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Abstract

Humans can perform complex tasks with long-term objectives by planning, reasoning,
and forecasting outcomes of actions. For embodied agents (e.g. robots) to achieve similar
capabilities, they must gain knowledge of the environment transferable to novel scenarios
with a limited budget of additional trial and error. Learning-based approaches, such as
deep reinforcement learning, can discover and take advantage of inherent regularities
and characteristics of the application domain from data, and continuously improve their
performances, however at a cost of large amounts of training data. This thesis explores the
development of data-driven techniques for spatial reasoning and planning tasks, focusing
on enhancing learning efficiency, interpretability, and transferability across novel scenarios.

Four key contributions are made. Firstly, CALVIN, a differential planner that learns
interpretable models of the world for long-term planning. It successfully navigated partially
observable 3D environments, such as mazes and indoor rooms, by learning the rewards
(goals and obstacles) and state transitions (robot dynamics) from expert demonstrations.

Secondly, SOAP, a reinforcement learning algorithm that discovers macro-actions
(options) unsupervised for long-horizon tasks. Options segment a task into subtasks
and enable consistent execution of the subtask. SOAP showed robust performances on
history-conditional corridor tasks as well as classical benchmarks such as Atari.

Thirdly, LangProp, a code optimisation framework using Large Language Models to
solve embodied agent problems that require reasoning by treating code as learnable policies.
The framework successfully generated interpretable code with comparable or superior
performance to human-written experts in the CARLA autonomous driving benchmark.

Finally, Voggite, an embodied agent with a vision-to-action transformer backend
that solves complex tasks in Minecraft. It achieved third place in the MineRL BASALT
Competition by identifying action triggers to segment tasks into multiple stages.

These advancements provide new avenues for applications of learning-based methods
in complex spatial reasoning and planning challenges.

Keywords — machine learning, neural networks, deep reinforcement learning, imitation
learning, hierarchical reinforcement learning, policy optimisation, robotics, autonomous driving,
embodied agents, option discovery, skill learning, navigation, planning, computer vision, large
language models, multi-modal foundation models.



Declaration

This thesis is submitted to the Department of Engineering Science, University of Oxford,
in fulfilment of the requirements for the degree of Doctor of Philosophy. I declare that this

thesis is entirely my own work and, except where stated, describes my own research.

Shu Ishida
Christ Church



Acknowledgements

Words cannot fully express my sincere gratitude towards my supervisor, Dr. Jodo F.
Henriques, for his support and guidance throughout my journey as a DPhil student. He has
never hesitated to share with me his wisdom and insight on a wide variety of disciplines,
including very helpful advice on programming, debugging, visualisation, and mathematical
techniques. I have always admired his exceptional intelligence, hands-on skills, deep
conceptual understanding, and attention to technical details, as well as his humility and
approachability. He has always believed in me, even in times when I lost confidence in
myself. I am immensely grateful for Jodo’s unwavering trust and encouragement, and for

this fortunate opportunity of working with him throughout my DPhil research.

I would like to thank the other Principal Investigators at the Visual Geometry Group
(VGG) — Prof. Andrew Zisserman, Prof. Andrea Vedaldi, Dr. Christian Rupprecht, and
Dr. Iro Laina — for making the lab a vibrant place for research. I would also like to
thank all my fellow and former research students in the lab who helped make the lab a
welcoming and friendly environment. A special thanks to the following people: Max Bain,
who introduced me to my supervisor Jodo and encouraged me to join VGG; Oliver Groth,
Giil Varol, and Jodo for organising the Big Picture Debates online during the COVID-19
lockdown when I was joining the lab, which helped me virtually meet people and have
meaningful discussions with them during those challenging times; Shangzhe (Elliot) Wu,
Luke Melas-Kyriazi, Paul Engstler, Ragav Sachdeva, Vladimir Iashin along with many

others who have regularly organised lab socials, lunches and dinners for us.

This work has been made possible by the Autonomous Intelligent Machines and
Systems Centre for Doctoral Training programme (AIMS CDT), funded by EPSRC
(Engineering and Physical Research Council). I am extremely grateful for having Mrs.
Wendy Poole as our Centre Administrator of AIMS CDT, who has dedicated so much
thought and effort into running the course smoothly, and providing us with the best
experience that the CDT could offer. I deeply respect Wendy for her planning and
organisational skills, and her prompt and accurate responses to enquiries. I have made
valuable friends in the AIMS CDT throughout the years, thanks to the annual meetings and
regular social events across cohorts. My thanks also go to Ivan Kiskin, Yuki Asano, and

Robert McCraith for kindly offering their knowledge, wisdom and guidance as experienced



members/alumni of the CDT.

I would like to thank Stuart Golodetz for supervising me for one of my AIMS CDT
mini-projects in collaboration with Five Al. This was the first research collaboration I
undertook, and it was a valuable experience working with him and learning from his
insight and good coding practices. I would also like to thank the organisers of the MineRL
BASALT Competition at NeurIPS 2022, in particular Anssi Kanervisto, who was incredibly

helpful and patient with all my technical enquiries during the competition.

I thank all the people at Wayve Technologies, where I conducted a part of my research
as an intern. In particular, I would like to thank Anthony Hu, who has been an amazing
mentor and supervisor during my internship. I have learnt so much both from his research
and team communication skills, as well as his kindness and care. He offered me substantial
guidance when I was setting up my simulation and experiments, and have always provided
me with academic and emotional support. I also thank Gianluca Corrado for his valuable
and helpful advice as my manager, and George Fedoseev, Hudson Yeo, Lloyd Russell, and
Corina Gurau for offering their insight, support and company during my internship in the

world modelling team.

I would also like to thank my supervisors and colleagues at Microsoft Research Cam-
bridge, where I spent the last few months of my DPhil degree as a research science intern
in the Game Intelligence team. My special thanks go to Sergio Valcarcel Macua, Raluca
Georgescu, Abdelhak Lemkhenter, and Tabish Rashid, who have spent a considerable
amount of time mentoring me throughout the project, as well as to Katja Hofmann, Sam
Devlin, Dave Bignell, Tim Pearce, Yuhan Cao, Shanzheng Tan, and Linda Yilin Wen.
Everyone was always happy to help me with any issues with the code and infrastructure,
and I really appreciated their inclusiveness in their activities and their generosity with their
time. I would also like to express my immense gratitude towards my fellow forty interns,
all of whom have made my internship experience special. Everyone has been very friendly,
sociable and inclusive, and created a wholesome welcoming community. Special mention
to Marko Tot, Chentian Jiang, Daniel Clark, Lucia Adams, and Dmitrii Usynin.

This research would not have been possible without the generous support by the
Ezoe Memorial Recruit Foundation. I would like to express my sincere gratitude to the
foundation for partially funding my undergraduate studies and fully funding my CDT and
DPhil studies via the Recruit academic scholarship.

Over the course of my studies at Oxford, I had the privilege of being taught and
advised by brilliant researchers, lecturers and supervisors. I would especially like to

thank my undergraduate college tutor and postgraduate college advisor Prof. Malcolm



vi

McCulloch, my Master’s thesis supervisor Prof. Nick Hawes, my thesis mentor Marc
Rigter, and lectures on machine learning and optimisation Prof. Philip Torr and Dr. M.
Pawan Kumar for their valuable teaching and insights, and for their kind and generous
support of my research and career. I would also like to thank my thesis examinors, Prof.
Ioannis Havoutis and Dr. Markus Wulfmeier, for their thorough and insightful feedback.

Through my extra-curricular activities, I had the privilege of working with research
students with great leadership and skills. My thanks go to Jonas Beuchert and Augustinas
Malinauskas for teaming up at the Oxford Hackathon, Lynn Hirose and Naho Tomiki for
collaborating on the University of Tokyo Project Sprint, Mark Finean, Charlie Street, and
Ricardo Cannizzaro for leading Team ORIon for the RoboCup competitions, and Timothy
Seabrook, Ding Shin Huang, Chuxuan (Jessie) Jiang, and Siobhan Mackenzie Hall for
leading initiatives at the Oxford Artificial Intelligence Society, as well as to all the team
and committee members who made the initiatives possible. I would also like to thank Prof.
Paul Newman, Prof. Nick Hawes, Prof. loannis Havoutis, Dr. Lars Kunze and Dr. Bruno
Lacerda for their support for the RoboCup competition, as well as Dr. Natalia Efremova
for her mentorship and insights for one of the OxAI Labs research projects.

I was fortunate to make many dear friends and meet countless kindhearted and
wonderful people during my studies, for which I am immensely thankful. These people
have helped shape who I am today, and I continue to learn from their philosophies. While I
would not be able to express my gratitude in this limited space for everyone who deserves
them, I would like to mention the following friends who have deeply impacted me and
supported me.

My flatmates: Andreas Schmid, Richard Csaky, and Danilo Jr Dela Cruz — my time
in Oxford would not have been the same without the company of my amazing flatmates.
I have learnt a lot from them, both in terms of work and life. I fondly remember our
co-working days and board game nights, the bike trips with Andreas, the road trip with
Richard, and many geeky and philosophical evening chats with Danilo.

My Christ Church friends and Japan Society friends — having your company, enjoy-
ing meals, events, and celebrations together, and being part of the wonderful community
were the things that made my life at Oxford special, and I cannot thank you all enough.

Kengo Shibata, Hiroto Takahashi, Fabrice Wunderlich, Zihan (Amanda) Zhu, Aya
Fujita, Catherine Choi — some of my DPhil student friends who have been with me
throughout most of my journey and have helped create wonderful memories at Oxford. I

cherish all the deep conversations we have had and the time we have spent together.

Bingqing Liu — my study partner throughout my undergraduate degree. Thank you



vii

for always providing inspiration and motivation, taking the initiative to organise study
sessions, and proactively finding events and competitions that we could participate in.

Nader Raafat, Megan Craig — my friends who have supported me since my under-
graduate days, during the lockdown and through thick and thin, and have continued to
keep in touch with me despite the long distances. You have always been there for me,
which means a fortune.

Ximei Liu — thank you for always believing in me and encouraging me. Your
enthusiasm and courage are only outshone by your kindness and care, and I am blessed to
have you in my life and share the adventures together.

Last but not least, I would like to thank my mother, father, and grandparents for their
unconditional love, and for always looking out for me. Knowing that they will be there for
me and that I can count on their moral support has given me courage and strength, and is

the reason why I can keep pursuing my goals and dreams.



Contents

Contents viii
List of Figures xii
List of Tables xvii
List of Abbreviations Xix
1 Introduction 1
O Y (0517 151 ) 1

1.2 Research ObJeCtiVES .....ovvviiiiiiiiiii i 3
1.2.1 Learn a generalisable planner....................ooooooiiiiiiL. 3

1.2.2  Discoverreusable skills ..o, 4

1.2.3  Solve POMDP environments with memory-augmented policies 5

1.2.4  Explain the behaviour of experts and agents ...................... 5

1.2.5 Train embodied agents to perform complex tasks ................ 6

1.3 Main contribUtiONS ......oovviiiitiiiitiiiii e, 6

L4 OUlNe .. oottt 9

2 Background on planning and data-driven decision making 10
2.1 Planning algorithms ........ ... i 10
2.1.1 Markov Decision Process .............cooeiiiiiiiiiiiiiiiiinnn... 11

2.1.2  Partially Observable Markov Decision Process................... 11

2.1.3  Classical approaches to planning ..................ooooooi.t. 12

2.2 Reinforcement Learning ... 13
2.2.1 On-policy and off-policy ........ccoovviiiiiiiiiiiiiiiiiiiiii .. 13

2.2.2  Value-based methods ...........coooviiiiiiiiiii 14

2.2.3  Policy gradient methods...............coiiiiiiiii i 17

2.2.4  Actor-Criticmethods ... 18

2.2.5 Hierarchical Reinforcement Learning ............................. 20

2.2.6 Transfer and generalisation in Reinforcement Learning.......... 22

2277 Model-based methods ..., 23

2.3 Other learning methods ... e 26
2.3.1 Imitation Learning...........oovuiiiieeiiiiiiiiiieeeeeiiiannn.. 26

2.3.2 Value Iteration Networks...........coooooiiiiiiiiiiiiii . 27

2.3.3 Fine-tuning and Curriculum Learning............................. 27

2.4 Embodied agents ........covveiiiiiiiiiie e 28
2.4.1  Visual navigation ............uiieiiiinetiiiie i 28

2.4.2 Decision making in autonomous driving ..............cc.c..uun.... 29

2.4.3 LLMs for automating compositional tasks ........................ 31



Contents ix
2.4.4 Task execution in virtual worlds ... 31

3 Towards real-world navigation with deep differentiable planners 35
3.1 INtrodUCHON. ..o oottt 36
3.2 Background. ...t 38
32,1 Value Iteration .........coooviiiiiiiiiiiiiiiiiiiiiiiiiiiiii i 38

3.2.2  Value Iteration Network ..., 39

3.2.3 Applications of Value Iteration Networks ......................... 40

3.2.4 Limitations of Value Iteration Networks ....................... .. 41

3.3 Collision Avoidance Long-term Value Iteration Network................. 43
3.3.1 Augmented navigation state-action SpPace ......................... 43

3.3.2 Embodied navigation in 3D environments ........................ 47

3.4 EXPeriment SELUP .......uuue ettt et ettt 51
3.4.1 Evaluation benchmarks. ... 51

3.4.2 Baselines and hyper-parameter choices ........................... 52

3.4.3 Expert trajectory eneration ............eeeeeeeiiiiieeeieeeeeeenn.. 53

3.4.4 Inference time rollouts ...........oooviiiiiiiiiiiiiii ... 53

3.5 EBXPEIIMENTS . ...ttt ettt et 55
3.5.1 Fully observable 2D grid environment ...............cccc.uun.... 55

3.5.2 Partially observable 2D grid environment......................... 57

3.5.3 Embodied navigation with orientation......................coo..e 59

3.5.4 Synthetically-rendered 3D environments.......................... 60

3.5.5 Indoor images from a real-world robot............................ 64

3.5.6 Implementation ...........ooeuuiiiiineeeeiiiiiiiieeeeeeeiaannn. 65

3.6 ConClUSION. ...ooiiiiiiiii 65
4 Option discovery via Expectation Maximisation and Policy Gradients 66
4.1 INtrodUCHION. ...evvtitiit e 67
4.2 Background.............ooiiiii 70
4.2.1 Option-Critic architecture .............c..euuuueuiuiinnnnnnnnnnn. 70
4.2.2 Double ACtor-CritiC .....ouuuuiiieeeietiiiii i 72

4.2.3  Expectation Maximisation algorithm.............................. 73
4.2.4 Forward-backward algorithm ... 74

4.3 Option assignment formulation...................iiiiiiiii ., 76
4.3.1 Option policy and sub-policy ...........cooiiiiiiiiiiiiiiii i 77
4.3.2 Evaluating the probability of latents.......................oooo.t 77

4.4 Proximal Policy Optimisation via Expectation Maximisation ............ 79
4.4.1 Expected return maximisation objective with options............ 79
4.4.2 PPO objective with Generalised Advantage Estimation.......... 81

4.5 Sequential Option Advantage Propagation ...............ccovvevviiinnnn.. 82
4.5.1 Policy Gradient objective with options ................ccoeeeee.. 83
4.5.2 Analytic back-propagation of the policy gradient................. 85

4.5.3 Learning objective for option-specific policies and values ....... 86

O I 25 4 1S3 414 1<) 11 87



Contents

5

4.6.1 Option learning in corridor environments .........................
4.6.2 Stability of the algorithms on CartPole, LunarLander, Atari,

and MuJoCo environ
477 Conclusion...................

80 1S 01

A code optimisation framework using Large Language Models

5.1 INrodUCHION. ..ottt
5.2 Background. ...
5.2.1 LLMs for code generation ..............ceeuuuuiieeeeeeennnnnnnnn..
5.2.2 LLMs for automated task completion ...................ccunnn...
5.3 The LangProp Framework ...
5.3.1 Model definition ..........oooiiiiiiiiii i
5.3.2  Model forward pass definition ..o
5.3.3  Prompt template engine .............ooeeiiiiiiiiiiiiiiiiian..
5.3.4 Trainer forward-backward definition .........................o L.
5.3.5 Training paradigm .........ooouiiiiieeiiiiiiiiie i

5.4 General domain experiments
5.4.1 Generalised Sudoku

542 CartPole ...
5.5 Drivingin CARLA .. ...
5.5.1 Datacollection.........oveiiiiiiiiin i i
5.5.2 Training the LangProp agent..............coooiiiiiiiiiiiiiiiin. ..
5.53 Benchmark.........ooiiiiiiii
5.54  EXPErimMeNntsS.........uueeeeetetiiiiieeee et ee e e eeaiaannnns
5.6 Implementation..........cooveeiiiiuiiiie ettt
TR0 A 70 ) o] 11 ) 1 )

Embodied task execution in a virtual world

6.1  INtrodUCtion. .......oouuui ittt
6.2 Background....... ... e
6.2.1 OpenAl VPT ... o
6.2.2 MineRL BASALT Competition 2022 ..........covvvvviiininnnn...
6.3 Segmenting stages of task execution in Minecraft.........................
6.3.1  MOtIVALION ...ttt ettt
6.3.2 Segmenting by states via Invariant Information Clustering ......
6.3.3 Segmenting by actions via task-specific heuristics ...............
6.4 Submission to the MineRL BASALT Competition........................
6.4. 1  VOZEZILE ..ottt
6.4.2 Implementation .........covviiiiiiiiiiiiiiiiiiiiiiiiiiiiiieieeaee...
6.4.3 Submissionand results ...l
6.5 ConClUSION. ....ooiiiiiiiii
Conclusion
7 T B el 03 1 ) N

7.2 Limitations and future work

89

93
94

929
100
102
102
103
104
104
106
109
110
111
113
113
113
114
115
117
121
122
126
126

127
128
130
130
131
131
131
133
137
139
139
140
140
141

142
142
147



Contents Xi
72,1 CALVIN oo 147

722 SOAP. ... 148

723 LangProp.....coovuiiiiii i 149

B V0 4 . | 151

A CALVIN embodied navigation with comparisons 154
A.1 Rollout of CALVIN ...t 154
A.2 Rollout of VIN ..o e 155
A.3 Rollout of GPPN ... e 155
Benchmarking option-based Reinforcement Learning agent 159

C LangProp code generation and prompt examples 160
C.1 Notes on training with LangProp.................iiiii 160
C.1.1 Choosing the priority discount factor.......................c...... 160

C.1.2 Specifying the pOliCY ....covvuiiiiii e 161

C.2 LangProp prompt definitions ...........ccouuuuiiiiiiiiiiiiiiieeieeeinnnn.. 162
C.2.1 Policy setup prompt examples ..........ccooevviiiiiiiiii... 162

C.2.2 Policy update prompt example..........ccovuriieeeeeeennnnnnnn... 165

C.2.3 Policy definition for the LangProp driving agent in CARLA .... 169

C.3 Code generation eXamples ........oveeiuineeiiiieeeiiie i eeiieeeennnn. 172
C.3.1 Solutions for Sudoku ...........coiiiiiiii i 172

C.3.2 Solutions for CartPole............cccooiiiiiiiiii i 175

C.3.3 Diriving code generated by LangProp........................o.. .. 177

D Clustering the Minecraft inventories 184
Bibliography 187



List of Figures

3.1

3.2

33

34

3.5

3.6

4.1

(1% column) Input images seen during a run of CALVIN on AVD (Sec-
tion 3.5.5). This embodied neural network has learned to efficiently explore
and navigate unseen indoor environments, to seek objects of a given class
(highlighted in the last image). (2"4-3"¢ columns) Predicted rewards and
values (resp.), for each spatial location (higher for brighter values). The

unknown optimal trajectory is dashed, while the robot’s trajectory is solid.

(left) A 2D maze, with the target in yellow. (middle) Values produced by
the VIN for each 2D state (actions are taken towards the highest value).
Higher values are brighter. The correct trajectory is dashed, and the current
one is solid. The agent (orange circle) is stuck due to the local maximum
below it. (right) Same values for CALVIN. There are no spurious maxima,

and the values of walls are correctly considered low (dark). .................

Example rollout of CALVIN after 21 steps (left column), 43 steps (middle
column) and 65 steps (right column). CALVIN successfully terminated
at 65 steps. (top row) Input visualisation: unexplored cells are dark, and
the discovered target is yellow. The correct trajectory is dashed, and the
current one is solid. The orange circle shows the position of the agent.
(bottom row) Predicted values (higher values are brighter). Explored
cells have low values, while unexplored cells and the discovered target are

assigned high values. ...

CALVIN’s learnt rewards and values on partially observable 2D mazes with
embodied navigation (Section 3.5.3). (left) Input visualisation: unexplored
cells are dark, the target is yellow (just found by the agent), and a black
arrow shows the agent’s position and orientation. (middle) Close-up of
predicted rewards (higher values are brighter) inside the white rectangle
of the left panel. The 3D state space (position/orientation) is shown, with
rewards for the 8 orientations in a radial pattern within each cell (position).
Explored cells have low rewards, with the highest reward at the target.
(right) Close-up of predicted values. They are higher facing the direction

of the target. Obstacles (black border) have low values. .....................

Example results on MiniWorld (Section 3.5.4). Left to right: input images,
predicted rewards and values. The format is as in Figure 3.1. Notice the
high reward on unexplored regions, replaced with a single peak around the

target when it is seen (Jast TOW). .......ooviiiiiiiiiiii i

Transition model learnt from MiniWorld trajectories for the move forward
action at each discretised orientation, at 45° intervals. Higher values are
brighter (yellow for a probability of 1), and lower values are darker (purple

for a probability of 0). ......cooiiiiii

An HMM for sequential data X of length 7', given latent variables Z. .....

