agent to learn a policy of good generalisability for a               
range of different states. Furthermore, by initialising the robot in difficult configurations,            
the agent can experience challenging cases more often. Second, we applied early            
termination to the episode during training when the robot encountered an undesirable            
state, such as a failure state in which the robot was unable to recover. Early termination                
prevents irreversible failures from skewing the sample distribution (note S2). 

Control framework 
Joint torque control of the real ​Jueying robot is used to create an impedance mode for                
all joints because having mechanical impedance is known to be robust during the             
physical contact and interactions ​(​59 ​, ​60​)​. Hence, the synthesised DNN plays a role             
similar to a CNS that produces trajectory attractors constantly pulling and pushing all             
joints in the impedance mode to generate joint torques similar to a spring-damper             
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system. 

The neural network policy generates joint position references at 25 Hz (Fig. 6A). A              
policy with an update frequency of around 25 Hz is a common setting as a high-level                
motion planning layer in robot control ​(​27 ​, ​28​, ​31​, ​61​)​. The standard joint-level trajectory              
interpolation and speed limit were implemented to generate smooth position references           
at 1000 Hz for the low-level impedance control. 

The Proportional-Derivative (PD) gains used for the impedance control are shown in            
table S6. The feedback gains were 700Nm/rad and 10Nms/rad for stiffness and            
damping respectively and were sufficient for the robot to have good control over its              
swing leg and placement of stance foot. Based on our proposed smoothing loss, the              
policy has learned an active compliance behaviour in the simulation as well as in the               
experiments by adjusting the position references. The supplementary video (movie S2)           
shows that the robot interacted in a compliant manner, instead of being stiff as it would                
be in a pure position control mode with the same PD gains. 

During the dynamic response, the stiffness produced by the active control can be lower              
than the original PD gains set in the impedance mode, as it is regulated the same way                 
as for series elastic actuators (SEA) ​(​48​)​. Therefore, it is desirable to have medium PD               
gains in the low-level joint control, and render the desired or a lower impedance by               
adjusting the high-level position set-point, i.e., a deliberate motion to buffer an impact.  

The MELA policy learns how to regulate the set-point for the impedance controller to              
achieve compliant behaviour, which is similar to active compliance found in the control             
of robotic arms. Robot manipulators are usually controlled by high PD gains and are              
thus very stiff, but soft and compliant behaviours can still be achieved by limiting the               
amount of torque applied on joints ​(​62 ​, ​63​)​. Since the neural network receives feedback              
of the actual joint positions and has direct control of the desired joint positions ,     qm           qd  
according to the SEA principle , actively changing the set-point with     (q )τ = Kp

d − qm      qd   
respect to the measured position can restrict the amount of torque, lower the     qm          
stiffness, and thus increase the compliance.  
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Nomenclature 
This note describes the definitions of mathematical notations to help explain the            
equations of the reward terms in the following section. 

32 

 ϕ base Orientation vector: the projection of the normalised gravity vector in the           
robot base frame to represent the orientation 

hworld The robot base height  in the world frame z)(

 v base
world The linear velocity of the robot base in the world frame 

 v base
local The linear velocity of the robot base in the robot’s local heading frame: 

(θ )×v RT
yaw
world

base
world

 θ yaw
world The yaw orientation of the robot body in the world frame 

 ω yaw
world The yaw angular velocity of the robot body in the world frame 

τ The vector of all joint torques 

q The vector of all joint position 

q̇ The vector of all joint velocity 

(·)
︿

The desired quantity of selected property , where  is a placeholder·)  ( ·)  (  

hworldfoot,n The n-th foot height  in the world framez)(  

vworldfoot,n The horizontal linear velocity  of the n-th foot in the world frame(x, )   ˙ ẏ  

 p goal
world The horizontal component of the goal position  in the world framex, )( y  

 p robot
world The horizontal component of the robot base position in the world frame 

ubasegoal, base The unit vector pointing from the robot base to the goal at the base frame 

 p world
foot,n The horizontal placement of the n-th foot in the world frame 
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Soft Actor Critic 
Compared to the classic reinforcement learning methods that obtain a policy by           (s )π t   
maximising the expected sum of rewards as: 

we used the Soft Actor Critic (SAC) with the objective optimised over an additional          (π)J      
maximum entropy objective  as:(π(· s ))  H | t  

where is the expected entropy of policy over the sample distribution . (π(· s ))  H | t        π       ρ π  
The temperature parameter affects the stochasticity and the exploration capability of   α          
the optimal policy by changing the influence of the entropy term, where a higher              α  
leads to more stochastic policies, and vice versa. SAC balances the well-known            
problem of exploitation and exploration by automatically tuning the temperature          
parameter .α  