36

42

58

60

62

63

74



List of figures

X1il

4.2

4.3

4.4

4.5

4.6

4.7

4.8

5.1

Probabilistic graphical models showing the relationships between options
2z, actions a and states s at time step ¢. b; in the standard options framework
denotes a boolean variable that initiates the switching of options when
activated. This work adopts a more general formulation compared to the

options framework, as defined in Equation (4.15). ...,

An HMM showing the relationships between options z, actions a and
states s. The dotted arrows indicate that the same pattern repeats where

the intermediate time steps are abbreviated. ..................ooiil

A corridor environment. The above example has a length L = 20. The
agent represented as a green circle starts at the left end of the corridor,
and moves towards the right. When it reaches the right end, the agent
can either take an up action or a down action. This will either take the
agent to a yellow cell or a grey cell. The yellow cell gives a reward of 1,
while the grey cell gives a reward of —1. All other cells give a reward of
0. The location of a rewarding yellow cell and the penalising grey cell are
determined by the colour of the starting cell (either ”blue” or “’red”), as
shown, and this is randomised, each with 50% probability. The agent only
has access to the colour of the current cell as observation. For simplicity
of implementation, the agent’s action space is {"up”, “down’}, and apart
from the fork at the right end, taking either of the actions at each time
step will move the agent one cell to the right. The images shown are taken
from rollouts of the SOAP agent after training for 100% steps. The agent

successfully navigated to the rewarding cell in both cases. ..................

Training curves of RL agents showing the episodic rewards obtained in the
corridor environment with varying corridor lengths. The mean (solid line)
and the min-max range (coloured shadow) for 5 seeds per algorithm are

S OWIL. ot

Training curves of RL agents showing the episodic rewards obtained in the
CartPole-v1 and LunarLander-v2 environments. The mean (solid line) and
the min-max range (coloured shadow) for 5 seeds per algorithm are shown.
Training curves of RL agents showing the episodic rewards obtained in
the Atari environments. The mean (solid line) and the min-max range
(coloured shadow) for 3 seeds per algorithm are shown. [Spans multiple

PAZES | ettt e

Training curves of RL agents showing the episodic rewards obtained in
the MuJoCo environments. The mean (solid line) and the min-max range
(coloured shadow) for 3 seeds per algorithm are shown. Note that the

PPOEM algorithm failed mid-way in some cases due to training instabilities.

An overview of the LangProp framework, which consists of a LangProp
model, an LLM optimiser, and a LangProp trainer. During training, the
LLM generates and updates the policy scripts which are evaluated against
a training objective. Policies with higher performances are selected for

updates, and the best policy is used for inference. ............................

77

78

89

95

96

96

98

104



List of figures

X1V

5.2

53

54

5.5

5.6

6.1

6.2

The policy evaluation and update mechanism. The performances of the
policies are monitored and aggregated over time by a policy tracker as
priorities, used to rerank the policies. ...............ccooiiiiiiiiiii,

The total number of environment steps required to learn CartPole-v1 (10
seeds per method) in comparison to an RL method, PPO. Most seeds
converged to an optimal solution within 10 LangProp updates. ..............

An overview of the CARLA agents for data collection and evaluation. All
agents are implemented as a standardised Dat aAgent class, with one or
multiple AgentBrain that takes in the preprocessed observations and
outputs a control action. These inputs and outputs are processed, recorded
and saved by the DataAgent so that they can be used for data collection
or for Online tralning. .........cooeuuuniineee et

An overview of the LangProp agent training pipeline. The LangProp model
is updated on a dataset that includes both offline expert data as well as
online LangProp data annotated with expert actions, similar to DAgger.
The agent is given negative rewards upon infraction. .........................

Training curves for the different training methods of the LangProp agent.
The training scores are evaluated on 1000 samples from the offline training
dataset and/or online replay buffer, and the validation scores are evaluated
on 1000 samples from the offline validation dataset. Updates are performed
every 1000 frames of agent driving, and upon infractions in the RL setting.
The score is in the range of [—10, 1] due to exception penalties. The axis
is limited to [—1, 1] in the plots. ......c.c.vveiiiii i

Applying IIC to a video sequence of expert demonstration for the Obtain
Diamond task. The example shown is for lookahead L = 1. The video
sequence is subsampled for every 10 frames and shown from left to right,
top to bottom. The coloured strips for every tile of observation correspond
to clusters found by applying IIC to the observations. There are 30 clusters
IN TS CASE. . .unn

Trigger actions defined for the Voggite agent to switch to a different policy
during task execution. For the “find a cave task™, no triggers are defined
and the VPT policy is fine-tuned as normal (with improvements to training
techniques as outlined in Section 6.4.3). For “make a waterfall” task, the
agent changes its behaviour to climbing down a mountain after the bucket
has been used. For ‘“create an animal pen” and “build a house” tasks, the
policy distribution is shifted to move around less and commit to building
structures after taking the first “use” action. ................coiiiiiiiineaaat.

108

114

115

117

124

136

138



List of figures

XV

6.3

A.l

A2

A3

D.1

Diagram of the Voggite training pipeline. VPT embeddings are pre-computed
for the expert demonstrations and stored as a permutable dataset, remov-
ing the sequential constraint of forward-passing through the VPT trans-
former. A policy head is trained and fine-tuned on each task in the MineRL
BASALT Competition, given the VPT embeddings and expert actions
labels. The categorical losses are reweighted inversely to the frequency of

the eXpert aCtiONS™ OCCUITEICES. ... .uuue et tttttaae e e et eetiaaeeeeeeannnnnn

Example rollout of embodied CALVIN after 30 steps (left column), 60
steps (middle column) and 90 steps (right column). CALVIN successfully
terminated at 91 steps. (first row) Input visualisation: unexplored cells are
dark, and the discovered target is yellow. The correct trajectory is dashed,
and the current one is solid. The orange triangle shows the position and the
orientation of the agent. (second row) Predicted rewards (higher values
are brighter). The 3D state-space (position/orientation) is shown, with
rewards for the 8 orientations in a radial pattern within each cell (position).
Explored cells have low rewards, while unexplored cells and the discovered
target are assigned high rewards. (third row) Predicted rewards averaged
over the 8 orientations. (fourth row) Predicted values following the same
convention. Values are higher facing the direction of unexplored cells and
the target (if discovered). (fifth row) Predicted values averaged over the 8

(08 (= 01715 10) 1 1T

Example rollout of embodied VIN after 20 steps (left column), 40 steps
(middle column) and 60 steps (right column). VIN kept oscillating between
the same two states after 57 steps. The convention is the same as for
Figure A.1, except that a single reward map is shared across all orientations.
(first row) Input visualisation. (second row) Predicted rewards. (third
row) Predicted rewards averaged over the 8 orientations. (fourth row)

Predicted values. .....o.ovninie e

Example rollout of embodied GPPN after 15 steps (left column), 30 steps
(middle column) and 45 steps (right column). GPPN revisits the same
sequences of states leading to a dead end after 45 steps. The convention
is the same as for Figure A.1. (first row) Input visualisation. (second
row) Predicted rewards. (third row) Predicted rewards averaged over the

FeIe ) 61117215 T0) o 1 J

Transition matrix of IIC clusters. If there exists a transition from one cluster
to the other, the corresponding cell in the adjacency matrix is coloured in
white. (left) Transition within a single expert demonstration of the Obtain
Diamond task, with 30 IIC clusters. (right) All transitions that appear in
122 expert demonstration trajectories of the Obtain Diamond task, with

128 TIC CIUSTETS. . vvttt ettt e e e e e e e e

140

156

157

158

184



List of figures XVi

D.2 Expert demonstration for the Obtain Diamond task. The RGB observations
are shown at the top. Next, a coloured strip indicates an IIC cluster
assignment for 128 clusters. The next row is a visual encoding of the
action taken per frame (in the order of: “right”, “forward”, “left”, “back”,
“jump”, “sprint”, “attack”, “sneak’). The following rows show the number
of items in the inventory for every item relevant to the Obtain Diamond
task. The amount of each item is shown in a progress bar style. A blue
strip beneath If the item is being used with a “use” action. Finally, a
coloured strip at the bottom indicates an IIC cluster assignment for 30
clusters. [Spans multiple pages] .......oovveiiiiiiiiieeiiiiiiiiee e 185



List of Tables

3.1 Comparison of individual components in the implementation of CALVIN
for positional states and for embodied pose states. X and Y are the size
of the internal spatial discretisation of the environment, © is the internal
discretisation of the orientation, A is the number of actions, K and K, are
the kernel dimensions for spatial locality, and M is the map of embeddings
given as input with channel dimension C'. ...,

3.2 Navigation success rate (fraction of trajectories that reach the target) on un-
seen 2D mazes. Partial observations (exploring an environment gradually)
and embodied navigation (translation-rotation state space) are important
yet challenging steps towards full 3D environments. .........................

3.3 Navigation success rate of CALVIN in partially observable 2D mazes with
loss components remoOVed. ..........iieiiiiiii

3.4 Navigation success rate on unseen 3D mazes (MiniWorld). Note that the
baselines do not generalise to larger mazes. .................ooiiiiiiiia.

3.5 Navigation success rate on unseen 3D mazes (MiniWorld), comparing the
CNN backbone against the LPN backbone (also in Table 3.4). Most meth-
ods do not generalise to larger mazes. The proposed LPN demonstrates
robust performance in larger unseen mazes. ..............ooiiiiiiiiiiiii....

3.6 Navigation success rate on AVD, with real robot images taken in indoor
spaces. The task is to navigate to an object of a learned class. All methods
use the proposed LPN backbone, as they fail withoutit.......................

4.1 Normalised performance comparison of Reinforcement Learning (RL)
agents. The agent scores are the returns after the maximum environment
steps during training (100k for CartPole, 1M for LunarLander and MuJoCo
environments, and 10M/ for Atari environments), normalised so that the
score of a random agent is 0 and the score of the best performing model is
1. Scores are averaged per environment class (i.e. results for the corridor
environments, Atari, and MuJoCo are grouped together) and the bold fonts
show the best average normalised score per environment class, while the
blue fonts show the best normalised score per environment...................

5.1 A breakdown of the number of routes per town (“num”), the average length
of the routes per town (“avg. dist.”), and traffic density for the training
routes (“density”), testing routes, and the Longest6 benchmark. .............

5.2 Driving performance of expert drivers in CARLA version 0.9.10. The
driving score is a product of the route completion percentage R and the
infraction factor /. IL and RL stand for Imitation Learning and Reinforce-
ment Learning. DAgger uses both online and offline data. ...................

48

56

59

61

63

65

122

123



List of tables XViil

6.1 Leaderboard: normalised TrueSkill scores according to [136]. The
top three teams were GoUp, UniTeam, and Voggite (ours). Scores for
BC-Baseline, two expert humans, and a random agent are also included. ... 141

B.1 The returns of RL agents after the maximum environment training steps
(100k for CartPole, 1M for LunarLander and MuJoCo, and 10M for Atari). 159



List of Abbreviations

A2C
Al
AVD
AWM
BC
CALVIN
CMP
CNN
DAC
DAG
DDPG
DQN
EM
GAE
GAN
GOA
GPPN
GPU
GRU
HMM
HRL
IDM
IIC

Advantage Actor-Critic.

Artificial Intelligence.

Active Vision Dataset.

Abstract World Model.

Behavioural Cloning.

Collision Avoidance Long-term Value Iteration Network.
Cognitive Mapper and Planner.
Convolutional Neural Network.
Double Actor-Critic.

Directed Acyclic Graph.

Deep Deterministic Policy Gradients.
Deep Q-Network.

Expectation Maximisation.
Generalised Advantage Estimate.
Generative Adversarial Network.
Generalised Option Advantage.
Gated Path Planning Network.
Graphical Processing Unit.

Gated Recurrent Unit.

Hidden Markov Model.

Hierarchical Reinforcement Learning.
Inverse Dynamics Model.

Invariant Information Clustering.



List of abbreviations

IL

IRL

KL
LLM
LPN
LSTM
MCTS
MDP
Meta-RL
POMDP
PPG
PPO

Imitation Learning.

Inverse Reinforcement Learning.
Kullback—Leibler.

Large Language Model.

Lattice PointNet.

Long Short-Term Memory.
Monte Carlo Tree Search.
Markov Decision Process.

Meta Reinforcement Learning.
Partially Observable Markov Decision Process.
Phasic Policy Gradient.

Proximal Policy Optimisation.

PPO-LSTM Proximal Policy Optimisation with Long Short-Term Memory.

PPOC
PPOEM
ReLLU
RL

SAC
Semi-MDP
SLAM
SOAP
TD

TD3
TRPO
UCB
VAE

Proximal Policy Option-Critic.

Proximal Policy Optimisation via Expectation Maximisation.
Rectified Linear Unit.

Reinforcement Learning.

Soft Actor-Ceritic.

Semi-Markov Decision Process.

Simultaneous Localisation and Mapping.

Sequential Option Advantage Propagation.
Temporal Difference.

Twin-Delayed Deep Deterministic Policy Gradients.
Trust Region Policy Optimisation.

Upper Confidence Bound.

Variational Auto-Encoder.



List of abbreviations

XX1

VI Value Iteration.
VIN Value Iteration Network.
VLM Vision-Language Model.

VPT Video PreTraining.



Chapter 1

Introduction

1.1 Motivation

The ability to plan, reason and forecast outcomes of actions, even in novel environments,
are remarkable human capabilities that are instrumental in performing complex tasks with
long-term objectives. Whenever we encounter a novel scenario, whether that be a new
game, sport or location, even though we have never experienced that specific case, we can
still strategise by extrapolating from our prior experiences, taking advantage of transferable

knowledge and skills.

With modern planning algorithms, it is possible to find a near-optimal solution to
a planning problem, if the environment dynamics (specifically the state transition and
reward dynamics) are fully known, the states and actions can be enumerated, and unlimited
compute is available. Unfortunately, it is often the case that all three of the assumptions
do not hold. The agent often only has access to a local or partial observation of the
environment, and has to estimate the underlying environment state and dynamics based
on this. States and actions are often continuous rather than discrete, so an estimator is
required that can map continuous inputs to meaningful representations that generalise to
novel inputs. Finally, since compute is finite and enumeration of states and actions is often
infeasible, an efficient strategy is necessary to explore the state-action space within limited

computational resources and agent lifetime.
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Many real-world problems involving strategic decision making require the agent to
learn transferable knowledge of the environment that can be applied to novel scenarios with
a limited budget of additional trial and error. Conceiving an algorithm that achieves the
same level of performance and efficiency as humans in the open domain remains an open
question. Autonomous driving [251], for instance, is still an ongoing and unsolved area of
research, due to the high complexity of the dynamic environment in a multi-agent problem
setting, together with the challenge of imperfect information and noisy sensor inputs. This
is in stark contrast to industrial robots which have been in effective operation for many
preceding decades, helped by the fact that the environment is controlled, predictable, and
in many cases fully known. Combined with the repetitiveness of the task, this allows

humans to hard-code the system to handle commonly anticipated scenarios.

Markov Decision Process (MDP) and Reinforcement Learning (RL) are powerful
frameworks that formulate decision-making as a learnable problem with a mathematically
defined objective [213]. These frameworks capture the sequential and time-evolving nature

of interacting with an environment.

Advances in neural networks and their successful integration into RL [138, 139, 201]
have transformed the field of computer vision and robotics, giving rise to learning-based
approaches for problems traditionally solved by humans manually implementing expert
systems. Learning-based approaches have two major advantages. Firstly, learning-based
algorithms can keep improving and adapting to the application domain with more avail-
ability of data, whereas manually implemented methods are fixed and do not learn to
adapt. Secondly, learning-based methods are capable of automatically discovering inherent
regularities and characteristics of the application domain and exploiting them to improve

their performances without having such strategies hardcoded.

While RL is highly effective in solving complex strategic problems [10, 12, 138, 202,

229], sample efficiency and generalisability are challenges that still need to be addressed.
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Current state-of-the-art RL algorithms are highly performant in tasks they have been
trained on or can solve with a reactive policy, but do not explicitly learn easily transferable
skills [145, 162, 163, 174, 198]. Unlike games or tasks in a simulation where samples can
be drawn easily, collecting samples can be expensive and possibly unsafe in real-world
problems. Humans can work around these issues by learning transferable knowledge and
skills that can applied to novel situations, thereby increasing the chances of success with
less trial-and-error and avoiding catastrophic failure, e.g. falling off a cliff or being run
over by a car. This research aims to suggest ways of acquiring skills that allow agents to

learn to perform tasks more efficiently and effectively.

1.2 Research objectives

This research addresses the challenge of solving tasks involving spatial reasoning, planning,
and decision making in a data-driven manner, while simultaneously making the learning
more efficient, interpretable and transferable. This research objective can be further broken

down into five research goals, which are described in detail in the following.

1.2.1 Learn a generalisable planner

One of the core objectives of this research is to develop learnable planners that generalise
to novel scenarios. A distinction between a reactive Markovian policy and a policy with
a plan is that a reactive policy makes immediate decisions given a current state or local
observation, whereas planning involves a more long-term analysis of the given situation to
propose a spatially and temporally coherent solution.

The differences between the two approaches are analogous to the System 1 (fast,
unconscious, and automatic decisions) and System 2 (slow, conscious, and rigorous
decisions) thinking presented in [106]. Both decision processes are important, since

reactive policies are useful for making many decisions in real-time, whereas planning is
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important to ensure that the decisions made are consistent and coherent. For example,
Monte Carlo Tree Search (MCTS)-based algorithms [201, 202] alternate between learning
a reactive policy and using them for long-term planning; rollouts of a Monte Carlo tree [40]
are simulated and the return estimates are back-propagated using a light-weight reactive

policy, which is then updated according to the rollout results.

While the dynamics of games such as Go and simulated environments are known, this
is not the case for many real-world problems. Model-based RL approaches [75, 79, 190]
address this by learning models of the environment that could be used for simulated rollouts.
Chapter 3 explores related alternative avenues to learn a differentiable planner that solves
navigation tasks in novel environments that are not effectively solvable with reactive
policies. Chapter 5 proposes a novel paradigm of learning algorithmic decision-making
from data by treating code as learnable policies with the use of Large Language Models
(LLMs). By making algorithms learnable, high-level and long-term plans that were hitherto
too complex for RL agents to learn can now be learnt using Imitation Learning (IL) and RL
techniques. In addition, Chapter 4 and Chapter 6 demonstrate how temporal abstraction
using options [166, 214] can help agents make informed long-term decisions, discussed in

Section 1.2.2 and Section 1.2.3.

1.2.2 Discover reusable skills

Skill learning is another important component for efficient exploration, decision making
and task-solving. With skills, it is possible to conceive a high-level plan that combines
and orchestrates low-level skill policies. These skills are specialised to solve a subset
of the task so that the agent may learn to solve complex novel tasks from fewer training
samples by composing these skills together. Ways in which these skills can be learnt in an
unsupervised way, using rewards from the environment as a learning signal, are explored

in Chapter 4. The agent trajectory is segmented into options [166, 214] that correspond to
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skill-specific sub-policies.

1.2.3 Solve POMDP environments with memory-augmented policies

In relation to Section 1.2.2, options can be used not just to learn skills, but also to learn
temporally consistent behaviour. It functions as a memory carried forward as a discrete
latent variable, allowing the agent to perform tasks in a Partially Observable Markov
Decision Process (POMDP) environment where the underlying state of the environment
cannot be determined from current observations alone. The true environment state can be
better determined by maintaining a history of the agent trajectory, since past observations
are often correlated with future observations by hidden variables. Chapter 4 examines the
effectiveness and robustness of options discovered by algorithms with different training
objectives, demonstrating the advantage of the proposed solution over classical recurrent
policies and Option-Ceritic policies [9, 111].

In Chapter 6, the concepts of skills and trajectory segmentation are employed to make
the agent change its policy for different stages of task completion. Breaking a complex
task down to subcomponents and performing them stage-wise allowed the agent to perform

temporally consistent behaviour that adheres to a high-level plan.

1.2.4 Explain the behaviour of experts and agents

Another theme explored in this research is the explainability of the learnt policy. Skill
learning discussed above is one approach that ensures better explainability, given the
options segment the agent trajectory in a semantically interpretable way. Another approach
to interpretability is explored in Chapter 3; a differentiable planner learns targets, obstacles,
and motion dynamics from expert trajectories of robot navigation. It also computes a
reward map and value map during its decision-making process, similarly to Inverse Rein-

forcement Learning (IRL) [6, 148, 260, 261]. An even more explicit way of representing
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the policy as human-readable code is suggested in Chapter 5. Performance issues of the
policies can be directly diagnosed by reading the code, making this approach a valuable

technique in explainable Artificial Intelligence (Al) research.

1.2.5 Train embodied agents to perform complex tasks

Finally, the aim of this research is to apply developed techniques to problems relevant
to embodied agents, e.g. robotics. In Chapter 3, Chapter 5 and Chapter 6, the chal-
lenges of robot navigation, autonomous driving and task execution in the virtual world of
Minecraft [208] are addressed. These challenges all have navigation and spatial reasoning
as key elements to accomplishing the tasks. Navigation is a real-world problem that has
traditionally been solved by expert-designed systems, but could be made more efficient by
leveraging data-driven learning. For instance, lane changing and cooperation with other
vehicles are tasks for autonomous vehicles which require complex planning. The problem
is made especially difficult, since human cooperative behaviour is difficult to model due
to compounding factors and subtle cues, and there is not always a deterministic strategy
to follow. Learning cooperative behaviour from real-world data could be beneficial to

optimising these tasks.

1.3 Main contributions

The contributions in this thesis can be summarised as follows.

1. Developed a differentiable planner named Collision Avoidance Long-term Value
Iteration Network (CALVIN), which learns to navigate unseen 3D environments
by performing differentiable value iteration. State transitions and reward models
are learnt from expert demonstrations, similarly to Value Iteration Network (VIN).

However, VIN struggles to penalise invalid actions leading to collisions with ob-
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stacles and walls, making the value estimate inaccurate. CALVIN resolves this
issue by learning action affordance to constrain the agent transitions and rewards.
CALVIN can navigate novel 2D and 3D environments and significantly outperforms
other learnable planners based on VIN. Published at the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR) 2022 [97]. Details are in
Chapter 3.

2. Based on analysis of the Options Framework and the forward-backward algo-
rithm [14], algorithms were developed to learn temporally-consistent options and
associated sub-policies in order to solve POMDP tasks that require long-term
memory. Two learning objectives for unsupervised option discovery were pro-
posed and studied: Proximal Policy Optimisation via Expectation Maximisation
(PPOEM) and Sequential Option Advantage Propagation (SOAP). PPOEM ap-
plies the forward-backward algorithm [14] to optimise the expected returns for an
option-augmented policy. However, it was shown that this learning approach is
unstable for learning causal policies without the knowledge of future trajectories,
since option assignments are optimised for the entire episode. As an alternative
approach, SOAP evaluates the policy gradient for an optimal option assignment. It
extends the concept of the Generalised Advantage Estimate (GAE) to propagate
option advantages through time, which is an analytical equivalent to performing
temporal back-propagation of option policy gradients. With this approach, the option
policy is only conditional on the history of the agent. Evaluated against compet-
ing baselines, SOAP exhibited the most robust performance, correctly discovering
options for POMDP corridor environments, as well as on standard benchmarks in-
cluding Atari [16] and MuJoCo [222]. The paper is available on arXiv [98]. Details

are in Chapter 4.

3. Proposed LangProp. a framework for iteratively optimising code generated by LLMs.
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LangProp automatically evaluates the code performance on a dataset of input-output
pairs, catches any exceptions, and feeds the results back to the LLM in the training
loop, so that the LLM can iteratively improve the code it generates. The LangProp
training module can be used in both supervised and reinforcement learning settings.
LangProp successfully solves Sudoku and CartPole, as well as generates driving code
with comparable or superior performance to human-implemented expert systems
in the CARLA driving benchmark [48]. LangProp can generate interpretable and
transparent policies that can be verified and improved in a metric- and data-driven
way. Accepted at the International Conference on Learning Representations (ICLR)
2024 Workshop on Large Language Model (LLM) Agents [100]. This work was

conducted during an internship at Wayve Technologies. Details are in Chapter 5.

4. Developed Voggite, an embodied agent that performs tasks in Minecraft, an
open-ended virtual world. As a backbone, Voggite uses OpenAl Video PreTraining
(VPT) [12], a transformer-based agent pre-trained on online videos labelled by a
supervised Inverse Dynamics Model (IDM). The VPT policy takes in 128 frames of
past observations, equivalent to 6.4 s of history. While effective for many reactive
tasks, the VPT agent struggles to disambiguate different stages of task execution.
Voggite resolves this issue by dividing the task into separate stages. Voggite achieved
3rd place out of 63 teams in the MineRL BASALT Competition on Fine-Tuning
from Human Feedback at NeurIPS 2022. In the competition, the agents are tasked
to find caves and make waterfalls, farms and buildings in Minecraft. A co-authored

retrospective of the competition is available on arXiv [136]. Details are in Chapter 6.

Work not included in this thesis: “You are what you eat? Feeding foundation models

a regionally diverse food dataset of World Wide Dishes” [132].



Chapter 1. Introduction 9

1.4 Outline

Chapter 2 introduces background material and key concepts relevant to this thesis. Chap-
ter 3 proposes CALVIN, a differentiable planner that learns to plan for long-term navigation
in unseen 2D and 3D environments. Chapter 4 introduces PPOEM and SOAP for un-
supervised option discovery. Chapter 5 proposes LangProp, a framework for iteratively
optimising code generated by LLMs. Chapter 6 discusses data-driven decision-making
for embodied agents with composite tasks, and develops Voggite, an embodied agent that
performs tasks in Minecraft. Finally, Chapter 7 concludes this thesis with discussions of

findings and future research directions.



Chapter 2

Background on planning and

data-driven decision making

2.1 Planning algorithms

Planning concerns strategically inducing changes to an environment state with the means
of actions to achieve a certain objective [116]. In robotics, motion and trajectory planning
are essential to translating high-level specifications of tasks to low-level descriptions of
motion. In the field of Artificial Intelligence (Al) and Reinforcement Learning (RL), early
successes were achieved in puzzle solving and competing in games [24, 138, 201, 220].
While there are diverse ranges of planning problems, they share some commonalities.
Firstly, they have a notion of a state s in state space S that captures all details of a situation
relevant to a particular problem. Secondly, the environment state can change over time,
and the only way for the agent to influence its transition to another state is by taking an
action a € A(s). The transition from the current state s to the next state s’ is conditional
on a. The plan is expected to meet some criteria and/or optimise a certain objective. In
robotics, it is typical to formulate this as a path-finding problem to a target that minimises
the total cost, with additional constraints so that illegal configurations and obstacles are
not encountered. In RL, the convention is to maximise the cumulative discounted rewards

(returns), defined in Section 2.1.1.
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2.1.1 Markov Decision Process

Markov Decision Process (MDP) [17, 213] is a standard formulation for sequential
decision-making and planning. An MDP consists of states s € S, actions available at each
state a € A(s), a transition probability P(s'|s, a) (the probability next state s’ given the
current state s and action a), and a reward function R(s, a, s’), which (either deterministi-
cally or stochastically) determines the reward r given to the agent during the transition.!
An agent starts at state sy ~ p(s) and at each time step ¢, takes an action a; € A(s;),
collects a reward r; and moves to the next state s;,; where (ry, s;.1) ~ P(+|s;, a;) until
episode termination at timestep 7" when a boolean termination indicator d; is set to 1.

In the RL paradigm, it is useful to think of the decision-making component (the agent)
separately from the environment. The environment has an inner state which defines its
configuration, but the agent often can only measure the state indirectly through observations
given by the environment. The agent can induce changes to the state by taking actions at
every time step, and it receives a reward and a new observation. The objective is to learn a
policy 7(als) that chooses an action that maximises the expected return at every time step
t. A return is a sum of discounted rewards, R(7) = > o, 7" ~*ry, where 7 denotes the
trajectory (a set of states, actions and rewards visited in an episode), and a discount factor
v € (0,1] is applied to mitigate the infinite horizon problem encountered in continuous

tasks, in which the sum of rewards can diverge to infinity.

2.1.2 Partially Observable Markov Decision Process

Partially Observable Markov Decision Process (POMDP) is a special case of an MDP

where the observation available to the agent only contains partial information of the

'Tt is common to assume discrete planning time steps denoted with ¢ (unitless integer), and denote the
current state and next state as either s; and sy 1, or with a shorthand s and s’. The same convention applies
to actions, rewards, etc. In this thesis, these two notations are used interchangeably.

2Some literature uses Gy to denote returns.
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underlying state. In this thesis, s is used to denote the (partial) state given to the agent,
which may or may not contain the full information of the environment (which shall
be distinguished from state s as the underlying state s).> This implies that the “state”
transitions are no longer fully Markovian in a POMDP setting, and may be correlated
with past observations and actions. Hence, p(7, S;+1|S0.¢, ao.¢) describes the full state and

reward dynamics in the case of POMDPs, where s;, ., is a shorthand for {s;|t; <t < {5},

and similarly with a;, ,.

2.1.3 Classical approaches to planning

Before the rise of data-driven learning methods, the assumption in planning was that
a model of the system or the environment is available. Planning in fully known state
spaces with deterministic transitions has partially been solved by graph-search algorithms
such as Dijkstra’s algorithm [46] and the A* algorithm [81], mainly in the domain of
navigation [99]. However, many assumptions exist for such algorithms to work, such
as that the environment is static, the state space is relatively low-dimensional, and the
state space is enumerable. For instance, manipulation tasks are high dimensional and can
be computationally expensive to solve with graph search algorithms. The D* algorithm
[112, 206, 207] mitigated the static environment assumption by incrementally replanning
when the agent’s knowledge of the environment is updated. Sampling methods such
as Probabilistic Roadmaps (PRM) [109] and Rapidly-exploring Random Trees (RRT)
[115, 117] presented practical solutions that can work in high-dimensional state spaces,
which are asymptotically optimal. For problems such as Chess and Go where the state
space is large and expensive to perform brute-force search, Monte Carlo Tree Search

(MCTS) [40] is used to selectively explore states and evaluate the expected returns.

3In other literature, o is used to denote the partial observation to distinguish from the underlying state s.
While this makes the distinction explicit, many works on standard RL algorithms assume a fully observable
MDP for their formulation, leading to conflicting notations.
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For many real-world applications, however, the environment model cannot be ac-
cessed directly, and has to be inferred by interacting with the environment and collecting
experiences. Moreover, the state transition and reward dynamics can be probabilistic. The

need to accommodate these requirements gave rise to RL.

2.2 Reinforcement Learning

RL is a framework that formalises sequential decision-making as cumulative future reward
maximisation in an MDP [17, 213]. RL addresses problems that involve agents that interact
with the environment to accomplish tasks when either the full MDP is unknown or it is not
feasible for classical planning algorithms [116] to solve.

The objective of an agent is to learn a policy 7(a;|s;) that maximises the expectation
of return R;, where the policy specifies the probability of choosing action a; in state s;.
Approaches in RL can be broadly classified into policy gradient methods (Section 2.2.3)
that directly optimises the policy based on on-policy feedback, value-based methods
(Section 2.2.2) that learn a separate value function to estimate the expectation of returns
(can be either on-policy or off-policy), and Actor-Critic methods (Section 2.2.4) that
combines the advantages of policy learning and value learning. The distinction between
on-policy and off-policy methods is explained in Section 2.2.1.

Advances in RL and their effective integration with neural networks as high-dimensional
policy and value function approximators have transformed the fields of computer vi-
sion, robotics and games. Deep RL has outperformed humans in numerous strategic

games [139, 201, 229].

2.2.1 On-policy and off-policy

An RL agent needs to interact with the environment and collect experiences to learn about

the MDP (exploration), while also trying to optimise the return (exploitation). A recurring
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theme in RL is to balance exploration and exploitation. This relates to an important
distinction in RL algorithms: on-policy vs off-policy. An algorithm is on-policy if it can
only be trained on experiences generated by the current policy 7. While this often results in
a simpler algorithm, this implies that the learnt policy has to retain a level of stochasticity,
since it has to explore and experience sub-optimal behaviour as well. Off-policy learning,
enabled by techniques such as importance sampling, allows decoupling of the target policy
that is optimised from the behaviour policy which the agent uses to collect experiences.
This also allows training upon all experiences that are collected in the past, rather than

clearing the rollout buffer after every policy update.

2.2.2 Value-based methods

A value function [213] is a fundamental concept in RL, used to estimate the expected
return following a policy 7. The (state-)value function V7 (s) = E,[R;|s; = s] evaluates
the expected return starting from the current state s, while the action-value function
Q™ (s,a) = E;[R¢|st = s,a; = a] considers both the current state s and the action to
be taken a. An optimal policy 7* is a policy that maximises the expected return for all
states, i.e. Vs € S, V*(s) = max, V™ (s). Computing a value function for a given policy
is called policy evaluation, and improving the policy to obtain a better return is called

policy improvement.

Value Iteration

Value Iteration (VI) [17, 213] is an algorithm to obtain an optimal policy when the
environment model (state transition P(s’|s, a) and reward function R(s, a, s")) is known
and the state-action space is relatively small and discrete so that they can be repeatedly

enumerated (i.e. a tabular setting). It performs policy evaluation and policy improvement
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for each update step. Updates at step k£ can be described as follows:
QW (s,a) = 3" P(s']s,a)[R(s,a,8') +VED(S)],  Vae Als),
V¥ (s) = max QW (s, a), (2.1)

7™ (s) = argmax Q™ (s, a).
acA(s)

This update is repeated until the value function V*) converges. The final policy 7 is

optimal, which means that the policy gives the maximum expected return.

Value function approximation

While VI provides valuable insight into how value functions can be used to obtain an
optimal policy, it is seldom the case that the full MDP is known and fully expandable.
Value-based methods aim to approximate this value function from experiences without
having to know or expand the full MDP.

Neural networks are often used as value function approximators. There are several
approaches to computing the target value to regress towards. Monte-Carlo methods
[204, 213] use the returns of fully rolled out episodes to estimate the expectation of returns
(see Section 2.2.2), whereas Temporal Difference (TD) learning [184, 213, 235] is at the
opposite end of the spectrum, taking a bootstrapped approach with a one-step lookahead to
estimate the values (see Section 2.2.2). n-step TD [235] generalises TD learning to n-step
lookahead (here, Monte Carlo methods can be considered as oco-step TD), and TD(\) [211]
takes an exponentially weighted average of n-step TD with varying n (from 1-step TD to a

Monte Carlo estimate) to provide a return estimate with reduced variance.

Monte Carlo methods

Monte Carlo methods [204, 213] use the returns of the episode R;(7) = >, Aty

as a target value for a value function approximator. While Monte Carlo methods can
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update all values predicted by the approximator at each time step along a trajectory with
actual returns, the returns cannot be computed until the end of each episode, and have high
variance due to different trajectories having varying returns as a result of aggregating all
rewards along the trajectory, making it difficult to solve the problem of credit assignment

(i.e. which specific actions contributed to improving/reducing the rewards).

Temporal Difference learning

TD learning performs a Bellman update by bootstrapping values of the next state. In the

simplest one-step on-policy form, the update of a value function V™ (s) can be written as:
VT(s) « V™ (s)+alr+4V(s) —V(s)], (2.2)

where the reward-state transitions are sampled by the current policy =. Here, V™ (s) is
the value estimator to be learnt, « is the learning rate, and r + V(') is the target values
to regress V™ (s) towards. 6; = 1, + YV (s41) — V(s¢) is a quantity called TD error. TD
learning can also be applied to incomplete episodes or infinite-horizon continual problems
in which an episode may have infinite time steps.

TD learning can also be applied to learning action-values (Q)(s,a). SARSA [184]
is an on-policy method, for which the current state s, current action a, reward r, next
state s’ and next action ¢’ must be known. The TD target is r + vQ(s, a’). Q-learning
[235] 1s an off-policy method, since it only requires s, a and 7, and the TD target is
r 4+ ymaxg; Q(s',a). Deep Q-Network (DQN) [138] was a major breakthrough for deep
reinforcement learning. Several improvements have been made to stabilise training. A
target network [139] uses a lagged copy of the Q-network as the target so that the target is
approximately fixed during training. Double Q-learning [83, 225] uses two Q-networks,
one to select the actions and one to estimate the next step Q-value, to counter the problem
of systematic overestimation of Q-values. Prioritised Experience Replay [188] sample

informative experiences more frequently to accelerate learning.
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2.2.3 Policy gradient methods

Policy gradient methods [210, 238, 239] directly learn and improve a policy 7(a|s) to
maximise the expected returns. The key idea is to reinforce actions that resulted in high
returns, while suppressing actions with low returns.

The objective J(my) is the expected return over all completed trajectories generated
by the agent following policy 7y(als):

J(m) = E [R(7)] = E

T T~

T
> vtrt] , (2.3)

t=0
where 0 is a set of learnable parameters. Neural networks are suitable to model my(als).
The policy gradient algorithm maximises the objective .J(my) by performing gradient
ascent on the policy parameters 6 according to V,.J(my), which can be shown to be
Equation (2.4) [213, 238]:
T

Vol(m) = E |Y Ry(r)Vologm(as,)| - (2.4)

T~Tg
t=0

The probability of the action my(a;|s;) corresponding to a positive R;(7) is increased,

while that corresponding to a negative R;(7) is decreased.

REINFORCE

The REINFORCE algorithm [238, 239] is a direct application of the policy gradient
algorithm, which uses Monte-Carlo approximation for the expectation in Equation (2.4).

While value-based methods tend to struggle with continuous action spaces, since they
have to find an argmax action over the values (see Equation (2.1)), policy gradient methods
work with both discrete and continuous action spaces. The disadvantage is that they tend
to have high variance because returns vary significantly from trajectory to trajectory, and

credit assignment for long trajectories is non-trivial.*

4Credit assignment is the process of determining how individual actions contributed to the overall
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2.2.4 Actor-Critic methods

Actor-Critic methods have two components that are learnt jointly: an acfor — a parame-
terised policy used to take actions, and a critic — a value function used to estimate returns

by bootstrapping.

Advantage

Advantage Actor-Critic (A2C) [140] combines policy gradient methods and value-based
methods. It is similar to REINFORCE [238, 239], but instead of using the returns from
Monte Carlo sampled experiences, it uses the advantage function A(s;, a;) = Ry — V(s4)
that measures the relative return of taking an action a; in a given state s;. It subtracts
the baseline term V() to stabilise the learning of the policy. In practice, the advantage
function is trained by regressing towards the TD error §; = r + 7V 7™(s") — V™(s) as a
reinforcing signal. The gradient of the A2C objective can be written as:

VoJ(mg) = E [A(s,a)Vylogm(als)]. (2.5)

S,a~Tg

Generalised Advantage Estimate

Generalised Advantage Estimate (GAE) [193] provides a robust and low-variance estimate
of the advantage function. GAE can be expressed as a sum of exponentially weighted

multi-step TD errors:
T

AGRE =N (70" 6y, 2.6)

t'=t

where 0; = r;+7v(1—d;)V (st+1)—V (s¢) is the TD error at time ¢, and ) is a hyperparameter
that controls the trade-off of bias and variance. When A = 0, the GAE is equivalent to the

TD error §;. When \ = 1, it is equivalent to a Monte Carlo estimate of the advantage.

success or failure of an agent’s strategy, particularly in problems with delayed rewards. Since REINFORCE
uses the returns of full trajectories, actions that were irrelevant to the overall success or failur of the agent
may still be reinforced or penalised.
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Policy Optimisation

A direct implementation of policy gradient algorithms such as A2C is susceptible to
policy collapses, in which the policy optimisation overshoots and the resulting new policy
significantly deviates from the old policy. To counter this, Trust Region Policy Optimisation
(TRPO) [192] updates policies while ensuring that the old and new policies are within
a certain proximity, measured in terms of Kullback—Leibler (KL) divergence. Proximal
Policy Optimisation (PPO) [194] addresses the same problem, using a first-order method
where TRPO uses a more complex second-order method. Furthermore, PPO proposes to
replace the KL divergence regularisation with a simpler clipped objective, which has a
similar performance. PPO’s clipped objective is:

Loro(0) = E [min <MA§3AE, clip <M|S)) 1—e1+ e) ASAE)] @7

S,anm ﬂ-eold(a|8> 7T901d<a|8

where ASAE is the GAE at time step ¢, and % is a ratio of probabilities of taking
old

action a at state s with the new policy against that with the old policy.

Q-learning-based Actor Critic

Deep Deterministic Policy Gradients (DDPG) [128, 200] adapts Deep Q-learning to work
in continuous action spaces. Instead of evaluating the maximum Q-value over actions,
which is a challenge in continuous action spaces, DDPG learns a target policy network
o (s) to deterministically predict an action that maximises Q4(s, a), and use its result to
evaluate the TD-error. This is done by solving maxy E[Q (s, pa(s))]-

Twin-Delayed DDPG (TD3) [63] improved upon DDPG by introducing delayed
policy updates, policy smoothing, and clipped double-Q learning that learns two Q-value
estimates and take their minimum to reduce the effect of over-estimation of the Q-values,
while Soft Actor-Critic (SAC) [76] replaces DDPG’s deterministic policy with a stochastic

policy and adds entropy regularisation to the RL objective, rewarding the agent for visiting
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states where the agent’s policy has high entropy, since having high entropy may be an

indication that the policy is uncertain for this state input and has room for improvement.

2.2.5 Hierarchical Reinforcement Learning

Hierarchical Reinforcement Learning (HRL) [143, 160, 228, 242, 253] is a branch of RL
that involves decomposing a complex long-horizon task into a hierarchy of subproblems or
subtasks so that the lower-level policies can learn more primitive actions with a shorter-term
focus, while the higher-level policies select temporally abstracted macro-actions with a
longer-term focus. Where multiple tasks share many subtasks, an agent may learn a
reusable lower-level policy with a higher-level policy learning to optimise the task-specific
objective. This allows the agent to learn more efficiently and generalise better to novel
situations.

In HRL, subgoals [65], credit assignment [227], and options [9, 111, 166, 214, 255]
are key building blocks in achieving this decomposition. Subgoals are intermediate goals
that the agent needs to achieve in order to complete the overall task. The agent uses
subgoals to incentivise the agent to visit state regions which brings the agent closer to
achieving its ultimate objective. Credit assignment is the process of assessing the level
of each action’s contribution to the overall performance of the agent. HRL introduces
temporal abstraction to task execution, which naturally allows long-term credit assignment

(e.g. advantages computed for higher-level actions).

The Options Framework

Options [166, 214] are temporally extended actions that allow the agent to make high-level
decisions in the environment. Each option corresponds to a specialised low-level policy
that the agent can use to achieve a specific subtask. In the Options Framework, the

inter-option policy 7(z;|s;) and an option termination probability w(s;; 1, z;) govern the
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transition of options, where 2; is the current option, and are chosen from an n number of
discrete options {Z1, ..., Z,,}.° Options are especially valuable when there are multiple
stages in a task that must be taken sequentially (e.g. following a recipe) and the agent must

obey different policies given similar observations, depending on the stage of the task.

Earlier works have built upon the Options Framework by either learning optimal
option selection over a pre-determined set of options [161] or using heuristics for option
segmentation [114, 143], rather than a fully end-to-end approach. While effective, such

approaches constrain the agent’s ability to discover useful skills automatically.

The Option-Ciritic architecture [9] proposed end-to-end trainable systems which learn
option assignment. It formulates the problem such that inter-option policies and termination
conditions are learned jointly in the process of maximising the expected returns. Double
Actor-Critic (DAC) [255] is an HRL approach to discovering options. DAC reformulates
the Semi-Markov Decision Process (Semi-MDP) [214] of the option framework as two
hierarchical MDPs (high-MDP and low-MDP). The low-MDP concerns the selection of
primitive actions within the currently active option. The high-MDP handles high-level

decision-making, such as selecting and terminating options.