The policy is expressed as a Gaussian distribution with mean        (μ (s ), (s ) )  Ɲ ψ t σ ψ t
2    (s )μψ t  

and covariance generated by a neural network. A ​tanh function is applied to the  (s )σ ψ t              
Gaussian samples to project the action distribution within . The        (s ) − , )â t ∈ ( 1 1   
squashed action is then scaled by the joint range to formulate the target action  (s )â t         q̄       

as the joint position references for the robot. The hyperparameters of the(s ) qa(s ) a t =  ˉ ˆ t             
SAC algorithm can be found in table S7. 

Initialisation and early termination 
We designed a set of initial reference states to initialise episodes for each task. As               
shown in fig. S26, for fall recovery, we designed 9 distinct poses ​to ensure the diversity                
within the collected samples: (i) standing at nominal height, (ii) standing at maximal             
height with straight knees, (iii) leg sprawling posture, (iv) lying on the back, (v) lying on                
the left side, (vi) lying on the right side, (vii) crouching, (viii) kneeling, and (ix) lying on                 
the abdomen. Posture (i) - (vi) are common configurations during standing and fall             
recovery, while posture (vii) - (ix) are unusual contact configurations that are difficult to              
recover. For learning to trot, a trotting gait sample from the robot’s factory setting was               
used as reference states for imitation. We combined the reference state initialisation            
datasets of fall recovery and trotting to create a new set of initialisation states for the                
multimodal locomotion, since the target-following using MELA would involve all modes           
and their transitions. For training the MELA policy, the goal position was initialised within              
a circular area of 6 m radius around the robot at the beginning of each episode (fig.                 
S27). 

We specified three termination criteria for locomotion related tasks: (i) any body part             
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,(π)  (r(s ,  ))J = ∑
T

t=0
E (s ,a )∼ρ t t π t a t  

(1)

,(π)  (r(s ,  ) H(π(· s )))JSAC = ∑
T

t=0
E (s ,a )∼ρ t t π t a t + α | t  

(2)
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other than feet are in contact with the ground, (ii) the body orientation exceeding a               
threshold of 90°, and (iii) reaching the time limit of the episode. For the fall recovery                
task, only the 3rd criterion was used because the robot had to undergo the states               
specified in criteria (i) and (ii) to learn how to recover from failures autonomously. 

Reward design 
We used a radial basis function (RBF) to design a bounded reward function: 

where is the physical quantity for the evaluation, is the desired value, and is the x          x︿       α    
parameter that controls the width of the RBF. We utilised the RBF for all reward terms                
that involve continuous physical quantities. Reward terms with discrete properties, i.e.,           
foot-ground contact, body-ground contact, and ground contact imitation, are designed          
separately. Details of the individual reward terms using the aforementioned          
nomenclature are presented in table S3 and table S4. 

In table S3, the first twelve terms are straightforward and task-related since each             
evaluates a physical quantity directly related to the physical movements. The ​reference            
joint position reward and ​reference foot contact reward provide reference trajectories           
from an existing trotting gait for the agent to imitate. By providing such a reference gait,                
the agent is able to learn stable trotting more efficiently and effectively through imitation.              
We also clarify the purpose of the last two remaining reward terms in table S3 as                
follows. The ​Swing and stance reward reflects the contact constraint that encourages a             
higher velocity at a smaller height error to encourage the swing motion, and a lower               
velocity at a larger height error while the feet deviate from the nominal height . By              h

︿

  
discouraging the stance foot to move, the ​Swing and stance reward ​is able to prevent               
slippage as well. The ​foot placement reward encourages the feet to place around the              
robot body averagely, guiding the policy to perform more symmetric and stable foot             
placement during locomotion. 