Applications of the forward-backward algorithm

The forward-backward algorithm, also known as the Baum-Welch algorithm [14], is an
algorithm that finds an optimal assignment of latent variables in a Hidden Markov Model
(HMM) given sequential observations. Several works [42, 59, 64, 258] have explored the
possibility of applying the forward-backward algorithm to the options framework in a TD

learning setting.

>The notations have been adapted to match the convention in this thesis.
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2.2.6 Transfer and generalisation in Reinforcement Learning

Many findings and techniques for standard deep learning in terms of transfer learning [217],
multi-task learning [41], and Meta Learning [90] are applicable or translatable in the
context of deep RL [244]. Policy and value networks, which often have shared parameters,
can be pre-trained on general tasks before being fine-tuned on a more specific task [12] or
by learning better representations from auxiliary tasks such as learning the environment
dynamics and reward models [75, 79, 80, 144], sometimes referred to as world modelling
(see Section 2.2.7). Recent approaches model the RL problem as a more general sequential
modelling task, motivating applications of large transformer models [12, 32, 158, 175,
226]. This formulation allows foundation models [21] and large pre-trained models to be

repurposed or fine-tuned on specific tasks [12, 49, 191, 248].

Meta Reinforcement Learning (Meta-RL) [15, 50, 165, 171, 231, 250] focuses on
developing methods that enable agents to learn a general policy that can efficiently be
adapted to solve new tasks with a small amount of data. The aim is to learn a shared
representation across many different tasks in order to learn transferable skills. Large
transformer policies are used in recent work such as AdA [165] so that the agent can infer
and retain knowledge about the current task, which may be used to exhibit task-specific

behaviour.

Similarly, Skill-based RL [145, 163, 198] aims to develop agents that can learn a
set of reusable skills that can be composed to solve new tasks. These skills are designed
to be generalisable and can be often learned from offline data [162, 174, 186]. This
approach allows agents to solve new tasks with few-shot learning and adapt to changes in
the environment more efficiently. These approaches are compatible with HRL, outlined in

Section 2.2.5.
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2.2.7 Model-based methods

Algorithms considered so far fall under the category of model-free methods, which do
not require explicit modelling of the environment’s state transition dynamics. In some
problems, especially in the case of simulations, games and robotics, the transition dynamics
may be readily accessible as system definitions, in which case it could be beneficial to
take advantage of that knowledge. In other problems where the transition dynamics are
not known, modelling this has its pros and cons. The advantage is that, once a good model
is learnt, it can be used to forecast moves without having to act in the environment. This
increases sample efficiency, which is highly beneficial when collecting experiences is
costly. On the other hand, it is difficult to learn an accurate and comprehensive model, and
long-term planning using inaccurate models can lead to compounding errors, making the
problem intractable. Moerland et al. [141] performs a detailed analysis of model-based

methods.

Monte Carlo Tree Search

MCTS [40] is a widely used model-based method for problems with deterministic discrete
state spaces with known transition functions. It samples candidate actions from the current
policy and performs Monte Carlo rollouts to explore states and estimate their values.
MCTS was used as a core planning component in AlphaGo [201] to solve Go. It used
neural networks to learn a policy to guide the search and a value function to estimate the
values of leaf nodes. A small and fast policy network is used for rapid MCTS rollouts,
while a large and more expressive network is used as the main strong policy network to be
trained. In AlphaZero [202] that solved Go, Chess and Shogi, rollout simulations with a
small network were replaced with a greedy strategy of expanding a child node with the

highest Upper Confidence Bound (UCB) score.®

In AlphaZero, a variant of PUCT [179] was used to evaluate the UCB score for Monte-Carlo Trees.
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Efficient sampling from learnt models

It is possible to learn the transition and reward models P(s'|s, a) and R(s, a, s") from ex-
periences, even when they are not readily available. The earliest of this approach has been
demonstrated in Dyna [212], where samples are used both to update the policy function
directly and to learn a transition model used to generate additional imagined samples.
Model-based Value Expansion [56] performs imagined rollouts up to a fixed depth, and
from there uses the value function. Model-Based Policy Optimisation (MBPO) [103]
chooses rollout length based on estimated model generalisation capacity to attain the
best of both worlds of model-free and model-based methods. Model-Based Reinforce-
ment Learning via Meta-Policy Optimisation (MB-MPO) [37] meta-learns a policy that
can quickly adapt to any model in the ensemble with one policy gradient step. This
approach builds on the gradient-based meta-learning framework called Model-Agnostic

Meta-Learning (MAML) [57].

Jointly learnt latent models

Simulated Policy Learning (SimPLe) [263] uses similar techniques to stochastic video
prediction to learn a stochastic world model with discrete latent space, used as a simulator,
and directly applies PPO [194] to acquire the policy.

TreeQN and ATreeC [54] incorporate recursive tree-structured neural networks. They
learn a transition function that, given a state representation and an action, predicts the next
state representation and corresponding rewards. This is applied recursively for all possible
sequences of actions up to some predefined depth, at which a value function approximator
is used to estimate values at each leaf node. Finally, TD(\) [211] is used to refine the
estimate of ()(s,a). While TreeQN is based on DQN [138], ATreeC is an actor-critic
variant.

Imagination-Augmented Agent (I2A) [168] learns an environment model, a recurrent
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architecture to predict next-step observations, which can be trained in an unsupervised
fashion from agent trajectories. The environment model is used to roll out imagined
trajectories, which are augmented with real samples. The policy network is trained with
A3C [140]. World Models [75] similarly learn to generate states for simulation with a
variational autoencoder and a generative recurrent network. MuZero [190] extends the
work of AlphaZero [202] so that it can learn the transition models for Atari, Go, chess and

shogi using one architecture, without any knowledge of the game dynamics.

Deep Planning Network (PlaNet) [78] learns the environment dynamics from images
and chooses actions through fast online planning in latent space. It uses a Recurrent State
Space Model (RSSM), a form of a sequential Variational Auto-Encoder (VAE) that relates
transitions, observations and rewards. Model Predictive Control [176] is used to adapt its
plan based on new observations, and Cross-Entropy-Method (CEM) [183] is used to search
for the best action sequence. Unlike model-free and hybrid RL algorithms, no policy or

value networks are used.

Dreamer [79] leverages the PlaNet world model, and allows the agent to imagine
the outcomes of potential action sequences without executing them in the environment.
Unlike PlaNet, it uses an actor-critic approach to learn a policy that predicts actions that
result in state trajectories with high value estimates. This is similar to DDPG [128, 200]
and SAC [76], but is applied to multi-step state transitions rather than maximising the
immediate Q-values. DreamerV3 [80] improves the latent representation and reward/value
activation function of Dreamer to solve a variety of tasks including finding diamonds in
Minecraft, a complex task involving navigating a virtual terrain, gathering materials, and

crafting increasingly more powerful tools for mining minerals (see Section 2.4.4).

With the rise of diffusion models [88, 108, 172, 178], recent works have shown that

diffusion world models [3, 47] can also used effectively to train RL agents.
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2.3 Other learning methods

2.3.1 Imitation Learning

Imitation Learning (IL) learns a policy from expert trajectories rather than from trial and
error. Perhaps the most intuitive and straightforward way of learning a policy, Behavioural
Cloning (BC) is a simple form of IL that uses supervised learning to train an agent policy
m(als) given a dataset of state and action pairs as expert demonstrations. A policy trained
only with BC is prone to failure, however, since compounding errors during rollout can
take the agent to states that are not encountered during training. DAgger [180] is a method
to overcome the limitation of BC by iteratively collecting expert labels for online rollouts
and adding these samples to the training dataset, ensuring better coverage of the state space

likely to be visited by the agent policy.

Inverse Reinforcement Learning (IRL) [148, 260, 261] is a class of methods that aims
to recover an underlying reward function that best explains the expert trajectories. Once
the reward function is estimated, standard RL techniques can be applied. This approach
generalises better than BC in tasks in which inferring the reward mechanism is easier
than learning the policy directly. However, IRL is an ill-posed problem since there are
many possible reward functions that can explain the given trajectories. Hence, additional

assumptions must be introduced to constrain the learning problem.

Generative Adversarial Imitation Learning (GAIL) [87] applies Generative Adversar-
1al Networks (GANs) [66] to the problem of IL, training a policy to generate behaviour
indistinguishable from expert demonstrations. This setup enables the model to learn

complex behaviours.

Pre-training via imitation learning on demonstrations [12] is an effective strategy
for learning representations that are transferrable to solving more general tasks (see

Section 2.2.6). World Modelling (see Section 2.2.7) learns to reconstruct the observations
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as well as predict the next action, and is shown to be an effective training strategy [91, 93].

2.3.2 Value Iteration Networks

Value Iteration Network (VIN) proposed by Tamar et al. [216] is a model-based 1L
method that aims to learn the entire planning procedure implicitly and in an end-to-end
differentiable way. It generates a plan online by approximating VI (Section 2.2.2), and
back-propagates errors through the plan to train estimators of the rewards. It models
the underlying MDP with neural network parameters learnt with back-propagation by
matching the evaluated policy with expert trajectories. In the case of a gridded state
space (e.g. a discretisation of a robot’s position in space), the VIN takes the form of
a recurrent convolutional network with cross-channel max-pooling. The convolutional
kernels approximate transition and reward models that are used to generate Q-values online.
The Convolutional Neural Network (CNN) [119] representing the MDP can leverage
repeating structural patterns in the state space’s connectivity. This enables the VIN to
predict an appropriate MDP and plan without further training in novel environments for
grid-based state spaces, such as those used in robot navigation, given that the observation

characteristics and the local transition dynamics are similar to the training domain.

2.3.3 Fine-tuning and Curriculum Learning

RL relies on trial and error to uncover the underlying MDP which is often sample-inefficient,
and involves risk in real-world scenarios where a wrong decision can potentially be catas-
trophic. On the other hand, IL is limited by the coverage of states explored in expert
demonstrations for training. Hence, a policy is often pre-trained using IL and fine-tuned
using RL.

Curriculum Learning [146] is another training technique to improve sample-efficiency.

It trains the agent in stages, starting with simpler tasks and progressively introducing harder
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tasks. This process is designed to help the agent acquire basic skills early on in the training,

which can later be applied to solve complex problems.

2.4 Embodied agents

While embodied tasks such as navigation and manipulation can be solved with classical
path planning methods (Section 2.1.3) for a fully known environment and known motion
dynamics of the agent, in many embodied agent problems the agent must learn to solve
tasks without having access to such privileged information. Simultaneous Localisation
and Mapping (SLAM) [62, 142] can be used to construct a map of the environment online
from the agent observations if the camera parameters are known and the environment is
mostly static and is embedded in Euclidean geometry. However, many real-world problems
have (a) dynamic components, (b) non-Euclidean environment dynamics, and (¢) unknown
camera and/or agent dynamics. For instance, a coordinate space in motion, such as a train
or an aeroplane, is locally Euclidean, but the entrance/exit may lead to a different global
location because there is a temporal component to the planning problem. In these examples,
constructing a globally consistent map of the environment from the agent observations
alone is infeasible and unscalable. Humans can work with such dynamic environments
from partial observations to solve a variety of real-world tasks with various characteristics.
In contrast, algorithmically solving embodied task execution over a large spatial and
temporal horizon is still an unsolved problem. This motivates research on learning-based

techniques for embodied navigation, planning and task execution.

2.4.1 Visual navigation

Visual navigation is a particular application of data-driven planning, in which the observa-
tion data is an image stream captured by a mobile robot. Observations retrieved from 3D

environments have spatial consistency, and state transitions are often translation-invariant
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in the case of spatial states. This opens up an opportunity for data-driven planning algo-
rithms to take advantage of these regularities to make forecasts during planning, thereby

increasing their performance and sample efficiency.

Several works have made advances in training deep networks for navigation. Parisotto
et al. [157] developed the Neural Map, an A2C [140] agent that reads and writes to a
differentiable memory (i.e. a map). Similarly, Mirowski et al. [137] trained reactive
policies which are specific to an environment. The Value Prediction Network [153] learns
an MDP and its state space from data, and plans with a single roll-out over a short horizon.
Hausknecht et al. [84] added recurrence to deep Q-learning to address partially-observable
environments, but considered only single-frame occlusions. Several works treated planning
as a non-differentiable module, and focused on training neural networks for other aspects
of the navigation system. For instance, Savinov et al. [187] composed siamese networks
and value estimators trained on proxy tasks, and using an initial map built from footage
of a walk-through of the environment. Active Neural SLAM [29] trained a localisation
and mapping component (outputting free space and obstacles), a policy network to select
a target for the non-differentiable planner, and another to perform low-level control.
Subsequent work [28] complemented this map with semantic segmentation. The latter two
works navigated successfully in large simulations of 3D-scanned environments, and were

transferred to real robots.

AI2-THOR [113], VirtualHome [167], Matterport3D [27], Gibson [247], iGib-
son [123], Habitat [134, 215], and RoboTHOR [44] are some of the well-known bench-

marks for embodied navigation in naturalistic simulated environments.

2.4.2 Decision making in autonomous driving

Approaches to autonomous driving can be broadly classified into modular systems and

end-to-end systems [251]. Most systems take a modular approach [122, 131, 224, 237],
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which has human-defined rules that orchestrate separately engineered components for
localisation and mapping, object detection, tracking, behaviour prediction, planning, and
vehicle control. Such systems allow compartmentalisation and better interpretability,
but can be complex and require domain knowledge to maintain and update. Another
challenge is error propagation [135], i.e. the upstream outputs can be erroneous and must
be corrected downstream. Recent work has harnessed end-to-end learning to address these
issues. IL [13, 20] optimises the policy to match actions taken by experts, and is the most
widely used approach. However, its performance is upper-bounded by the expert. Deep
RL has also shown successes in simulation [185], on the road [110], and in combination

with IL [130].

CARLA driving benchmark

CARLA [48] is a widely used open-sourced 3D simulator for autonomous driving research,
and provides a benchmark [25] to evaluate driving performances of both privileged expert
agents and sensor-only agents. Privileged agents have access to traffic light states and
ground truth motions of vehicles, bicycles, and pedestrians. These are often implemented
manually and are used to generate expert demonstrations for IL. Sensor-only agents, on
the other hand, have to make decisions based on RGB-D images, lidar, and accelerometer
measurements, which are often achieved by learnable components. Many prior works on
CARLA have open-sourced their expert agents. Roach [257] trained a PPO agent [194]
on handcrafted reward signals with privileged information. The heavy lifting is done at
the reward shaping level, where hazardous agents are identified and the desired speed and
pose are computed. Roach expert is also used in MILE [92] and TCP [241], where TCP
has an additional emergency braking upon detecting potential collisions. TransFuser [35],
InterFuser [196] and TF++ [102] implement their handcrafted expert systems, either using
cuboid intersections or line intersections for hazard detection. TransFuser also introduced

the Longest6 benchmark [35], which consists of longer routes compared to the official
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CARLA benchmark and is less saturated.

2.4.3 LLMs for automating compositional tasks

Large Language Model (LLM) [23, 33, 155, 156]-powered agents have demonstrated
sophisticated decision making and planning capabilities. Sequential prompting with the
history of observation, action, and the reason for the action was proposed by ReAct [249]
as an improvement to Chain-of-Thought prompting [236], which has also been applied
to autonomous driving [60]. Auto-GPT [177] automated tasks by iteratively generating a
sequence of subtasks in finer detail until they are executable. A similar strategy was applied
to robotics [94]. SayCan [96] used LLMs to generate candidate subgoals and assessed their
affordances with a value function given visual observations to ground the agent’s behaviour.
Socratic Models [252] demonstrated zero-shot performance on language-conditioned robot
manipulation tasks by orchestrating pre-trained multimodal foundation models. Reed
et al. developed Gato [175], a multi-task agent with a multi-modal foundation model
backbone that can perform a variety of tasks including image captioning, chat, playing
Atari and real-world robot arm manipulation. VIMA [105] and PaLM-E [49] demonstrated
profound reasoning and execution capabilities on multi-modal tasks such as Visual Q&A
and robotics by fine-tuning LLMs to allow multi-modal prompting. Inner Monologue [95]
used environment and user feedback to replan for embodied tasks. Liang et al. [126] and
Singh et al. [203] used LLMs to directly generate code for robotics, while ViperGPT [209]
and VisProg [73] composed pre-trained vision-and-language models to solve challenging

vision tasks which require reasoning and domain knowledge.

2.4.4 Task execution in virtual worlds

Significant innovations have been made in recent decades on research in embodied agents

that can interact with video games and complex simulated 3D environments, including
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Atari [16, 139], Dota 2 [18], StarCraft II [229], and Minecraft [12, 74]. More recently,
SIMA [219] trained an agent to follow free-form instructions across a diverse range of
virtual 3D environments, including curated research environments as well as open-ended

commercial video games. In this thesis, the Minecraft environment is explored in depth.

Minecraft is an open-ended 3D virtual gaming environment where human players
and agents can perform many life-like tasks to survive and live, such as exploring, min-
ing, crafting, building, raising animals, and harvesting crops. MineRL [74] provided a
behaviour dataset to train embodied agents, and hosted a competition for RL agents to
obtain diamonds in Minecraft. This is a complex task, since it involves many stages of
subtasks of gathering wood, cobblestones and iron, and crafting a crafting table, furnace,

and pickaxes of different materials (i.e. wood, stone and iron).

OpenAl presented Video PreTraining (VPT) [12], a foundation model trained on
a large collection of videos on the Internet, which successfully managed to discover
diamonds using RGB pixel inputs as observations and predicting cursor movements,
mouse clicks, and keyboard presses as outputs. DreamerV3 [80] achieved the same task
but trained just on its own experiences without external datasets, by learning a world model

to improve sample efficiency.

Many of the tasks in Minecraft are compositional, and hence require long-term
planning, guided by intuition from real-world experiences. The MineRL BASALT Compe-
tition [136] evaluated agents on their life-like task execution capabilities in four domains:

finding a cave, making a waterfall, creating an animal pen, and building a house.

Recent works on Minecraft explore ways to use LLMs and multi-modal foundation
models to interface the agent with language instructions and address such long-term
planning problems. MineDojo [53] provides an Internet-scale multimodal knowledge
base of images, videos and text, accompanied by a benchmarking suite with thousands of

diverse open-ended tasks specified in natural language prompts. The paper also proposes
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MineCLIP, a video-text contrastive model based on CLIP [169], which associates natural
language subtitles with their time-aligned video segments and uses the correlation score as
an open-vocabulary reward function for RL training. Steve-1 [127] builds on MineCLIP,

combining with methods from unCLIP [173] to generate language-guided behaviours.

VOYAGER [230] takes a unique approach to generating code as directly executable
policies. Assuming privileged information about the environment (i.e. types and coor-
dinates of objects and materials nearby, the items in the inventory, and access to a path
planner given a target coordinate), it integrates environment feedback, execution errors, and
self-verification into an iterative prompting mechanism for embodied control in Minecraft.
VOYAGER maintains a skill library, a collection of verified reusable code, which can be
considered as checkpoints that can be saved, shared, loaded to the agent to determine its

strategy, and used as a for further training.

Approaches that use LLM to generate plans and subgoals are also suggested.
DECKARD [152] learns modular sub-policies trained on RL objectives to work with
a high-level plan generated by the LLM, referred to as an Abstract World Model (AWM).
The AWM is a Directed Acyclic Graph (DAG), where the nodes represent subgoals (e.g.
crafting specific items in Minecraft), and the edges represent dependencies between these
subgoals. Subgoal policies predict actions over a large multi-discrete action space from
a pixel-only observation, while the overall policy initiates transitions between subgoals
based on the agent’s current inventory. “Describe, Explain, Plan and Select” (DEPS) [233]
uses a LLM to interactively adjust the agent plan upon failure to complete a subgoal. A
Vision-Language Model (VLM) (e.g. CLIP [169]) is used to provide the agent’s state
descriptions in natural language. Zhu et al. [259] similarly implements an LLLM Decom-
poser, LLM Planner, and LLM Interface to perform interactive planning. Their method
manages to obtain all items in Minecraft Overworld, although it also assumes a more

privileged observation space including voxels, GPS location, and inventory information.
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JARVIS-1 [234], a multi-modal agent that takes visual observations and human instructions,
combines MineCLIP [53] with an LLM, and further augments the agent with a multimodal
memory, which stores successful plans in the past with corresponding scenarios to enhance
the correctness and consistency of planning. JARVIS-1 employs self-instruct [232] to

generate a dynamic curriculum for the exploration of diverse tasks.



Chapter 3

Towards real-world navigation with deep

differentiable planners

This chapter introduces Collision Avoidance Long-term Value Iteration Network (CALVIN),
an embodied neural network trained to plan and navigate unseen complex 2D and 3D
environments. Rather than requiring prior knowledge of the agent or environment, the
planner learns to model the state transitions and rewards. To avoid the potentially haz-
ardous trial-and-error of Reinforcement Learning (RL), this work focuses on differentiable
planners from the family of Value Iteration Networks (VINs) [216], which are trained
offline from safe expert demonstrations. Although they work well in small simulations, two
major limitations hinder their deployment. Firstly, current differentiable planners struggle
to plan long-term in environments with a high branching complexity. While they should
ideally learn to assign low rewards to obstacles to avoid collisions, these penalties are not
strong enough to guarantee collision-free operation. CALVIN thus imposes a structural
constraint on the value iteration, which explicitly learns to model impossible actions and
noisy motion. Secondly, CALVIN extends the model to plan exploration with a limited
perspective camera under translation and fine rotations, which is crucial for real robot
deployment. These proposed modifications significantly improve semantic navigation
and exploration on several 2D and 3D environments, including the Active Vision Dataset

(AVD) that consists of real images captured from a robot, succeeding in settings that are
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Figure 3.1: (1% column) Input images seen during a run of CALVIN on AVD (Section 3.5.5).
This embodied neural network has learned to efficiently explore and navigate unseen indoor
environments, to seek objects of a given class (highlighted in the last image). (2"4-3"¢ columns)
Predicted rewards and values (resp.), for each spatial location (higher for brighter values). The
unknown optimal trajectory is dashed, while the robot’s trajectory is solid.

otherwise challenging for differentiable planners.
This work was published at the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR) 2022 [97].