Note S3. Expert imbalance phenomenon 
In this section, we provide additional details of the implementation of MoE and its              
qualitative comparison with MELA. The MoE approach synthesises multiple experts          
using the weighted sum of the output of each expert network as:  

where is the index of experts, are the output generated by the th , ... , 8n = 1          o  
n       n  

expert network, are the variable weights generated by the gating network,   ∈[0, ]α n 1          
and  is the final synthesised output of MoE.o   

The MoE policy was obtained using the same pre-trained experts and training            

34 

,(x, , ) xp(α(x ) )φ x︿ α = e ︿− x 2  (3)

 o ,o = ∑
8

n=1
α n

 
n

(4)
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procedure as MELA. The comparison of the learning curves of MELA and MoE are              
presented in fig. S25B, where MELA shows a faster learning curve than MoE, e.g., a               
higher reward than MoE during 120-300 episodes. The training continued until 600            
episodes to ensure that each policy had fully converged in order to be used for the                
comparison study. 

The MoE and MELA policies were benchmarked in the same target-following test            
involving fall recovery, simultaneous trotting and steering. The target ball within the test             
scenario was designed to move forward in a straight line at a constant speed during               
0-7s and then with a sinusoidal lateral motion superimposed on the forward motion            
during 7-40s.

We found that for fall recovery and forward trotting tasks, MoE and MELA policies show               
similar performance in these trained scenarios, because of the use of the same             
pre-trained experts and training settings. However, the performance becomes different          
when it comes to the adaptive behaviours that are represented by the newly emerged              
behaviours and transitional skills, which were not pre-trained: MELA steered left and            
right actively and followed the moving target very well, whereas MoE could not walk              
straight towards the target and its body was not oriented towards the direction of travel.  

As shown in fig. S22A-C, the phenomenon of an asymmetric gait was observed from              
the MoE policy, which exhibits unbalanced left and right steering skills in contrast to the               
symmetric steering behaviour of the MELA policy, indicating that MoE’s left and right             
steering experts are not trained well, with some experts favored more than others.             
During the target-following test, the robot controlled by MELA was able to turn left and               
right equally well for changing the heading direction progressively with the moving            
target, as shown in fig. S22A. However, the robot controlled by MoE could not follow the                
heading to the ball and was side stepping forward with unresponsive right steering,             
resulting in a constant offset of the heading and body yaw angle, as shown in the                
3rd-5th snapshots in fig. S22B. 

Figure S22C illustrates the global position of the target and the robot as well as the yaw                 
angle using MELA and MoE, respectively. From 0-7s, the MELA-controlled robot trotted            
forward after getting up from a prone pose and tracked the zero yaw angle, while the                
MoE-controlled robot moved forward with an offset yaw angle because of degenerated            
steering experts. Moreover, during 7-40s, MELA showed equally active experts for left            
and right steering with a symmetric profile of yaw angle around zero, whereas MoE              
exhibits a drifting yaw angle and offset body pose due to unbalanced steering skills.  

The t-SNE analysis in fig. S22D-E further reveals the underlying differences between            
MoE and MELA in fall recovery and trotting tasks respectively. In contrast to the distinct               
clusters from MELA (Fig. 4D-E), the lack of learning adaptive skills was observed in              
MoE that only some favored experts were well trained, leading to limited diversification             
of skills. In fig. S22D, only five experts are distinctly clustered (expert 1, 2, 5, 7, 8), while                  
others are sparsely overlapped with each other. In fig. S22E, only four experts have              
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individual clusters (expert 2, 5, 7, 8), while others are scattered. This t-SNE analysis              
shows that approximately half of the experts are imbalanced in MoE leading to             
under-trained skills, and such limited diversification is disadvantageous in learning          
adaptive motor skills.  

Figures 

Fig. S1. Comparison of MELA’s learning curves using different numbers of expert            
networks​. It can be seen that using more than 8 experts does not improve the task                
performance, and has a slower convergence instead. 

Fig. S2. Baseline experiments of fall recovery and trotting from engineered           
controllers. (​A ​) The fall recovery from the engineered controller has a fixed sequence             
of motions and takes more than 12 s to stand up. (​B​) The trotting gait from the robot’s                  
control suite provided by the manufacturer. See movie S8 for more details.  
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Fig. S3. Activation patterns of experts across all motor skills. ​The unique activation             
pattern of each expert, in which the specialisation is indicated by the highest activation              
of a motor skill numerated by roman numbers. The specialised motor skills of expert 1-8               
are: (i) right turning, (ii) balance stabilisation, (iii) large-step trotting, (iv) left turning, (v)              
posture control, (vi) back righting, (vii) small-step trotting, and (viii) lateral rolling,            
respectively. The data used for visualising the activation patterns are obtained from            
simulation tests of the trained MELA policy. 
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Fig. S4. Five representative cases showing adaptive behaviours of the MELA           
expert under unseen situations in simulation. (A) ​An emerged behaviour of left and             
right steering on the spot. ​(​B​) ​An emerged behaviour of simultaneous steering and             
standing up while recovering from fall to trotting. (​C​) A tripping case caused by a               
slippery ground with a low friction coefficient of 0.1. The tripping and recovery behaviour              
was similar to that in the real experiment (see Fig. 5D). (​D​) A large impact disturbance                
caused by a 20 kg box hitting the robot at 8 m/s velocity. (​E​) ​An extreme crash test of                   
blind locomotion over a cliff of 1 m height. (Time in snapshots is in second). 
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Fig. S5. Forward trotting velocity during the variable-speed trotting simulation.          
The robot adapted its trotting speed and followed the moving target (see movie S6).  

Fig. S6. Heading angle and angular velocity during the steering experiment on the             
real robot. ​The heading data here corresponds to the experiment in Fig. 5B. (​A​) The               
robot first steered counter-clockwise towards the left and then clockwise towards the            
right. (​B​) The average yawing velocities were 1.6 ​rad/s ​(92.0 ​deg/s ​) and -1.1 ​rad/s              
(-61.7 ​deg/s ​) during left and right steering, respectively, while the peak velocities            
reached 2.7 ​rad/s ​(156.8 ​deg/s​) and -2.7 ​rad/s ​(-156.9 ​deg/s​). 
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Fig. S7. Relative target positions with respect to the robot from the user             
command as the input to the MELA networks during the real locomotion            
experiment. ​(​A​) The changing target position (x, y) during the real target-following            
experiment (Fig. 5C), and runtime was 14 seconds. (​B​) The changing target position (x,              
y) during the fall-resilient experiment (Fig. 5D), and runtime was 18 seconds.

Fig. S8. Measured torques of the front left leg during the real locomotion             
experiment (Fig. 5D). ​During this experiment, the robot trotted at large steps (see the              
larger commanded (x, y) target positions in fig. S7B) and saturated the motor torques at               
times, e.g., the hip pitch joint. In this case, the torque-saturated leg was not able to                
move as intended and the robot stumbled and tripped (yellow regions), leading to fall              
recoveries (red regions). 
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Fig. S9. Roll and pitch angles during the real locomotion experiment. The            
measurements correspond to the experiment presented in Fig. 5D. Significant changes           
were observed in the body orientation by the roll and pitch angles during the tripping               
moments. The peaks in roll and pitch angles were up to 0.47 rad (26.7 deg ​) and 0.7 rad                  
(39.8 deg ​), respectively. The short duration of the large deviations of the body posture              
shows that the recovery was accomplished within 1 second time.  