3.1 Introduction

Continuous advances in robotics have enabled robots to be deployed to a wide range of
scenarios, from manufacturing in factories and cleaning in households, to the emerging
applications of autonomous vehicles and delivery drones [5]. Improving their autonomy

is met with many challenges, due to the difficulty of planning from uncertain sensory
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data. In classical robotics, the study of planning has a long tradition [116, 221], using
detailed knowledge of a robot’s configuration and sensors, with little emphasis on learning
from data. An orthogonal approach is to use deep learning, an intensely data-driven
approach [67]. Modern deep neural networks excel at pattern recognition [197], although
they do not offer a direct path to planning applications. While one approach would be to
parse a scene into pre-defined elements (e.g. object classes and their poses) to be passed to
a more classical planner, an end-to-end approach where all modules are learnable has the
chance to improve with data and adapted to novel settings without manual tuning. Because
of the data-driven setup, a deep network has the potential to learn behaviour that leverages
the biases of the environment, such as likely locations for certain types of rooms. For
example, while the best generic strategy to reach the exit in a maze may be to follow a
wall on one side, a better one for office buildings could be to first exit any room and then

follow the corridors to the end [5].

VINs [216] emerged as an elegant way to merge classical planning and data-driven
deep networks, by defining a differentiable planner. The end-to-end differentiability of the
network allows the planner to include sub-components learnable from demonstrations. For
example, it can learn to identify and avoid obstacles, and to recognise and seek classes
of target objects, without explicitly labelled examples. However, there are gaps between
VIN’s idealised formulation and realistic robotics scenarios. The Convolutional Neural
Network (CNN)-based VIN considers the full environment to be visible and expressible
as a 2D grid. As such, it does not account for embodied (first-person) observations in 3D
spaces, unexplored and partially visible environments, or the mismatch between egocentric
observations and idealised world-space discrete states. It is also observed that VINs are
less robust in complex environments where the degree of branching is high, e.g. in a maze

as opposed to an obstacle map used in [216].

This work addresses these challenges, and closes the gap between current differen-
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tiable planners and realistic robot navigation applications. The main contributions of this

work are:

1. A constrained transition model for Value Iteration (VI), following a rigorous prob-
abilistic formulation, which explicitly models illegal actions and task termination

(Section 3.3.1).

2. A 3D state space for embodied planning through the robot’s translation and rota-
tion (Section 3.3.2). Planning through fine-grained rotations is often overlooked

(Section 3.2.3), requiring better priors for transition modelling (Section 3.3.1).

3. A trajectory reweighting scheme that addresses the unbalanced nature of navigation

training distributions (Section 3.3.1).

4. An efficient representation that fuses observations of the same spatial location across
time and space (different points-of-view), allowing differentiable planners to handle

long time horizons and free-form trajectories (Section 3.3.2).

5. Training the differentiable planner to learn to navigate in both complex 3D mazes,
and the challenging AVD [4], with images from a real robot platform (Section 3.5.5),

showing that the planner can be trained with limited data collected offline.

3.2 Background

3.2.1 Value Iteration

VI [17, 213] is an algorithm to obtain an optimal policy, by alternating a refinement of
both value (V') and action-value (()) function estimates in each iteration k. The algorithm
and the update rule are described in Section 2.2.2.

When s and a are discrete, Q) and V*) can be implemented as simple tables

(tensors). The cells of a 2D grid are considered as states, corresponding to discretised
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locations in an environment, i.e. s = (¢,7) € S = {1,..., X} x {1,...,Y}. Furthermore,

transitions are local (only to coordinates offset by § € {—1,0, 1}?):

QWM (s,a) ZP s+0ds,a) [R (s,a,é)—i—’yv(k’l)(sté)], Va € A(s),
seK 3.1)
V() = max QW(s,a),

Note that to avoid repetitive notation s and ¢ are 2D indices, and V' is a 2D matrix. The
policy 7 (a|s) = argmax,. , Q* (s, a) chooses the action with the highest action-value.
While the sum in Equation (3.1) resembles a convolution, the filters (P) are space-varying
(depend on s = (1, j)), so it is not directly expressible as such. Equation (3.1) represents
the “ideal” VI for local motion on a 2D grid, without further assumptions. For this
reason, P and R are unconstrained 5-dimensional tensors. Contrasting Equation (3.1)

to any proposed modification will be instructive, by revealing explicitly any additional

assumptions.

3.2.2 Value Iteration Network

While VI guarantees the optimal policy, it requires that the functions for transition proba-
bility P and reward R are known. Tamar et al. [216] pointed out that all VI operations
are (sub-)differentiable, and as such a model of P and R can be trained from data by
back-propagation. For the case of planning on a 2D grid (navigation), they related Equa-
tion (3.1) to a CNN, as:

Z( 5Rs+5+ sttgl ), Va € A,
0eK (3.2)

V(k = max Q)

s,a’

where P PV ¢ RA*I¥l are two learned convolutional filters that represent the transitions
(P in Equation (3.1)), and Risa predicted 2D reward map. Note that A is independent

of s, 1.e. all actions are allowed in all states. This turns out to be problematic (see
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Section 3.2.4). The reward map R is predicted by a CNN, from an input of the same
size that represents the available observations. In Tamar et al.’s experiments [216], the
observations were a fully visible top-down view map of the environment, from which
negative rewards such as obstacles and positive rewards such as navigation targets can
be located. Each action channel in A corresponds to a move in the 2D grid, typically
8-directional or 4-directional. Equation (3.2) is attractive because it can be implemented
as a CNN consisting of alternating convolutional layers () and max-pooling along the

actions (channels) dimension (V).

3.2.3 Applications of Value Iteration Networks

VINs were applied to localisation from partial observations by Karkus et al. [107], but
assuming a full map of the environment. Gated Path Planning Network (GPPN) [120]
replaced the maximum over actions in the VI formula with a Long Short-Term Memory
(LSTM). The evaluation included an extension to rotation, but assumed a fully known
four-directional view for every gridded state, which is often not available in practice. A
subtle difference is that they handle rotation by applying a linear policy layer to the hidden
channels of a 2D state space grid, which is less interpretable than the 3D translation-rotation

grid implemented in CALVIN

Most previous work on deploying VIN to robots [150, 189] assumed an occupancy
map and goal map rather than learning the map embedding and goal themselves from
data. Gupta et al. [72] evaluated a differentiable planner called Cognitive Mapper and
Planner (CMP) on real-world data using map embeddings learned end-to-end. CMP uses a
hierarchical VIN [216] to plan on larger environments, and updates an egocentric map. It
handles rotation as a warping operation external to the VIN (i.e. it plans in a 2D translation
state space, not 3D translation-rotation space). Warping an egocentric map per update

achieves scalability at the cost of progressive blurring of the embeddings. CMP requires
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gathering new trajectories online during training with DAgger [180]. In contrast, CALVIN

is trained solely on a fixed set of trajectories, foregoing the need for extra expert labels.

3.2.4 Limitations of Value Iteration Networks

Differences between the VIN and the idealised VI on a grid.

There are several differences between the VIN (Equation (3.2)) and an idealised VI on a

grid (Equation (3.1)):

. The VIN value estimate V' takes the maximum action-value () across all possible
actions A, even illegal ones (e.g. moving into an obstacle). Similarly, the () estimate
is also updated even for illegal actions. In contrast, VI only considers legal actions

for each state (cell), i.e. A(%, j).

. The VIN reward R is assumed independent of the action. This means that, for
example, a transition between two states cannot be penalised directly; a penalty must

be assigned to one of the states (regardless of the action taken to enter it).

. The VIN transition probability is expanded into 2 terms, P which affects the reward
and PV which affects the estimated values. This decoupling means that they do not
enjoy the physical interpretability of VI's P (i.e. probability of state transitions),

and rewards and values can undergo very different transition dynamics.

. Unlike the VI, the VIN considers the state transition translation-invariant. This
means that it cannot model obstacles (illegal transitions) using P, and must rely on

assigning a high penalty to the reward R of those states instead.
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Figure 3.2: (left) A 2D maze, with the target in yellow. (middle) Values produced by the VIN
for each 2D state (actions are taken towards the highest value). Higher values are brighter. The
correct trajectory is dashed, and the current one is solid. The agent (orange circle) is stuck due to
the local maximum below it. (right) Same values for CALVIN. There are no spurious maxima, and
the values of walls are correctly considered low (dark).

Motivating experiment

Since the VIN allows all actions at all states (.4 does not depend on s), collisions must be
modelled as states with low rewards. In practice, the VIN does not learn to forbid such
actions completely, resulting in the propagation of values from states which cannot be
reached directly due to collision along the way. This is verified experimentally by training
a VIN according to Tamar et al. [216] on 4K mazes (see Section 3.5 for details). For each
state, predicted scores are measured to identify whether the scores for all valid actions are
larger than those for all invalid actions (i.e. collisions). Intuitively, this means the network
always prefers free space over collisions. Surprisingly, it turned out that this was not true
for 24.6% of the states. For a real-world robot to work reliably, this is an unacceptably
high chance of collisions. As a comparison, for the proposed method CALVIN, this rate
is only 1.6%. In the same experiment, the VIN was often trapped in local minima of the
value function and failed to move (Figure 3.2), which is another failure mode. CALVIN
addresses these issues, and push VINs towards realistic scenarios. An alternative would
be to employ online retraining (DAgger) [180], but this trades off the benefit of training

solely on a fixed set of offline trajectories.
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3.3 Collision Avoidance Long-term Value Iteration

Network

CALVIN implements a transition model that accounts for illegal actions and termination.
The state space is extended to rotations and incorporates distant observations into a spatial

map of embeddings, both necessary for real 3D environments.

3.3.1 Augmented navigation state-action space

A probabilistic transition model is derived in this section from first principles, with only
two assumptions and no extra hyper-parameters. The first assumption is locality and
translation invariance of the agent motion, which was introduced in the VIN to allow
efficient learning with shared parameters. Unlike with the VIN, the transition model
P(s'|s,a) is decomposed into two components: the agent motion model ]3(5’ — $la),
which is translation invariant and shared across states (depending only on the spatial
difference between states s’ — s); and an observation-dependent predictor g(s, a) € [0,1]

that evaluates whether action a is available from state s to disqualify illegal actions.

In robotics, it is essential that the agent understands that the current task has been
completed to move on to the next one. Since there is a high chance that a randomly-acting
agent will stumble upon the target in small environments, Anderson et al. [5] suggested that
an explicit termination action must be taken at the target to finish successfully. Therefore,
in addition to positional states, success and failure states are defined, where a success state
W (“win”) is reached only by triggering a termination action D (“‘done”), and a failure
state [’ (“fail”) is reached upon triggering an incorrect action. The reward for reaching
F'is denoted as R, and the translation-invariant rewards is denoted as ﬁ(a, s" —s). For

simplicity, the reward for success is considered as a special case of R(a, s’ — s) where
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a = D and ' = W. With these assumptions, the reward function R(s, a, s') is:

EF, s = F,
R(s,a,s") = (3.3)

}A%(a, s'—s), s #F.
Together with the agent motion model P (s’ — s|a), action validity predictor g(s, a) and

the definition of a failure state F', the transition model P(s’|s, a) can be derived as

1— A(s, a), s =F,
P(s'|s,a) = (3.4)

A(s,a)P(s' — s|la), s # F.
From the above, the reward function R(s, a) is evaluated by marginalising over the
neighbour states s':

R(s,a) =Y  P(s'|s,a)R(s,a,s)
¢ (3.5)

o~

= Rp(1— A(s,a)) + A(s,a) > P(s' — sla)R(a, s — s).

Finally, Equation (3.5) can be substituted into Equation (3.1) to obtain a proposed

method for evaluating Q(s, a):
Q(s,a) = R(s,a) + Ylaea y_ P(s']s, )V (s)
y (3.6)
= R(s,a) +vA(s,a)lozp Y P(s' — sla)V(s),

where [ is an indicator function. Equations (3.5) and (3.6) essentially express a constrained

VI, which models the case of a Markov Decision Process (MDP) on a grid with unknown

illegal states and termination at a goal state. The inputs to this model are three learnable

functions — the motion model ﬁ(s’ — sla), the action validity E(s, a) (i.e. obstacle

predictions), and the rewards R\(a, s’ —s) and Rp. These are implemented as CNNs

with the observations as inputs (ﬁ r 1s a single learned scalar). All the constraints follow

from a well-defined world model, with interpretable predicted quantities, unlike previous

proposals [120, 216]. The resulting method is named Collision Avoidance Long-term

Value Iteration Network (CALVIN).
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Training

Similarly to Tamar et al. [216], the model is trained with a softmax cross-entropy loss L,

comparing an example trajectory {(s;, a;) : t € T'} with predicted action scores Q(s, a):

min_ 37wl (Qse), af) (3.7)

P, AR
where ()(s) is a vector with one element per action (Q(s, a)), and w; is an optional weight
that can be used to bias the loss if w; # 1 (Section 3.3.1). Example trajectories are the
shortest paths computed from random starting points to the target (also chosen randomly).
Note that these shortest paths are computable only during training time, since it is assumed
that the ground-truth layout of the map and the obstacle/target positions are not readily
available during test time.

The learned functions can be conditioned on input observations. These are 2D grids
of features, with the same size as the considered state space (i.e. a map of observations),

which is convenient since it enables ﬁ, A and R to be implemented as CNNSs.

Transition modelling

Similarly to the VIN (Equation (3.2)), the motion model P (s’ — s|a) is implemented as a
convolutional kernel RAXK=xKy where K, and K. y are the x- and y- dimensions of the
kernel, so it only depends on the relative spatial displacement s’ — s between the two states
s and s'. Transitions already observed in the example trajectory can be used to constrain
the model by adding a cross-entropy loss term L(ﬁ(af), s¢11 — s¢) for each step in the

example trajectory. After training, the filter P(s' — s|a) will consist of a distribution over

possible state transitions for each action (visualised in Figure 3.6).

Action availability

Although the action availability ﬁ(s, a) could be learned completely end-to-end in theory,

additional regularisation is necessary in practice. Assuming a reliable log-probability of
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each action being taken (glogit(s, a)), available and unavailable actions can be distinguished
by thresholding A\logit(s, a) at a learnt threshold A\thresh(s). Using a sigmoid function o as a

soft threshold, A (s,a) could be written as:

-~

A<37 CL) =0 <A\logit<3> CL) - 24\thresh(s)) . (38)

Both ‘A\logit(sa a) and gthresh(s) are predicted by the network, given the observations at
each time step. In order to ground the probabilities of each action being taken, the action
logit ﬁlogit(st) is trained to match the example trajectory action a; for all steps ¢, with an
additional cross-entropy loss L(ﬁlogit(s), a*). Note that there is no additional ground truth

supervision — CALVIN strictly uses the same training data as a VIN.

Fully vs. partially observable environments

Some previous works [120, 216] assume that the entire environment is fully observable,
which is often unrealistic. Partially observable environments, involving unknown scenes,
require exploring to gather information and are thus more challenging. This is accounted
for in CALVIN with a simple but significant modification. Note that ()(s;) in Equation (3.7)
depends on the learned functions (CNNs) P, Aand R through Equation (3.6), and these in
turn are computed from the observations. CALVIN extends the VIN framework to the case
of partial observations by ensuring that ()(s;|O<;) depends only on the observations up to
time ¢, O<;, which are aggregated into a map of observation embeddings )/;. This means
that the VIN recomputes a plan at each step ¢ (since the observations are different), instead
of once for a whole trajectory. Unobserved locations have their features set to zero, so in
practice knowledge of the environment is slowly built up during an expert demonstration,
which enables exploration behaviour to be learned. Finally, because it is not possible to
infer an optimal move in a region that was not observed yet, loss terms for unexplored

cells are not considered in Equation (3.7).
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Trajectory reweighting

Exploration provides observations O<; of the same locations at different times (Sec-
tion 3.3.1). Thus, Equation (3.7) can be augmented with these partial observations as
extra samples. The sum in Equation (3.7) becomes } ;o7 >~ er, , Wil (Q(s¢|O<v), af).
These constitute extra samples for Equation (3.7), without needing more annotations.
For long trajectories, the training data then becomes severely imbalanced between the
exploration phase (target is not visible, hence the agent explores the environment) and goal
completion phase (target is visible, hence the agent directly navigates towards it), with
a large proportion of the former (90% of the data in Section 3.5.2). This is addressed in
CALVIN by reweighting the samples. The weights are set such that w;, = 8%/ maxcr %
in Equation (3.7), i.e. a geometric decay scaling with the topological distance to the target

d,. Since expert trajectories are shortest paths, this simplifies to w; = S!71-.

3.3.2 Embodied navigation in 3D environments

Embodied agents such as robots have a pose in 3D space. This work considers a particular
category of robots that operate in Special Euclidean group 2, which means that the agent
can be both translated and rotated. While holonomic robots can navigate omnidirectionally,
this is not the case for non-holonomic robots, and their navigation actions are constrained
relative to their orientation (e.g. moving forward or rotating). They may also have a limited
sensor suite, such as a perspective camera aimed in one direction, which will limit their

observations.

Embodied pose states (position and orientation)

To address the limitation on the available action space (e.g. only able to move forward
or rotate, rather than navigating omnidirectional), the 2D state space is augmented with

an extra dimension, which corresponds to © discretised orientations: S = {1,...,0} X
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Table 3.1: Comparison of individual components in the implementation of CALVIN for positional
states and for embodied pose states. X and Y are the size of the internal spatial discretisation of
the environment, © is the internal discretisation of the orientation, A is the number of actions, K,
and K are the kernel dimensions for spatial locality, and M is the map of embeddings given as
input with channel dimension C'.

Positional Position + Orientation
State s (z,y) (0,2,y)
Map of embeddings M CxXxY CxXxY
VI step Conv2d Conv3d
V(s) X xY Ox X xY
Q(s,a) Ax X xY AXxOx X XY
A(s,a) Ax X xY AXxOx X xY
P AxX K, x K, AxOx0x K, x K,
R Ax K, x K, AxOx0Ox K, xK,

{1,..., X} x {1,...,Y}. This can be achieved by directly adding one extra dimension
to each spatial tensor in Equations (3.5) and (3.6). Likewise, the loss (Equation (3.7))
must compute the cross-entropy over the new action space A of size © x K, x K,
which includes both transitions in rotation as well as spatial translation. Table 3.1 shows
correspondences between tensor dimensions of the positional method and the embodied

method for each component of the architecture.

The VI step in CALVIN performs a 2D convolution of P over a 2D value map in
the case of positional states and a 3D convolution over a 3D value map with orientation
in the case of embodied pose states. In the embodied case, the second dimension of P
corresponds to the orientation of the current state, and the third dimension corresponds to

that of the next state.

Note that the much larger state space makes long-term planning more difficult to
learn. It can be observed that when naively augmenting the state space in this way, the
models fail to learn correct motion kernels P (s’ — s|a). This further reinforces the need for

an auxiliary motion loss (Section 3.3.1), which overcomes this obstacle, and may explain
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why prior works did not plan through fine-grained rotations.

3D embeddings for geometric reasoning

While the VIN performs its operations on a grid map — a discretisation of an absolute
(world-centric) reference frame — generally an agent only has access to observations in
a local (camera-centric) reference frame. Since the learnable functions (ﬁ, A and }A%)
in CALVIN (and other VIN-based methods) are CNNs, their natural input is a grid of
m-dimensional embeddings, denoted e;,;; € R™, for time ¢ and discrete world-space

coordinates (h,i,j) € ZZ*X*Y

, where Z is a discretisation of the height in 3D space. A
resulting map of embeddings M, is a spatio-temporal tensor of dimensions (mx Z)x X x Y.
CNN embeddings ¢(I;) obtained from images /; in first-person view must be projected
and aggregated into this 3D lattice map where VIN performs planning. A method named
Lattice PointNet (LPN) is proposed in this work to accomplish the above.

Each embedding is associated with a 3D point in world-space via projective geometry,
assuming that the camera position ¢; and rotation matrix R; are known (as assumed in
prior work [26, 72, 120, 121, 216], which can be estimated from monocular vision [142]).
Spatial projection also requires knowing (or estimating) the depths d;(p) of each pixel p in
I; (either with a RGB-D camera as in this work, or monocular depth estimation [61]).

The homogenous 3D coordinates of each pixel p = (p1, p2) in the absolute reference

frame can be written using projective geometry [82]:

[2:(p), %(p), 2(p), 1] = e + RK [p1, pa, de(p), 1], (3.9)

where K is the camera’s intrinsics matrix. Given these absolute coordinates of pixels
p, for each cell (h,i,j) in a 3D lattice map M,;, CNN embeddings ¢ (1;) (p) of pixels
close to the lattice cell is aggregated with the current map embedding e;;;. Inspired by
PointNet [30], the embeddings of 3D points from all past frames that fall into each cell

of the world-space lattice are aggregated with mean-pooling. This framework of spatial
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aggregation can be easily extended to work spatio-temporally, aggregating information

from past frames ¢’ < t. More formally:

emij = avg{op(Lly) 1 1o < zp(p) < (i + 1),
t'<t

733 < yw(p) < 7,(j + 1), (3.10)
Tzh S Zt’(p) < Tz<h+ 1)7p S It/}a

where 7., 7, and 7, are the absolute dimensions of each grid voxel, “avg” averages the
elements of a set, and ¢, (/) retrieves the CNN embedding of image I, for pixel p.

As opposed to the PointNet’s unstructured multi-layer perceptrons [30], the LPN
takes advantage of the spatial structure by applying CNNs for feature extraction. It also
maintains a spatially meaningful lattice output with a causal temporal constraint (¢’ < t),
which is beneficial for downstream CNN predictors: (P(e;), A(e,) and R(e,)).