Fig. S10. Target position, body orientation and velocity during the real locomotion            
experiment on grass (Fig. 5E). (A) ​Relative target positions with respect to the robot              
from the user command as the input to the MELA networks. (B) ​The measured roll and                
pitch angles of the robot. The robot is able to maintain a steady posture while trotting on                 
uneven grass. (C) ​The estimated velocity of the robot represented in the local robot              
frame. The robot trots with a forward velocity around 0.25 ​m/s​. The robot experiences              
large lateral velocity at around the 20s moment when it is being knocked over. 
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Fig. S11. Adaptive and agile locomotion behaviours on pebbles and grass           
demonstrated by MELA policy. (​A-E​) Self-righting and trotting on pebbles. (​F-J​)           
Self-righting, trotting, and adaptive fall recovery in presence of various pushes on grass. 
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Fig. S12. Continuous and variable weights of all experts during the real MELA 
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experiment (Fig. 5D). ​(​A​) The variable activations within a zoomed period to show the              
transition of weights between multiple experts. (​B​) The variable activations of the entire             
multimodal locomotion with trotting, turning and fall recovery during a target-following           
task. (​C-E ​) The activation levels of paired weights from collaborating experts, where the             
expert groups (3, 7), (5, 6, 8), (1, 4) cooperated together in trotting (forward, left, right),                
fall recovery, and turning (left, right), respectively. 

Fig. S13. Continuous and variable weights of all experts during the real MELA             
experiment on grass (Fig. 5E). ​(​A​) The variable activations within a zoomed period to              
show the transition of weights between multiple experts. (​B​) The variable activations of             
the entire multimodal locomotion with trotting and fall recovery during a target-following            
task. (​C-D ​) The activation levels of paired weights from collaborating experts, where the             
expert groups (3, 7) and (5, 6, 8) cooperated together in trotting and fall recovery,               
respectively. 
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Fig. S14. Four types of unseen terrains for testing the multi-skill MELA policy in              
the simulation. ​(​A​) The gravel is constructed by a variety of freely moving ​cubes with               
dimensions of 0.02m, 0.035m, and 0.05m. ​(​B​) The inclined surfaces consist of            
rectangular slabs (0.4 m x 0.4 m x 0.2 m), which are statically placed with random                
orientations on the ground. (​C​) ​The moving slope has a changing inclination created by              
a seesaw with a maximum inclination of 0.17 ​rad (10 ​deg ​). (​D ​) The rough terrain               
created by planks with the mass of 2.5kg and a size of 1.2 m x 0.12 m x 0.02 m                    
randomly distributed on the ground. 
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Fig. S15. Simulated test scenarios for evaluating the robustness of the MELA            
policy. ​(​A-B​) ​Uncertainties in dynamic properties are simulated by modifying the robot            
model, i.e., robot mass with variations of , and of the original value       5%± 2  0%± 3   0%± 4      
(40kg). We show snapshots with the mass variation of as an extreme example,         0%± 4      
and the rest of the tests can be seen in movie S7. (​A​) Fall recovery and trotting with                  