A related proposal for Simultaneous Localisation and Mapping (SLAM) used spatial
max-pooling but with more complex LSTMs / Gated Recurrent Units (GRUs) for temporal
aggregation [26, 86]. Another related work on end-to-end trainable spatial embeddings

uses ego-spherical memory [121].

Memory-efficient mapping

The LPN has some appealing properties in the context of navigation: 1) it allows reasoning
about far away, observed but yet unvisited locations; 2) it fuses multiple observations of
the same location, whether from different points-of-view or different times.

Temporal aggregation during rollout can be computed recursively as e; p, ; ; /7 i ;
foreqpij = €t 1nij+ € p;a0d Nyppij = N1 g+ Ny, 5 Where e; . . is the summed
embedding for the points in cell (h,4, ) at time ¢, and nj,, ; is the number of points
per cell. Only the previous map e;_1 4 ; ; and previous counts n;_; j ; ; must be kept, not
all past observations. Thus at run-time the memory cost is constant over time, allowing

unbounded operation (unlike methods that do not have an explicit map [187]).
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3.4 Experiment setup

3.4.1 Evaluation benchmarks

The capabilities of CALVIN are tested on increasingly challenging environments, leading
up to unseen 3D environments emulating the real world. The measured metric of perfor-
mance is the navigation success rate (fraction of trajectories that reach the target) in unseen

environments.

Randomly generated 2D maze environments

Two types of 2D grid environments are considered: obstacle maps similar to the ones
used in [216], and mazes generated using Wilson’s algorithm [240] (examples shown
in Figures 3.2 to 3.4). The maze environments are more challenging due to their high
branching complexity, especially with local observability, where backtracking is required.
Hence, the focus of this work is on maze environments. Implements of both environments

are available in an open-sourced code repository accompanying this work (Section 3.5.6).

CALVIN is tested against other VIN-based baselines. Realistic constraints of limited

observability and embodied navigation with orientation are progressively introduced.

MiniWorld

MiniWorld [34] is a minimalistic 3D interior environment simulator for RL and robotics
research. It can be used to simulate environments with rooms, doors, hallways and various
objects. In particular, randomly generated maze environments of 3 X 3 and 8 x 8 are used
for evaluating the agents in a 3D setting with first-person view RGB-D observations from

a monocular camera.



Chapter 3. Towards real-world navigation with deep differentiable planners 52

Active Vision Dataset

Active Vision Dataset (AVD) [4] is a dataset of over 30K images of indoor environments
with objects in the scene labelled with bounding boxes. Images are densely collected
from a monocular RGB-D camera onboard a robot at 30 cm intervals and at 30° rotations
in 19 unique household and office environments. It could be used for benchmarking
object recognition methods and simulating motion in real-world environments by creating
arbitrary trajectories connecting the poses of the robot and associated observations that are
present in the dataset. This allows interactive navigation with real image streams, without

synthetic rendering (as opposed to [134]).

3.4.2 Baselines and hyper-parameter choices

CALVIN is compared against the standard VIN by Tamar et al. [216], as well as against
GPPN [120] that uses an LSTM as a recurrent operation to propagate values.

Similarly to VIN [216] which uses a 2-layer CNN to predict the reward map, and
GPPN [120], which uses a 2-layer CNN to produce inputs to the LSTM, CALVIN uses a
2-layer CNN as an available actions predictor ﬁ(sg a). For each experiment, the size of the
hidden layer was chosen from {40, 80, 150}. 150 was used for all the grid environments,
80 for MiniWorld and 40 for AVD, partially due to memory constraints.

VIN has an additional hyperparameter for the number of hidden action channels,
which is set to 40, sufficiently bigger than the number of actual actions in all the experi-
ments. While the kernel sizes K for VIN and CALVIN were set to 3 for experiments in
the grid environment, it was noted in [120] that GPPN works better with larger kernel size.
Therefore, the best kernel size is chosen out of {3,5,7,9, 11} for GPPN. For experiments
on MiniWorld and AVD, there are state transitions with step size of 2, hence a kernel size
of K = 5 1is chosen for VIN and CALVIN.

The number of value iteration steps k& was chosen from {20, 40, 60, 80,100}. For
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trajectory reweighting, 4 was chosen from {0.1,0.25,0.5,0.75, 1.0}.

3.4.3 Expert trajectory generation

Expert trajectories are generated by running an A* [81] planner from the start state to the
target state. Euclidean costs are assigned to every transition in the 2D grid environments,
and a cost of 1 per move for the MiniWorld and AVD environments. In the case of
MiniWorld, an additional cost is assigned to locations near obstacles to ensure that the

trajectories are not in close proximity to the walls.

3.4.4 Inference time rollouts

The performance of the model is tested by running navigation trials (rollouts) on a randomly
generated environment. At every time step, the model is queried the set of ()-values
{Q(s,a) : a € A} for the current state s, and an action which gives the maximum
predicted ()-value is taken.

While the VIN is trained with V(¥ initialised with zeros, in a true VI algorithm, the
value function must converge for an optimal policy to be obtained. To help the value
function converge faster under a time and compute budget, the value function is initialised
with predicted values from the previous time step at test time with online navigation.

A limit is set to the maximum number of steps taken by the agent, which were 200 for
the fully known 15 x 15 grid, 500 for the partially known grid, 300 for MiniWorld (3 x 3),
1000 for MiniWorld (8 x 8), and 100 for AVD.

Architectural design of Lattice PointNet

The LPN consists of three stages: a CNN that extracts embeddings from observations in
image-space (image encoder), a spatial aggregation step (Equation (3.10)) that performs

mean pooling of embeddings for each map cell, and another CNN that refines the map
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embedding (map encoder). The image encoder consists of two CNN blocks, each con-
sisting of the following layers in order: optional group normalisation, 2D convolution,
dropout, Rectified Linear Unit (ReLU) and 2D max pooling. The map encoder consists
of 2D convolution, dropout, ReLU, optional group normalisation, and finally, another 2D
convolution. The number of channels of each convolutional layer are (80, 80, 80, 40) for
MiniWorld and (40, 40, 40, 20) for AVD respectively. The point clouds can consume a
significant amount of memory for long trajectories. Hence, the most recent 40 frames are
used for the 8 x 8 MiniWorld maze.

The input to the LPN is a 3-channel RGB image for the MiniWorld experiment, and
a 128-channel embedding extracted using the first 2 blocks of ResNet18 pre-trained on

ImageNet for the AVD experiment.

Architectural design of the CNN backbone

A CNN backbone is used in a control experiment in Section 3.5.4 to show the effective-
ness of the LPN backbone. In contrast to LPN which performs spatial aggregation of
embeddings, the CNN backbone is a direct application of an encoder-decoder architecture
that transforms image-space observations into map-space embeddings. Gupta et al. [72]
employed a similar architecture to obtain their map embeddings. While they use ResNet50
as the encoder network, a simple CNN is used in the control experiment in Section 3.5.4
to match the result obtained with LPN in the MiniWorld experiment (Section 3.5.4).

The CNN backbone consists of three stages: a CNN encoder, two fully-connected
layers with ReLU to transform embeddings from image-space to map-space, and a CNN
decoder. The encoder consists of 3 blocks of batch normalisation, 2D convolution, dropout,
ReLU and 2D max pooling, and a final block with just batch normalisation and 2D
convolution. The number of channels of each convolutional layer is (64, 128, 128, 128),
respectively.

The fully-connected layers take in an encoder output of size 128 x 5 X 7, reduce it to
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a hidden size of 128, and output either 128 x 5 x 5 for the smaller maze or 128 x 4 x 4

for the larger maze, which is then passed to the decoder.

The decoder consists of 3 blocks of batch normalisation, 2D deconvolution, dropout
and ReLU, and a final block with just 2D deconvolution. The number of channels of
each deconvolution layer is (128, 128, 64, 20), respectively. The output size of the decoder
depends on the map resolution, hence appropriate strides, kernel sizes and paddings are
chosen for the decoder network to match the output sizes of 30 x 30 and 80 x 80. This
approach is not scalable to maps with high resolution or with arbitrary size, which is one

of the drawbacks of this approach.

3.5 Experiments

3.5.1 Fully observable 2D grid environment

CALVIN was first evaluated on 2D environments with positional states, where the obser-
vations are top-down views of the whole scene, and which thus do not require dealing
with perspective images (Section 3.3.2). Since Tamar et al. [216] obtain near-perfect
performance in their 2D environments, after reproducing their results, evaluation was
primarily performed on 2D mazes, which are much more challenging since they require
frequent backtracking to navigate if exploration is required. Mazes of size 15 x 15 mazes
are used. The allowed moves A are to any of the 8 neighbours of a cell. As discussed in
Section 3.3, a termination action [ must be triggered at the target to successfully complete
the task. The target is placed in a free cell chosen uniformly at random, with a minimum
topological distance from the (random) start location equal to the environment size to avoid

trivial tasks. This was necessary to avoid trivial tasks (i.e. starting close to the target).
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Table 3.2: Navigation success rate (fraction of trajectories that reach the target) on unseen 2D
mazes. Partial observations (exploring an environment gradually) and embodied navigation
(translation-rotation state space) are important yet challenging steps towards full 3D environ-
ments.

Standard loss Reweighted loss (ours)
Environment VIN GPPN  CALVIN (ours) VIN GPPN CALVIN (ours)
Fully observable 75.6420.6 91.3+8.1 99.0+1.0 77.5426.6  96.6+4.0 99.7+0.5
Partially observable  3.6+0.6 8.5435 48.0+5.2 1.7417  11.25437 92.2+1.3
Embodied 11.0£1.0 14.5+21 90.0+7.9 152436  28.5+35 93.7+6.2

Baselines and training.

For the first experiment, CALVIN was compared with other differentiable planners: the
VIN [216] and the more recent GPPN [120], on fully-observed environments. Other
than using mazes instead of convex obstacles, this setting is close to Tamar et al.’s [216].
The VIN, GPPN and CALVIN all use 2-layer CNNs to predict their inputs, as described
in Section 3.4.2. All networks are trained with 4/ example trajectories in an equal
number of different mazes, using the Adam optimiser with the optimal learning rate chosen
from {0.01, 0.005, 0.001}, until convergence (up to 30 epochs). Navigation success rates
(fraction of trajectories that reach the target) for epochs with minimum validation loss
are reported. Reweighted loss (Section 3.3.1) is equally applicable to all differentiable

planners, so results are reported both with and without it.

Results

Table 3.2 (first row) shows the navigation success rate, averaged over 3 random seeds (and
the standard deviation). The VIN has a low success rate, showing that it does not scale to
large mazes. GPPN achieves a high success rate, and CALVIN performs near-perfectly.
The low performance of VIN is likely due to the value function not being learnt
correctly, as outlined in Section 3.2.4. A comparison of values learnt by the VIN and

CALVIN are shown in Figure 3.2.
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The high performance of GPPN may be explained by its higher capacity, as it contains
a LSTM with more parameters. Nevertheless, CALVIN has a more constrained architecture,
so its higher performance hints at a better inductive bias for navigation. It is interesting
to note that the proposed reweighted loss has a beneficial effect on all methods, not just
CALVIN. With the correct data distribution, any method with sufficient capacity can fit the
objective. This shows that addressing the imbalanced nature of the data is an important,

complementary factor.

3.5.2 Partially observable 2D grid environment

Next, the same methods are compared in unknown environments, where the observation
maps only contain observed features up to the current time step (Section 3.3.1). To
simulate local observations, ray-casting is performed to identify cells that are visible
from the current position, up to 2 cells away. No information about the location of the
target is given until it is within view of the agent — this corresponds to object class-based

navigation [5], i.e. exploring to find an object of a given class.

Results

In this case, the agent has to take significantly more steps to explore compared to a
direct route to the target. From Table 3.2 (2™ row) it could be observed that partial
observability causes most methods to fail catastrophically. The sole exception is CALVIN
with the reweighted loss (proposed), which performs well. Note that to succeed, an agent
must acquire several complex behaviours: directing exploration to large unseen areas;
backtracking from dead ends; and seeking the target when seen. CALVIN displays all of
these behaviours.

Figure 3.3 shows a trajectory taken by CALVIN at runtime, with corresponding

observation maps and predicted values. At each rollout step, CALVIN performs inference
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Figure 3.3: Example rollout of CALVIN after 21 steps (left column), 43 steps (middle column) and
65 steps (right column). CALVIN successfully terminated at 65 steps. (top row) Input visualisation:
unexplored cells are dark, and the discovered target is yellow. The correct trajectory is dashed, and
the current one is solid. The orange circle shows the position of the agent. (bottom row) Predicted
values (higher values are brighter). Explored cells have low values, while unexplored cells and the
discovered target are assigned high values.

on the best action to take based on its current observation map. No information about
the location of the target is given until it is within view of the agent. This makes the
problem challenging, since the agent may have to take significantly more steps compared
to an optimal route to reach the target. In this example, the agent managed to backtrack
every time it encountered a dead end, successfully reaching the target after 65 steps.
The model initially assigns high values to all unexplored states. When the target comes
into view, the model assigns a high probability to the availability of the “done” action
at the corresponding state. The agent learns a sufficiently high reward for a successful

termination so that the “done” action is triggered at the target.

Since only a combination of CALVIN and a reweighted loss works at all, it could be
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inferred that a correct inductive bias and a balanced data distribution are both necessary for
success. One explanation is that the agent needs to explore, which typically is to navigate
away from locations that it has previously observed, and the reweighting encourages
such behaviour by placing larger weights closer to the target. CALVIN trained with
the reweighted loss managed to backtrack when it encountered a dead end, successfully

reaching the target.

Ablation study of removing loss components

CALVIN is trained on three additive loss components: a loss term for the predicted
Q-values L¢ (Section 3.3.1), a loss term for the transition models Lp (Section 3.3.1),
and a loss term for the action availability L4 (Section 3.3.1). The aim is to assess the
contributions of each loss component to the overall performance.

Experiments are conducted on the partially observable grid environment. The results
in Table 3.3 indicate that all loss components, in particular the transition model loss,

contribute to the robust performance of the network.

Table 3.3: Navigation success rate of CALVIN in partially observable 2D mazes with loss compo-
nents removed.

Loss Lo+Lp+Ly Lo+ Lp Lo+ La

Success rate 92.2 84.1 8.3

3.5.3 Embodied navigation with orientation

Next, the agents are evaluated on embodied navigation, in which transitions depend on the
agent’s orientation (Section 3.3.2). The state space of all methods is augmented with 8
orientations at 45° intervals following Section 3.3.2, and the action space is defined as 4

move actions A: forward, backward, turn left, and turn right.
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Figure 3.4: CALVIN’s learnt rewards and values on partially observable 2D mazes with embodied
navigation (Section 3.5.3). (left) Input visualisation: unexplored cells are dark, the target is yellow
(just found by the agent), and a black arrow shows the agent’s position and orientation. (middle)
Close-up of predicted rewards (higher values are brighter) inside the white rectangle of the left
panel. The 3D state space (position/orientation) is shown, with rewards for the 8 orientations in a
radial pattern within each cell (position). Explored cells have low rewards, with the highest reward
at the target. (right) Close-up of predicted values. They are higher facing the direction of the target.
Obstacles (black border) have low values.

Results

Table 3.2 (3" row) shows that VIN and GPPN perform slightly better, but still have a
low chance of success. CALVIN outperforms them by a large margin. A typical run is
visualised in Figure 3.4 (refer to the caption for more detailed analysis). A high reward is
predicted for the (visible) target, with lower but still high rewards for unexplored regions;
in this snapshot the agent just reached the target. One advantage of CALVIN displayed in
Figures 3.2 to 3.4 is that values and rewards are fully interpretable and play the expected
roles in VI (Equation (3.1)). Less constrained architectures [120, 216] insert operators that
deviate from the value iteration formulation, and thus lose their interpretability as rewards

and values.

3.5.4 Synthetically-rendered 3D environments

Having validated embodied navigation and exploration, CALVIN is now integrated with

the LPN (Section 3.3.2) to handle first-person views of 3D environments.
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Table 3.4: Navigation success rate on unseen 3D mazes (MiniWorld). Note that the baselines do
not generalise to larger mazes.

CNN backbone LPN backbone (ours)
Size A2C PPO VIN GPPN CALVIN (ours)
3x3 98.7+£1.9 81.0+26.9 90.3+3.1 91.3+47 97.7+1.7
8§ x 8 23.6+4.9 14.7+6.2 41.2+95 33.3+86 69.2+53

The MiniWorld simulator [34] is used to generate 3D maze environments with
arbitrary layouts (Section 3.4.1). Only a monocular camera is considered (not 360°
views [120]). The training trajectories now consist of first-person videos of the shortest
path to the target, visualised in Figure 3.5. 1K random trajectories are generated in mazes
of both small (3 x 3) and large (8 x 8) grids by adding or removing walls at the boundaries
of this grid’s cells. Note that the maze’s layout and the agent’s location do not necessarily
align with the 2D grids used by the planners (as in [120]). Thus, planning happens on a
fine discretisation of the state space (30 x 30 for small mazes and 80 x 80 for large ones,
with 8 orientations). This allows smooth motions and no privileged information about
the environment. Both translation and rotation are perturbed by Gaussian noise, forcing
all agents to model uncertain dynamics. To accommodate such probabilistic transitions,

motion dynamics are modelled with a 5 x 5 kernel (see Section 3.4.2).

Baselines and training

Several baselines are compared: two popular RL methods, Advantage Actor-Critic
(A2C) [140] and Proximal Policy Optimisation (PPO) [194], as well as the VIN, GPPN
and the proposed CALVIN. Since A2C and PPO are difficult to train if triggering the
“done” action is strictly required, this assumption is relaxed, allowing the agent to terminate
once it is near the target. All methods use as a first stage a simple 2-layer CNN (details in
Section 3.4.4). Since this CNN was not enough to get the VIN, GPPN and CALVIN to

work well, they all use the proposed LPN backbone (Section 3.4.4). It was not feasible to
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Figure 3.5: Example results on MiniWorld (Section 3.5.4). Left to right: input images, predicted
rewards and values. The format is as in Figure 3.1. Notice the high reward on unexplored regions,
replaced with a single peak around the target when it is seen (last row).

adopt GPPN’s strategy of taking views at all possible states as input [120], due to the high
memory requirements and the environment not being fully visible (only a forward camera

input of RGB-D is available). Other training details are identical to Section 3.5.1.

Results

Results in Table 3.4 indicate that although the RL methods are successful in small mazes,
their reactive policies do not scale to large mazes. CALVIN succeeds reliably even for
longer trajectories, outperforming the others. It is interesting to note that the proposed LPN
backbone is important for all differentiable planners, and it allows them to achieve very
high success rates for small environments (though CALVIN performs slightly better). An

example run of CALVIN is shown in Figure 3.5. The CALVIN agent found the target after
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an efficient exploration period, despite not knowing its location and never encountering

this maze before.

Figure 3.6: Transition model learnt from MiniWorld trajectories for the move forward action at
each discretised orientation, at 45° intervals. Higher values are brighter (yellow for a probability of
1), and lower values are darker (purple for a probability of 0).

Figure 3.6 visualises the learnt state transitions P(s'— s|a) for the move forward action
in CALVIN. It could be observed that the learning mechanism outlined in Section 3.3.1
works even for transitions with added noise, which is the case for MiniWorld experiments.

The network learns to propagate values probabilistically from the possible next states.

Comparison of LPN against CNN backbone

In this ablation study, the proposed LPN backbone is compared against a typical
encoder-decoder CNN backbone as a component that maps observations to map em-
beddings. The performance of the two methods is evaluated for VIN, GPPN and CALVIN.
It could be seen in Table 3.5 that the LPN backbone is highly effective, especially for
larger environments where long-term planning based on spatially aggregated embeddings

is necessary.

Table 3.5: Navigation success rate on unseen 3D mazes (MiniWorld), comparing the CNN backbone
against the LPN backbone (also in Table 3.4). Most methods do not generalise to larger mazes. The
proposed LPN demonstrates robust performance in larger unseen mazes.

CNN backbone LPN backbone (ours)
Size VIN GPPN CALVIN (ours) VIN GPPN CALVIN (ours)
3x3 89.4 73.1 75.2 90.3 91.3 97.7

8§ x 8 0.6 18.3 8.6 41.2 333 69.2
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3.5.5 Indoor images from a real-world robot

Finally, CALVIN is tested on real images obtained with a robotic platform. The AVD [4]
is used (Section 3.4.1). Images can be composed to simulate any trajectory, up to some
spatial granularity. There are also bounding box annotations of object instances, which are
used to evaluate semantic navigation. The last four indoor environments in AVD are kept
as a validation set, and the other 18 scenes are used for training (by sampling 1/ shortest

paths to the target). A visualisation is shown in Figure 3.1.

Tasks and training

A semantic navigation task of seeking an object of a learnt class is considered. The
most common class (“soda bottle”) is chosen as a target object. The training follows

Section 3.5.4.

Results

Performances are reported for VIN, GPPN and CALVIN after 8 epochs of training in
Table 3.6. As in Section 3.5.4, they also fail without the LPN, so all results are with the
LPN backbone. A similar conclusion to that for synthetic environments can be drawn:
proper spatio-temporal aggregation of local observations is essential for differentiable
planners to scale realistically. CALVIN achieves a significantly higher success rate on the
training set than the other methods. On the other hand, while it has higher mean validation
success, the high variance of this estimate does not allow the result to be as conclusive
as for training. This could be attributed to the small size of AVD in general, and of the
validation set in particular, which contains only 3 different indoor scenes. Nevertheless,
this shows that CALVIN learns effective generic strategies to seek a specific object, and
that VIN and GPPN equipped with the LPN backbone can achieve partial success in several

training environments. Figure 3.1 shows an example of a successful navigation sequence.
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Table 3.6: Navigation success rate on AVD, with real robot images taken in indoor spaces. The
task is to navigate to an object of a learned class. All methods use the proposed LPN backbone, as
they fail without it.