of the original mass. (​B​) ​Fall recovery and trotting with of the original mass.0%6            40%1      
(​C-D​) Motor failures are emulated by disabling (zero torque) the front legs (​C​) and rear               
legs (​D​) respectively for one second. In both cases, the robot was able to recover from                
failures and accomplish the task. 
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Fig. S16. Representative adaptive behaviour from the simulated scenario of          
steering on spot (fig. S4A, movie S6) ​. (​A ​) Snapshots depicting the behaviours during             
left and right steering. (​B​) Position references of all the joints during left and right               
steering phases. The smooth change in desired joint positions indicates that the MELA             
framework has learned how to synthesise expert skills during various transitions           
seamlessly.  
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Fig. S17. Representative adaptive behaviour from the simulated scenario of          
steering while recovering to trotting (fig. S4B, movie S6) ​. (​A ​) Snapshots depicting            
the behaviours during recovery and steering. (​B​) Position references of all the joints             
during recovery, steering, recovery, and trotting phases. The smooth change in desired            
joint positions indicates that the MELA framework has learned how to synthesise expert             
skills during various transitions seamlessly. 
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Fig. S18. Representative adaptive behaviour from the simulated scenario of          
tripping (fig. S4C, movie S6) ​. (​A ​) Snapshots depicting the behaviours during slipping            
and recovery. (​B​) Position references of all joints during slipping, recovery, and trotting             
phases. The smooth change in desired joint positions indicates that the MELA            
framework has learned how to synthesise expert skills during various transitions           
seamlessly. 
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Fig. S19. Representative adaptive behaviour from the simulated scenario of a           
large impact (fig. S4D, movie S6)​. (​A ​) Snapshots depicting the behaviours during the             
moment of disturbance and recovery (​B​) Position references of all the joints during             
trotting, disturbance, and recovery phases. The smooth change in desired joint positions            
indicates that the MELA framework has learned how to synthesise expert skills during             
various transitions seamlessly. 
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Fig. S20. Representative adaptive behaviour from the simulated scenario of          
falling off a cliff (fig. S4E, movie S6) ​. (​A ​) Snapshots depicting the behaviours during              
falling and recovery. (​B​) Position references of all the joints during falling, recovery, and              
steering. The smooth change in desired joint positions indicates that the MELA            
framework has learned how to synthesise expert skills during various transitions           
seamlessly. 
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Fig. S21. Analysis of responses from the MELA policy during the simulated            
scenario of a large external perturbation (fig. S4D, movie S6)​. We use the case of a                
flying box impact as a representative example to show how the policy actively reacts to               
perturbations with a smooth and seamless transition. The coloured bars at the top of              
each plot show the 3 phases during the cube impact scenario: the green, red, and               
yellow phases represent stable trotting, the time during the force impact by the             
high-speed cube, and the recovery process, respectively. In each subplot, the 8            
semi-transparent lines are the outputs of each individual expert, and the blue solid line              
is the output of the synthesised MELA network. The outputs of the synthesised policy              
(solid blue lines) have very different characteristics from that of the 8 basic experts              
during all the phases, which suggests an interpolated behaviour and a nonlinear            
synthesis among the expert skills. 
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Fig. S22. Phenomenon of asymmetric gait and imbalanced experts from MoE. (​A ​)            
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MELA policy performing a target-following test with fall recovery, steering and trotting.            
The robot was able to steer left and right to follow the moving target. (​B​) MoE policy                 
performing a target-following test, where the yaw angle drifted due to the degenerated             
expert in steering skills. (​C​) Global position and yaw angle of the robot during the               
target-following test using MELA and MoE, respectively. (​D​) and (​E​) are the t-SNE             
analysis of MoE during fall recovery and trotting respectively, using target actions from             
pre-trained, co-trained, and synthesised experts. In contrast to the eight unique clusters            
from MELA (see Fig. 4D-E), the expert imbalance was observed in MoE that only half               
favoured experts were well trained with discernible clusters, while others are scattered            
and overlapped. 

54 

226 J Multi-Expert Learning of Adaptive Locomotion Behaviours



Fig. S23. Illustration of the 2D phase vector for training the locomotion policy. ​The              
sine and cosine functions are used to represent the time-varying phase variable in a              
continuous manner, and the resulting phase vector contains temporal information to           
describe the phase (0-100%) of a periodic gait.  

Fig. S24. Normalised power spectrum analysis of motions during the real           
locomotion experiment (without the DC component). The data were collected from           
the experiment shown in Fig. 5D. The majority of the frequency components were below              
1Hz, and some small components were around 1.67Hz corresponding to the trotting            
motions, which indicated that all useful motion components were unaffected by the            
action filters. 
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Fig. S25. Learning curves during the 2-stage training of MELA and MoE. (​A​)             
Learning curves of fall recovery and trotting experts. For training experts in the first              
stage, 250 episodes were required for both the fall recovery and trotting tasks. The              
same fall recovery and trotting experts can be used for the second stage of contraining               
for both MELA and MoE. (​B​) Learning curves of MELA and MoE during the second               
stage of co-training. The training continued until 600 episodes to ensure that each policy              
had fully converged to its maximum reward for a comparison study. Each episode             
consists of 5000 samples which were collected at 25 Hz. 
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Fig. S26. Nine distinct configurations used as the initialisation for training fall            
recovery policies in simulation​. Snapshots are taken from the physics-based          
simulator using the PyBullet engine ​(​64 ​)​. 
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Fig. S27. Setting of the target location for training MELA policies in simulation ​.             
During the initialisation of each sample collection episode, the target location (the green             
ball) is randomly placed within the area of 6 m radius around the robot, and remains                
fixed within the same episode. 
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Tables 

Table S1. Distribution matrix of expert specialisations over motor skills. ​As shown            
in Fig. 4A, more than one expert is activated for a motor skill, and hence we highlight                 
the top two dominant experts that are activated in each motor skill in this table.  