Subset VIN GPPN CALVIN (ours)
Training 61.6+4.5 50.6+9.2 70.3+4.9
Validation 45.0+1.0 44,0435 47.6+6.0

3.5.6 Implementation

The code used in this paper is open-sourced, and can be found at https://github.
com/shuishida/calvin. This includes code for CALVIN as well as baselines such
as VIN and GPPN, and for different training environments (i.e. grid world, MiniWorld

and AVD).

3.6 Conclusion

This work proposed CALVIN, which addresses limitations of current VIN implementations
with an extended state-action space, an action availability mechanism, and additional
constraints to the motion model. Contributions include robust embodied navigation
(position and orientation) in unexplored environments and 3D environments from a single
camera, as well as a dense sampling scheme that achieves higher sample efficiency in some
scenarios. The LPN backbone was also proposed, which efficiently fuses spatio-temporal
information in a differentiable way.

CALVIN achieved high performance in challenging 3D navigation environments
by learning transition models and rewards in a data-driven manner. All components
of the model are end-to-end trainable, but they also have clear definitions of what they
mathematically represent. This internal representation grants robustness to randomised

and unknown environments, unlike reactive policies learnt by RL agents.


https://github.com/shuishida/calvin
https://github.com/shuishida/calvin

Chapter 4

Option discovery via Expectation

Maximisation and Policy Gradients

This chapter aims to propose ways to overcome the limitations of Reinforcement Learning
(RL) algorithms designed for Markov Decision Processes (MDPs) with the means of
options. Options are temporally abstracted macro-actions that enable hierarchical planning
and decision-making over multiple time steps. Each option is associated with a sub-policy
which dictates how a sequence of primitive actions should be taken during the execution
of the option. Options also function as a memory that allows the agent to retain historical
information beyond the policy’s context window. While option assignment could be
handled using heuristics and hand-crafted objectives, learning an optimal option assignment
for any given task is an unsolved challenge. In this chapter, two algorithms, Proximal Policy
Optimisation via Expectation Maximisation (PPOEM) and Sequential Option Advantage
Propagation (SOAP), are proposed and investigated in depth to address this problem.
The first approach, PPOEM, applies Expectation Maximisation (EM) to a Hidden
Markov Model (HMM) describing a Partially Observable Markov Decision Process
(POMDP) for the options framework. The method is an extension of the forward-backward
algorithm, also known as the Baum-Welch algorithm [14], applied to options. While this
approach has previously been explored [42, 59, 64, 258], these applications were limited

to 1-step Temporal Difference (TD) learning. In addition, the learnt options have limited
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expressivity due to how the option transitions are defined (see Section 4.2.4). In contrast,
PPOEM augments the forward-backward algorithm with Generalised Advantage Estimate
(GAE), which is a temporal generalisation of TD learning, and extends the Proximal Policy
Optimisation (PPO) [194] to work with options. While this approach was shown to be
effective in a limited setting of a corridor environment requiring memory, the performance
degraded with longer corridors. It could be hypothesised that this is due to the learning
objective being misaligned with the true RL objective, as the approach assumes access
to the full trajectory of the agent for the optimal assignment of options, even though the
agent only has access to its past trajectory (and not its future) at inference time.

As an alternative approach, SOAP evaluates and maximises the policy gradient
for an optimal option assignment directly. With this approach, the option policy is
only conditional on the history of the agent. The derived objective has a surprising
resemblance to the forward-backward algorithm, but showed more robustness when tested
in longer corridor environments. The algorithms were also evaluated on the Atari [16] and
MuJoCo [222] benchmarks. Results demonstrated that using SOAP for option learning is
more effective and robust than using the standard approach for learning options, proposed
by the Option-Critic architecture [9, 111].

The proposed approach can improve the efficiency of skill discovery in skill-based
RL algorithms, allowing them to adapt efficiently to complex novel environments. The

paper is available on arXiv [98].

4.1 Introduction

While deep RL has seen rapid advancements in recent years, with numerous real-world
applications such as robotics [2, 70, 77], gaming [7, 12, 225], and autonomous vehi-
cles [110, 130], many algorithms are limited by the amount of observation history they

condition their policy on, due to the increase in computational complexity. Developing
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learnable embodied agents that plan over a wide spatial and temporal horizon has been a

longstanding challenge in RL.

With a simple Markovian policy m(a,|s;), the agent’s ability to make decisions is
limited by only having access to the current state as input. Early advances in RL were made
on tasks that either adhere to the Markov assumption that the policy and state transitions
only depend on the current state, or those can be solved by frame stacking [139] that grants
the policy access to a short history. However, many real-world tasks are better modelled
as POMDPs [262] with a long-term temporal dependency, motivating solutions that use a

bounded working memory for computational scalability.

For POMDP tasks, the entire history of the agent’s trajectory may contain signals to
inform the agent to make a more optimal decision. This is due to the reward and next state
distribution p(ry, S¢11|S0.¢, @o.¢) being conditional on the past states and actions, not just on

the current state and action.

A common approach of accommodating POMDPs is to learn a latent representation
using sequential policies, typically using a Long Short-Term Memory (LSTM) [89], Gated
Recurrent Unit (GRU) [36] or Transformer [226]. This will allow the policy to gain access
to signals from the past. However, this approach has an inherent trade-off between the
duration of history it can retain (defined by the policy’s context window size) and the
compute and training data required to learn the policy. This is because the entire history
of observations within the context window have to be included in the forward pass at
training time to propagate useful gradients back to the sequential policy. Another caveat
is that, with larger context windows, the input space is less constrained and it becomes
increasingly unlikely that the agent will revisit the same combination of states, which
makes learning the policy and value function sample-expensive, and potentially unstable

at inference time if the policy distribution has changed during training.

Training RL agents to work with longer working memory is a non-trivial task, es-
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pecially when the content of the memory is not pre-determined and the agent also has to
learn to store information relevant to each task. With the tasks that the RL algorithms
are expected to handle becoming increasingly complex [31, 51, 136], there is a vital need
to develop algorithms that learn policies and skills that generalise to dynamic and novel
environments. Many real-world tasks are performed over long time horizons, which makes
it crucial that the algorithm can be efficiently trained and quickly adapted to changes in the
environment. This gives motivation to develop an algorithm that (a) can solve problems
modelled as POMDP using options, (b) has a bounded context length input for the policy
and value function so that they can be trained more sample-efficiently, (c) only requires
the current observation to be forward-passed through a neural network at training time to

reduce the Graphical Processing Unit (GPU) memory and computational requirements.

There has been considerable effort in making RL more generalisable and effi-
cient. Relevant research fields include Hierarchical Reinforcement Learning (HRL) [143,
160, 228, 253], skill learning [145, 162, 163, 198], Meta Reinforcement Learning
(Meta-RL) [15, 50, 171, 231] and the options framework [166, 214], with a shared focus
on learning reusable policies. In particular, this research focuses on the options framework,
which extends the RL paradigm with a HMM that uses options to execute long-term

behaviour.

Options are instrumental in abstract reasoning and high-level decision-making, since
they enable temporal abstraction, credit assignment, and identification of skills and sub-
goals. Acquiring transferable skills and composing them to execute plans, even in novel
environments, are remarkable human capabilities that are instrumental in performing
complex tasks with long-term objectives. Whenever one encounters a novel situation, one
can still strategise by applying prior knowledge with a limited budget of additional trial
and error. One way of achieving this is by abstracting away the complexity of long-term

planning by delegating short-term decisions to a set of specialised low-level policies, while
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the high-level policy focuses on achieving the ultimate objective by orchestrating these
low-level policies.

The Option-Critic architecture [9] presents a well-formulated solution for end-to-end
option discovery. The authors showed that once the option policies are learned, the
Option-Critic agent can quickly adapt when the environment dynamics are changed,
whereas other algorithms suffer from the changes in reward distributions.

However, there are challenges with regard to automatically learning options. A
common issue is that the agent may converge to a single option that approximates the
optimal policy under a Markov assumption. Additionally, learning options from scratch
can be less sample-efficient due to the need to learn multiple option policies. (The
data-efficiency may be improved if the options are learned off-policy [186, 243]. This
work mostly focused on on-policy algorithms due to their robustness and ease of analysis.)

In the following sections, two candidate training objectives are proposed and derived
to learn an optimal option assignment. The first objective, which will be referred to as
PPOEM, is derived by using the forward-backward algorithm [14], applied to a POMDP
according to the options framework. However, this objective is developed to assign latent
variables for offline sequences, and is less suitable for RL with on-policy rollouts. As an
alternative training objective, SOAP is proposed by adapting the policy gradient algorithm

to work with options, which exhibits a resemblance to the forward-backward algorithm.

4.2 Background

4.2.1 Option-Critic architecture

As mentioned in Section 2.2.5, the options framework [166, 214] formalises the idea of
temporally extended actions that allow agents to make high-level decisions. Let there

be n discrete options {Z1, ..., Z,} from which z; is chosen and assigned at every time
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step t. Each option corresponds to a specialised sub-policy mgy(a;|s;, ;) that the agent can
use to achieve a specific subtask. At¢ = 0, the agent chooses an option according to its
inter-option policy 7, (2|s;) (policy over options), then follows the option sub-policy until
termination, which is dictated by the termination probability function w,(s;, 2;—1). Once
the option is terminated, a new option z; is sampled from the inter-option policy and the
procedure is repeated.

The Option-Critic architecture [9] learns option assignments end-to-end. It formu-
lates the problem such that the option sub-policies my(a;|s;, 2;) and termination function
@y (Se+1, 2¢) are learned jointly in the process of maximising the expected returns. The
inter-option policy m4(z:|s;) is an e-greedy policy that takes an argmax z of the option
value function Q4(s, z) with 1 — e probability, and uniformly randomly samples options
with € probability. In every step of the Option-Critic algorithm, the following updates
are performed for a current state s, option z, reward r, episode termination indicator

d € {0,1}, next state s’, and discount factor v € [0, 1):

d+—r+~(1-d [(1 — ww(s/, z)) Qs 2) + w¢(s’, z) mZaXQ¢(s’, z)} — Qoy(s, 2),

Q¢(S, Z) — Q¢(S, Z) + Oé¢5,
0logmy(als, z)

0« 0+ oy 5 [r+7Qq(s, 2)],
a /
P =) — Q¢W[Q¢(Sl, z) — m3XQ¢(S/’ 2)].

4.1)

Here, s, ap and v, are learning rates for (s, 2), mg(als, z), and wy(s, ), respectively.

Proximal Policy Option-Critic (PPOC) [111] builds on top of the Option-Critic
architecture [9], replacing the e-greedy policy over the option-values with a policy network
7,(2|s) parametrised by ¢ with corresponding learning rate v, substituting the policy
gradient algorithm with PPO [194] to optimise the sub-policies 7y (a/|s, z), and introducing
GAE [193] for the advantage estimate and value function updates. The policy loss function

for PPO is given as Lppo(#) in Equation (2.7). Extending the definition of GAE given in
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Section 2.2.4 to work with options,

AGAE(S? Z) =T+ ’)/V(S/7 Z/) - V(S, Z) + A’Y(l - d)AGAE(Slv Z/)a

Qo(s,2) « Qp(s,z) + 04¢AGAE(8, 2),

9<—9+a9‘%‘g’g<9), (4.2)

1/} — 1/} _ awWAGAE(S,Z),

alog W@(Z‘S) AGAE(S Z)

P+ ay 890

PPOC is used as one of the baselines in this work.

4.2.2 Double Actor-Critic

Double Actor-Critic (DAC) [255] is an HRL approach to discovering options. DAC refor-
mulates the Semi-Markov Decision Process (Semi-MDP) [214] of the option framework
as two hierarchical MDPs (high-MDP and low-MDP).

The low-MDP concerns the selection of low-level actions within the currently active
option. Given the current state s;, selected option z;, and action ay, the state and action
spaces of the low-MDP can be defined as SF = (s;, 2;) and AF = a,;. With this definition,

the transition function, reward function and policy for the low-MDP can be written as:

Pr(SELISE, ALY = p((st41, 2041) (81, 21), az) = P(sey1lse, ar) - p(ze41]se41, 21),
RL(StLa AtL) = T(Sh at)a (43)

7rL(I‘ltL’StL) = 7r,(ae|s¢, 2t)-

The high-MDP handles high-level decision-making, such as selecting and terminating
options. The state and action spaces of the high-MDP can be defined as S} = (s;,z;_1)

and A = z;. With this definition, the transition function, reward function and policy for
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the high-MDP can be written as:

P (SH ST AT = p((sears 20| (st 2e-1), AfT) = Lypr_,, p(seaalse, 21),
R (S, Af') = r(st, 21), (4.4)

”H(AtH’SfI> = mr (2t|st, 2e—1)-

The key idea is to treat the inter-option and intra-option policies as independent actors
in their respective MDPs. Under this formulation, standard policy optimisation algorithms

such as PPO can be used to optimise the policies (high-level and low-level) for both MDPs.

4.2.3 Expectation Maximisation algorithm

The EM algorithm [45] is a well-known method for learning the assignment of latent
variables, often used for unsupervised clustering and segmentation. The k-means clustering
algorithm [58] can be considered a special case of EM. The following explanation in this
section is a partial summary of Chapter 9 of Bishop’s book [19].

The objective of EM is to find a maximum likelihood solution for models with latent
variables. Denoting the set of all observed data as X, the set of all latent variables as Z,

and the set of all model parameters as ©, the log-likelihood function is given by:

logp(X|0©) = log {Zp(X, Z|@)} . 4.5)

However, evaluating the above summation (or integral for a continuous Z) over
all possible latents is intractable. The EM algorithm is a way to strictly increase the
likelihood function by alternating between the E-step that evaluates the expectation of a
joint log-likelihood log p(X, Z|©), and the M-step that maximises this expectation.

In the E-step, the current parameter estimate O, (using random initialisation in the
first iteration, or the most recent updated parameters in subsequent iterations) is used to

determine the posterior of the latents p(Z| X, ©.4q). The joint log-likelihood is obtained
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under this prior. The expectation, denoted as Q(©; Oq), is given by:

Q(6:Oyq) = pr(_g;( o log p(X, Z|©)] = XZ: p(Z|X,044)logp(X, Z|O). (4.6)

In the M-step, an updated parameter estimate O, is obtained by maximising the
expectation:

Opew = argmax Q(O, Oyq). 4.7)
e

The E-step and the M-step are performed alternately until a convergence criterion is

satisfied. The EM algorithm makes obtaining a maximum likelihood solution tractable.

4.2.4 Forward-backward algorithm

The EM algorithm can also be applied in an HMM setting for sequential data, resulting in
the forward-backward algorithm, also known as the Baum-Welch algorithm [14]. Figure 4.1
shows the graph of the HMM of interest. At every time step ¢t € {0,...,T}, a latent
z; is chosen out of n number of discrete options { Z1, ..., Z,}, which is an underlying
conditioning variable for an observation z;. In the following derivation, {z;|t; <t < ¢y}
is denoted with a shorthand z,, .;,, and similarly for other variables. Chapter 13 of Bishop’s

book [19] offers a comprehensive explanation for this algorithm.

Figure 4.1: An HMM for sequential data X of length 7', given latent variables Z.

For this HMM, the joint likelihood function for the observed sequence X =

{zo, ...,z } and latent variables Z = {2, ..., 27} is given by:

T T
p(X, Z|0) = p(%]|0) Hp Tyl 2, © Hp 2|21, ©). (4.8)
t=0 t=1
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Using the above, EM objective can be simplified as:

Q(0;004d) =Y p(Z|X,O04) log p(X, Z|0)

z
T
= " p(20|001a) og p(2010) + > Y " p(2:] X, Oia) log (w121, ©) (4.9)
20 t=0 =z

T
+Y > plai-1, 21X, Oaa) log plae, 2] 21, ©).

t=1 zt—1,2t

E-step

In the E-step, p(2;| X ) and p(z;_1, 2;| X ) are evaluated. Note that in the following deriva-

tion, it is assumed that the probability distributions are conditioned on ©. Defining

RACTESRAEDN

a(z) = p(at|zoes), Bz) = ;s and normalising constant ¢, = p(z¢|Zo:—1),

p(z|X) = p(zo.1, 2t) _ p(T0:t, 2¢)p(Tet1.7|2t)

= 4.10
p(xoT) P(x0:4)p(Teg1:7|T0:¢) a(z)B(z), (4.10)
Pz, 2| X) = p(zo.r, 2t—1, 2t) _ p(T0:4—1, 2e—1)p(we| 2 )p(2t| 20— 1) p(2p 1.7 | 2¢)
p(zo.1) P(20:t—1)P(xt|20:—1)P( @417 |T0:1 )
= p(iﬁt|zt)p(ztlzt+1)a(%itﬁ<zt)- 4.11)

Recursively evaluating o(z;), 5(2;) and ¢,

alz) = p(xos, 2t)  p(xt, 2e|T0:-1) >y [P(zt—1]z0:t-1)p(2t] 2)P(28 ] 20 -1))]
v P(JCo:t) B p(xt’mO:t—l) B p(xt‘l'O:t—l)

_plalza) 3., [a(Zt—l)P(Zt\Zt—lﬂv (4.12)

Ct

pxiirr)z) sy P@r2m|z)p(@ega|ze01)p(2e4] 20)]
B(Zt) = =

p(xes1.7|T0:4) P(Teq2:7]T0:4+1) (41| T0:1)

_ sz [B(zt+1)P(Tt41]2041)P(2141]21)] , (4.13)

Ct4+1

Ct Zp(xt\l“o:t—l) = Z [P(Zt—l|$0:t—1)p($t|zt)p(2’t|Zt—1)]

2t—1,2t

= > [o(z-1)p(el z)p(ze]z-1)] (4.14)

Zt—1,%t

Initial conditions are «(zg) = %, B(zr) =
20
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M-step

In the M-step, the parameter set O is updated by maximising Q(©; O4), which can be
rewritten by substituting p(z;| X) and p(z;_1, z;| X ) in Equation (4.9) with a(z) and ((z)

(ignoring the constants) as derived in Section 4.2.4.

Option discovery via the forward-backward algorithm

The idea of applying the forward-backward algorithm to learn option assignments is first
introduced in [42], and has later been applied in both Imitation Learning (IL) settings [64,
258] and RL settings [59]. However, in previous literature, the option policy is decoupled
into an option termination probability w(s;, z;_1), and an inter-option policy 7(z|s;). Due
to the inter-option policy being unconditional on the previous option z;_1, the choice of a
new option z; will be uninformed of the previous option z;_;. This may be problematic for
learning POMDP tasks as demonstrated in Section 4.6.1. Previous literature also does not
address the issues of exponentially diminishing magnitudes which arise from recursively

applying the formula. This is known as the scaling factor problem [19].

This chapter presents a concise derivation of the forward-backward algorithm applied
to an improved version of the options framework. The scaling factor is also built into the

derivation.

4.3 Option assignment formulation

The aim is to learn a diverse set of options with corresponding policy and value estimates,
such that each option is responsible for accomplishing a well-defined subtask, such as
reaching a certain state region. At every time step ¢, the agent chooses an option z; out of

n number of discrete options { Z1, ..., Z, }.
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4.3.1 Option policy and sub-policy

(a) Standard options framework (b) Options used in this work

Figure 4.2: Probabilistic graphical models showing the relationships between options z, actions a
and states s at time step ¢. b; in the standard options framework denotes a boolean variable that
initiates the switching of options when activated. This work adopts a more general formulation
compared to the options framework, as defined in Equation (4.15).

The goal is to learn a sub-policy my(als, z) conditional to a latent option variable z,

and an option policy 7, (2'|s, a, z) used to iteratively assign options at each time step, to

model the joint option policy

p@(@m Zi+1 ‘Sh Zt) = 770<at‘3t> Zt)ﬁw(ztﬂ ’St, Qg, Zt)- (4.15)

Here, the learnable parameter set of the policy is denoted as © = {6, ¢ }.

A comparison of the option policy used in this work and the standard options frame-
work is shown in Figure 4.2. Unlike the options framework, which further decouples the
option policy 7, into an option termination probability w(s;, 2;—1), and an unconditional
inter-option policy 7(z|s;), in this work the option policy is modelled 7, with one network
so that the inter-option policy is informed by the previous option z; upon choosing the

next 2;41. A graphical model for the full HMM is shown in Figure 4.3.

4.3.2 Evaluating the probability of latents

Let us define an auto-regressive action probability o, := p(a|So., ao.+—1), an auto-regressive

option forward distribution ((2;) := p(z¢|So.¢, Go:t—1), and an option backward feedback
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Figure 4.3: An HMM showing the relationships between options z, actions a and states s.
The dotted arrows indicate that the same pattern repeats where the intermediate time steps are
abbreviated.

B(z) == L (suranr_1lse-1.0i-1:2) - Noice that the definitions of action probability v, op-
p(St:7,04:7—1]50:6—1,00:t—1)

tion forward ((z;), and option backward (3(z;) resemble ¢;, a(z;) and [3(z;) defined in
Section 4.2.4, respectively. While it is common practice to denote the forward and back-
ward quantities as « and [ in the forward-backward algorithm (also known as the a-f3
algorithm), here o is redefined to denote the action probability (corresponding to the
normalising constant ¢;), and ((z;) for the option forward distribution, to draw attention to
the fact that these are probabilities of option z; and action a;, respectively.

ay, C(2¢) and 5(z;) can be recursively evaluated as follows:

oy = plae|sot, api—1) = Z p(2t]s0:t, ao:e—1)pe(ar, 2e41[st, 2t)

ZtyR2t+1

= Y C(zpelar, zislsi, z0), (4.16)

Zty2t+1
C(zeg) = P(2e41, St41, at|S0:t, G0:t—1)
P(St41, at|S0:t, @0:4—1)
2 PRS0ty ao:e—1)pe (ar, 2ev1]se, 20) P(St+1]S0:t, ao:t)
- p(atfsomao:t—l)P(StH\SO:t,Go:t)
_ Zzt C(zt)pe(at, zi41lst, 2t)
Qi

, 4.17)

Blz) = p(ser, apr—1]5t-1, a¢-1, 2)
p(se.1, ag.7-1]50:0—1, G0:t—1)
wrer P(St41.T, G171t ar, 2e41)po (ar, Zega[se, 20) P(selso:—1, aoe—1)]
P(St41:75 arr1:7—1]80:¢5 @0:4)pat|So:t, ao:t—1) P(8t[S0:t—1, @0:t—1)
senr B(REr1)P0 (a8 20418, 24)]
(7

_ X
X

(4.18)
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Initial conditions are ((z9) = p(z) = % for all possible zj, indicating a uniform

distribution over the options initially when no observations or actions are available, and

p(5T|5T—1,aT—1,ZT)
zr) = =1.
6( T) p(sT|s0:7—1,80:7—1)

4.4 Proximal Policy Optimisation via Expectation
Maximisation

In this section, PPOEM is introduced, an algorithm that extends PPO for option discovery
with an EM objective. The expectation of the returns is taken over the joint probability
distribution of states, actions and options, sampled by the policy. This objective gives a
tractable objective to maximise, which has a close resemblance to the forward-backward

algorithm.