Table S2. Specification of the ​Jueying​ quadruped robot. 
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Motor 
 Skill 
 index 

Expert index 

1 2 3 4 5 6 7 8 

I ⬤ ⬤ 

II ⬤ ⬤ 

III ⬤ ⬤ 

IV ⬤ ⬤ 

V ⬤ ⬤ 

VI ⬤ ⬤ 

VII ⬤ ⬤ 

VIII ⬤ ⬤ 
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Table S3. Detailed descriptions of the individual reward terms. 
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Physical quantities Equations 

Base pose , (ϕ, 0, ,− ], )  φ [ 0 1 α − .35α = 2  

Base height , (h, , )φ h
︿

α − 1.16α = 5

Base velocity , (v ,  , )φ base
world v︿ base

world α − 8.42α = 1

Joint torque 
regularisation 

, (τ , , )φ 0 α − .003α = 0

Joint velocity 
regularisation 

, (q, , )  φ ˙ 0 α − .026α = 0

Foot ground contact 

Body ground contact 

Yaw velocity , (ω, , )φ 0 α − .47α = 7  

Joint position reference , is the joint reference, (q, , )φ q̂ α q̂ − 9.88α = 2

Foot contact reference 

Robot heading , (u , 1, , ], )φ base
goal,base [ 0 0 α − .35α = 2

Goal position , (p ,  , )φ goal
world p base

world α − .74α = 0

Swing and stance , ( 1/4 ((h  )  ), , )φ · ∑
4

n=1

world
foot,n − h

︿ world
foot,n · v world

foot,n 0 α − 60.50α = 4

Foot placement , ( 1/4  ,  , )φ · ∑
4

n=1
p world

foot,n p base
world α − 8.42α = 1
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Table S4. Weights of the reward terms for different tasks. Trotting and fall recovery              
used a subset of the reward terms, and the multimodal MELA locomotion used all the               
reward terms. 
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Physical quantities Trotting Fall Recovery MELA 

Base pose 0.071 0.333 0.100 

Base height 0.036 0.333 0.100 

Base velocity 0.178 0.067 0.071 

Joint torque regularisation 0.018 0.067 0.020 

Joint velocity regularisation 0.018 0.067 0.020 

Foot ground contact 0.018 0.067 0.020 

Body ground contact 0.018 0.067 0.020 

Yaw velocity 0.071 0.00 0.020 

Foot clearance 0.036 0.00 0.036 

Joint position reference 0.416 0.00 0.167 

Foot contact reference 0.083 0.00 0.033 

Average foot placement 0.036 0.00 0.036 

Robot heading 0.00 0.00 0.143 

Goal position 0.00 0.00 0.214 
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Table S5. Selection of state inputs for different tasks and neural networks. The             
MELA gating network receives task-oriented state inputs (i.e., the normalised gravity           
vector, the angular and linear velocities, and the goal position) for the target-following             
locomotion; and the synthesised MELA network receives all the feedback except the            
goal position.  

Table S6. Proportional-Derivative parameters for the joint-level PD controller. 

Table S7. Hyperparameters for SAC. 
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Physical quantities Trotting Fall 
Recovery 

MELA Gating 
Network 

Synthesised 
MELA Network 

Joint position ✓ ✓ ✓

Gravity vector ✓ ✓ ✓ ✓

Angular velocity of the 
robot 

✓ ✓ ✓ ✓

Linear velocity of the robot 
in its local heading frame 

✓ ✓ ✓

Phase vector ✓ ✓

Goal position ✓

Hip roll Hip Pitch Knee pitch 

Kp​ (Nm/rad) 700 700 700 

Kd ​(Nms/rad) 10 10 10 

Smoothing loss coefficient 2.0 

Learning rate 3e-4 

Weight decay 1e-6 

Discount factor 0.987 

Soft target update 0.001 

Replay buffer size 1e6 

Steps per epoch 5e3 
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Table K.1: Reward weights for quadruped experts.
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