4.4.1 Expected return maximisation objective with options

The objective is to maximise the expectation of returns R(7) for an agent policy 7 over a
trajectory 7 with latent option z; at each time step ¢. The definition of a trajectory 7 is a
set of states, actions and rewards visited by the agent policy in an episode. The objective

J[7] can be written as:

T,Z~T

irel = B IR = [ Rl Z10), (@.19)
T,z
Taking the gradient of the maximisation objective,

Volnel = | RVl 210) = / R Yo 219) . 710

-z p(r, Z|0) (4.20)
= E[R(r)Ve logp(, Z|O)).

To simplify the derivation, let us focus on the states and actions that appear in the

trajectory. The joint likelihood function for the trajectory 7 and latent options Z =
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{z0, ..., zr_1} is given by:

p(ﬂ Z’@) = p(SO:Ta ao.7-1, zO:T’@) = P(Sm ZO)H?:_()l [p@(at, Zt+1’5ta Zt)P(5t+1’50:t> aO:t)]a

4.21)

Evaluating Vg log p(7, Z|0©), the log converts the products into sums, and the terms

which are constant with respect to © are eliminated upon taking the gradient, leaving

T-1

Velogp(r, Z|O) = Z Vo log[mg(ar|se, ze)my (zes1|St, ar, 2t, Se1)]- (4.22)
t=0

Substituting Equation (4.22) into Equation (4.20) and explicitly evaluating the expec-

tation over the joint option probabilities,

VeJ[negl= E

T,Z~T

:E/
T~ |7

T-1
= TIEW |: Z [R(T)p(2t, 2141]7) Ve logp@(at,zt+1st,zt)]] .

T—1
Z R(7)Velogpe(at, zt+1|st, Zt)]
t=0
-1

[R(7)Ve log pe(at, zt11]st, Zt)]] p(Z]|T) (4.23)
t=0

t=0 2z¢,2¢+1
Using the action probability a; = p(a|So., @o.r—1), option forward distribution

. 1 __p(s;,a:_\s_,a_,z)
C(z¢) :== p(2¢| S0, ao—1), and option backward feedback 5(z;) := p(s:::,af;ill\s;;til,fzo;ltfl)

evaluated in Section 4.3.2, p(z;, z;11|7) can be evaluated as

P(50:T, G0:T—15 Zt5 Zt41)
p(s0.1, a0.:7-1)
_ P(S0:t, @0:t—1, 2¢)De (At Ze41]5¢t, 20)P(St41:7, A 1:7—1|5¢, Aty Ze41) (4.24)
P(50:¢5 @0:t—1)P(@t]50:¢5 @0:t—1)P(S¢41:7» Qo4 1:7—1]S0:¢, Q0:¢)
C(21)B(2t+1)

= pelat, zt41|5¢, 2t) ————.
Qi

(2t 2e41|T) =

Using this, Equation (4.23) can be evaluated and maximised with gradient descent.

Relationship with Expectation Maximisation

The objective derived in Equation (4.23) closely resembles the objective of the EM

algorithm applied to the HMM with options as latent variables. The expectation of
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the marginal log-likelihood Q(©; ©,4), which gives the lower-bound of the marginal

log-likelihood log p(7|0), is given by

Z~p(-|7,0014) T

Q(0;Og4) = E lnp(r,Z|©) = E / p(Z|1,O04) Inp(T, Z|©)dZ
z

- (4.25)
= TINEWZ Z [p(2t; 241|7, Oola) log pe (ar, 2e41]8t, 24)] + const.

t=0 z¢,2041

The difference is that the expected return maximisation objective in Equation (4.23)
weights the log probabilities of the policy according to the returns, whereas the objective
of Equation (4.25) is to find a parameter set © that maximises the probability that the states

and actions that appeared in the trajectory are visited by the joint option policy pe.

4.4.2 PPO objective with Generalised Advantage Estimation

A standard optimisation technique for neural networks using gradient descent can be
applied to optimise the policy network. Noticing that the optimisation objective in Equa-
tion (4.23) resembles the policy gradient algorithm, the joint option policy can be optimised
using the PPO algorithm instead to prevent the updated policy pe(ay, z¢+1]St, 2¢) from
deviating from the original policy too much.

Several changes have to be made to adapt the training objective to PPO. Firstly,
V log pe is replaced by pe , its first order approximation, to easily introduce clipping
constraints to the policy ratios. Secondly, the return R(7) is replaced with the GAE, ASAE,
as introduced in Section 2.2.4.

Extending the definition of GAE to work with options,

A?AE(Zt, Zt—l—l‘T) =1+ ’}/V(St+1, Zt+1) — V(St, Zt) + )\’7(1 dt)AtJrl (Zt+1|7') (426)

AtGAE (z:|7) ZP Zey1]26, T) (Zt7 Ze41|T)- (4.27)

241
The GAE could be evaluated backwards iteratively, starting from ¢ = 71" with the

initial condition ASAE(z;,1|7) = 0. The option transition function p(z;1|2;, 7) can be
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evaluated using p(z;, z;11|7) (Equation (4.24)) as:

p(Zn Zt+1 ‘7)
EZt+1 p(zt7 Zt+1 ‘T>

P(zes1|2e, T) = (4.28)

The target value Vtarget(st, 2;) to regress the estimated value function towards can be

defined in terms of the GAE and the current value estimate as:

Viarget (81, 26) = V7 (84, 2¢) + AP (24| 7). (4.29)

4.5 Sequential Option Advantage Propagation

In the previous section, assignments of the latent option variables Z were determined by
maximising the expected return for complete trajectories. The derived algorithm resembles
the forward-backward algorithm closely, and requires the backward pass of (z;) in
order to fully evaluate the option probability p(Z|7). During rollouts of the agent policy,
however, knowing the optimal assignment of latents p(z;|7) in advance is not possible,
since the trajectory is incomplete and the backward pass has not been initiated. Therefore,
the policy must rely on the current best estimate of the options given its available past
trajectory {so.;, ao.} during its rollout. This option distribution conditional only on its past
is equivalent to the auto-regressive option forward distribution ((z;) := p(z¢|So.¢, @0:4—1)-

Since the optimal option assignment can only be achieved in hindsight once the
trajectory is complete, this information is not helpful for the agent policy upon making its
decisions. A more useful source of information for the agent, therefore, is the current best
estimate of the option assignment ((z;). It is sensible, therefore, to directly optimise for
the expected returns evaluated over the option assignments ((z;) to find an optimal option
policy, rather than optimising the expected returns for an option assignment p(Z |7 ), which
can only be known in hindsight.

The following section proposes a new option optimisation objective that does not

involve the backward pass of the EM algorithm. Instead, the option policy gradient for an
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optimal forward option assignment is evaluated analytically. This results in a temporal
gradient propagation, which corresponds to a backward pass, but with a slightly different
outcome. Notably, this improved algorithm, SOAP, applies a normalisation of the option
advantages in every back-propagation step through time.

As far as the author is aware, this work is the first to derive the back-propagation of

policy gradients in the context of option discovery.

4.5.1 Policy Gradient objective with options

Let us start by deriving the policy gradient objective assuming options. The maximisation
objective J[r| for the agent can be defined as:

Jlre) = E [R(r)] = / R(r)p(r|©)dr. (4.30)

T

Taking the gradient of the maximisation objective,

Vedlrel = [ ROVen(rle)ir = [ rn) VAT yiri0)dr = BIR(To ogp(rle)]

T T p(71©)
(4.31)
So far, the above derivation is the same as the normal policy gradient objective without

options. Next, the likelihood for the trajectory 7 is given by:

29(7"@> = p(SO:Ta aO:T71|@> = P(So)HtT;ol [p(at’b“o:t, AQ:t—1, @)P(Stﬂ\sozt, aO:t)]~ (4.32)

This is where options become relevant, as the standard formulation assumes that the
policy 7(als) is only dependent on the current state without history, and similarly that
the state transition environment dynamics P(s’|s, a) is Markovian given the current state
and action. In many applications, however, the stafes that are observed do not contain

the entire information about the underlying dynamics of the environment!, and therefore,

!Some literature on POMDP choose to make this explicit by denoting the partial observation available
to the agent as observation o, distinguishing from the underlying ground truth state s. However, since o can
also stand for options, and is used in other literature on options, here the input to the agent’s policy and value
functions is denoted using the conventional s to prevent confusion.
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conditioning on the history yields a different distribution of future states compared to
conditioning on just the current state. To capture this, the policy and state transitions
are now denoted to be p(a|So., aos—1) and P(syy1]S0., ao:), respectively. Here, the
probabilities are conditional on the historical observations (sg.;) and historical actions (e.g.
ao.), rather than just the immediate state s; and action a;. Note that p(a|so., ao;—1) is @

quantity o that has already been evaluated in Section 4.3.2.

Evaluating Vg log p(7|©), the log converts the products into sums, and the terms

which are constant with respect to © are eliminated upon taking the gradient, leaving

T-1

V o
Vo logp(r|©) = ZV@ log p(a¢|so.t, ag:t—1, © ZV@ log oy = Z ((jt L (4.33)

t=0 t=0

where q; is substituted following its definition.

Substituting Equation (4.33) into Equation (4.31),

T—

Z V@O‘t] . (4.34)

=0

V@JTF@ = E

TAT

Similarly to Section 4.4.2, it is possible to substitute the return R(7) with GAE,
thereby reducing the variance in the return estimate. Extending the definition of GAE to

work with options,

AP (2, 2041) = 1+ AV (Se41, 201) — V(15 21) + My(L = d) AP (2041), (4.35)
AFAE(z) = Y p(zeralse, as, 2) APAE (2, 2040), (4.36)

Zi41
Viarget (8¢5 20) = V7 (8¢, 2¢) + A?AE(Zt)- 4.37)

Notice that, while the definition of these estimates is almost identical to Section 4.4.2,
the advantages are now propagated backwards via the option transition p(z;.1|ss, at, 2¢)

rather than p(z;1 |z, 7).
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Substituting the GAE into Equation (4.34),

T-1 GAE
A
V@J[ﬂ'@] _ T]EW Z Zzt t at(Zt)C(Zt)veat
t=0
T-1 GAE
o AP ()¢ (2)
= TINEﬂ !Z 2 — o d d Z [po(at, zi+1]8t, 2) V{(2t) + C(20) Vpo (at, zi+1|St, 2t)]
t=0 Zt,2t41

(4.38)

4.5.2 Analytic back-propagation of the policy gradient

If a forward pass of the policy can be made in one step over the entire trajectory, a
gradient optimisation on the objective can be performed directly. However, this would
require storing the entire trajectory in GPU memory, which is highly computationally
intensive. Instead, this section analytically evaluates the back-propagation of gradients of
the objective so that the model can be trained on single time-step rollout samples during
training.

Gradient terms appearing in Equation (4.38) are either V((z;) or Vpe(as, 2141|st, 2t)
for0 <t < T — 1. While pe(ay, z¢+1|8¢, 2¢) is approximated by neural networks and can

be differentiated directly, V((z;11) has to be further expanded to evaluate the gradient in

recursive form as:

VY. C(z)pelat, ze41]t, 2¢) Vay
V((z41) = & ” — C(%H)OT
T ZV C(zt)pe(ar, zepalse, 20)] — Cze41) Z V [C(z)pear, zyq|se, 21)]
t Zt zt ZH_I

(4.39)

Using Equation (4.39), it is possible to rewrite the V((z;,1) terms appearing in
Equation (4.38) in terms of V((z;) and Vpe(ay, z¢11]¢, 2¢). Defining the coefficients of

V((z) in Equation (4.38) as option utility U(z;),
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1
> U(241)VE(2141) = > UG =D U)(z) | VI (zpe(ar zei st 24)]
Zt41 2241 | EAR) |
— Z U(zt41) Z U( Zt+1 Zt+1
Zt sZt+1 L Zt+1 ]

“[pe(at, ze+1lst, 26)V{(2t) + ((2t) Vpe(at, zi41|st, 2t)] -
(4.40)

Applying this iteratively to Equation (4.38), starting with ¢ = 7" — 1 in reverse
order, Equation (4.38) could be expressed solely in terms of gradients Vpeg (ay, zi11|S¢, 2¢)-

Defining the coefficients of Vpg(ay, zi11|st, 2¢) as policy gradient weighting Wy (z, z441),

A?OA Zt+1 Z AGAE Zt Zt (1 - dt Zt+1 Z U ZtJrl ZtJrl y
Zt+1
U(Z ) . Zzt+1 A?O (Zt+1)p@(at7 Zt+1|5t7 Zt) (441)
t) — )
Qi
Wz, 2t41) = AtGOA(ZtH)C(Zt).

673
where AF9A(2,,1) is a new quantity derived and introduced in this work as Generalised Op-
tion Advantage (GOA), which is a term that appears in evaluating U (z;) and W (2, z441).
Rewriting the policy gradient objective in Equation (4.38) with the policy gradient

weighting,

T—1

ABOA (4 z

VeJ[re] =E Z Z ! (;H)g( t)VGPG)(at7Zt+1|St7Zt) : (4.42)
t=0 Zt,2t+1 t

4.5.3 Learning objective for option-specific policies and values

The training objective given in Equation (4.42) is modified so that it could be optimised
with PPO. Unlike in Section 4.4.2, the training objective is written in terms of Vpg and

not V log pg. Therefore, the clipping constraints are applied to pg directly, limiting it to
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the range of (1 — €)pe,, and (1 + €)pe,,,. The resulting PPO objective is:

Clzt) .
Jo = . ijﬂ E [it) min (ﬂ@(at, Zt41]8t, zt)AtGOA(th),
’ 2,2641 ¢

clip (6 (at, 2t 15t %), (1 e, (s, 2o1]sts 20), (1 + e (ars 2]ty zt>)A?°A<zt+1>)} .
(4.43)

The option-specific value function V| (s¢, z¢) parameterised by ¢ can be learnt by
regressing towards the target values Viuget(5t, 2¢) evaluated in Equation (4.37) for each
state s; and option z; sampled from the policy and option-forward probability, respectively.

Defining the objective function for the value regression as Jy,

J¢ = — E ¢ [V{arget(st, Zt) — V(;T(St, Zt)]2 . (444)

StT 2

The final training objective is to maximise the following:

JSOAP - J@ + J¢. (445)

4.6 Experiments

Experiments were conducted on a variety of RL agents: PPO, PPOC, Proximal Policy
Optimisation with Long Short-Term Memory (PPO-LSTM), DAC, PPOEM (ours), and
SOAP (ours). PPO [194] is a baseline without memory, PPOC [111] implements the
Option-Critic algorithm using PPO for policy optimisation, PPO-LSTM implements a
recurrent policy with latent states using an LSTM, DAC [255] optimises both the inter-
and intra-option policies on hierarchical MDPs, PPOEM is the algorithm developed in the
first half of this chapter that optimises the expected returns using the forward-backward
algorithm, and SOAP is the final algorithm proposed in this chapter that uses an option
advantage derived by analytically evaluating the temporal propagation of the option policy
gradients. SOAP mitigates the deficiency of PPOEM that the training objective optimises

the option assignments over a full trajectory which is typically only available in hindsight;
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Table 4.1: Normalised performance comparison of RL agents. The agent scores are the returns
after the maximum environment steps during training (100% for CartPole, 1M for LunarLander and
MuJoCo environments, and 10M for Atari environments), normalised so that the score of a random
agent is 0 and the score of the best performing model is 1. Scores are averaged per environment
class (i.e. results for the corridor environments, Atari, and MuJoCo are grouped together) and the
bold fonts show the best average normalised score per environment class, while the blue fonts
show the best normalised score per environment.

Environment PPO PPOC PPO-LSTM DAC PPOEM (ours) SOAP (ours)
Corridor -0.05 0.31 043 0.65 0.60 1.00
L=3 -0.08 0.76 1.00 0.90 0.99 1.00
L=10 -0.01 0.06 0.36 0.63 0.70 1.00
L =20 -0.05 0.11 -0.06 041 0.12 1.00
CartPole 1.00 0.80 0.98 1.00 0.98 1.00
LunarLander 0.86 0.74 1.00 0.78 0.99 0.99
Atari 0.93 0.22 0.78 0.85 0.74 0.89
Asteroids 0.83 0.81 0.64 1.00 0.93 0.89
Beam Rider 0.93 0.13 0.37 0.70 0.66 1.00
Breakout 1.00 0.01 0.68 0.95 0.14 0.92
Enduro 0.97 0.00 0.90 0.93 1.00 0.82
Ms Pacman 0.88 0.15 0.74 0.87 0.69 1.00
Pong 1.00 0.48 1.00 1.00 0.94 1.00
Qbert 1.00 0.00 0.97 0.65 0.70 0.90
Road Runner 1.00 0.15 0.92 0.88 0.52 0.81
Seaquest 0.89 0.18 0.87 0.69 1.00 0.55
Space Invaders  0.82 0.32 0.73 0.82 0.82 1.00
MuJoCo 0.97 0.60 0.75 0.82 0.43 0.93
Ant 1.00 0.07 0.46 0.64 0.07 0.87
Half Cheetah 1.00 0.80 0.83 0.79 0.01 0.92
Humanoid 0.98 0.96 0.96 1.00 0.13 0.90
Reacher 0.99 0.99 0.99 1.00 0.98 1.00
Swimmer 0.96 0.34 0.97 1.00 0.95 0.90
Walker 0.85 0.47 0.31 0.52 0.44 1.00

SOAP optimises the option assignments given only the history of the trajectory instead,
making the optimisation objective better aligned with the task objective.
The aim is to (a) show and compare the option learning capability of the newly

developed algorithms, and (b) assess the stability of the algorithms on standard RL en-
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vironments. All algorithms use PPO as the base policy optimiser, and share the same
backbone and hyperparameters, making it a fair comparison. All algorithms use Stable
Baselines 3 [170] as a base implementation with the recommended tuned hyperparameters

for each environment. In the following experiments, the number of options was set to 4.

4.6.1 Option learning in corridor environments

A simple environment of a corridor with a fork at the end is designed as a minimalistic
and concrete example where making effective use of latent variables to retain information

over a sequence is necessary to achieve the agent’s goal.

Figure 4.4: A corridor environment. The above example has a length L = 20. The agent
represented as a green circle starts at the left end of the corridor, and moves towards the right.
When it reaches the right end, the agent can either take an up action or a down action. This will
either take the agent to a yellow cell or a grey cell. The yellow cell gives a reward of 1, while the
grey cell gives a reward of —1. All other cells give a reward of 0. The location of a rewarding
yellow cell and the penalising grey cell are determined by the colour of the starting cell (either
“blue” or “red”), as shown, and this is randomised, each with 50% probability. The agent only
has access to the colour of the current cell as observation. For simplicity of implementation, the
agent’s action space is {"up”, “down”}, and apart from the fork at the right end, taking either of the
actions at each time step will move the agent one cell to the right. The images shown are taken
from rollouts of the SOAP agent after training for 100k steps. The agent successfully navigated to
the rewarding cell in both cases.

Figure 4.4 describes the corridor environment, in which the agent has to determine
whether the rewarding cell (coloured yellow) is at the top or bottom, based on the colour of
the cell it has seen at the start (either “blue” or "red”). However, the agent only has access

to the colour of the current cell, and does not have a bird’s-eye-view of the environment.
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Hence, the agent must retain the information of the colour of the starting cell in memory,
whilst discarding all other information irrelevant to the completion of the task. The agent
must learn that the information of the colour of the starting cell is important to task
completion in an unsupervised way, just from the reward signals. This makes the task
challenging, as only in hindsight (after reaching the far end of the corridor) is it clear that
this information is useful to retain in memory, but if this information was not written in

memory in the first place then credit assignment becomes infeasible.

The length of the corridor L can be varied to adjust the difficulty of the task. It is
increasingly challenging to retain the information of the starting cell colour with longer
corridors. In theory, this environment can be solved by techniques such as frame stacking,
where the entire history of the agent observations is provided to the policy. However,
the computational complexity of this approach scales proportionally to corridor length L,

which makes this approach unscalable.

Algorithms with options present an alternative solution, where in theory, the options
can be used as latent variables to carry the information relevant to the task. In this
experiment, PPOC, PPO-LSTM, DAC, PPOEM and SOAP are compared against a standard
PPO algorithm. The results are shown for corridors with lengths L = 3, L = 10 and
L = 20. Due to the increasing level of difficulty of the task, the agents are trained with 8k,

40k and 100k time steps of environment interaction, respectively.

The results are shown in Figure 4.5 and Table B.1, and a performance score normalised
to the range of the returns of a random agent score and he returns of the best agent is shown
in Section 4.6. As expected, the vanilla PPO agent does not have any memory component
so it learnt a policy that takes one action deterministically regardless of the colour of the
first cell. Since the location of the rewarding cell is randomised, this results in an expected

return of 0.

With PPOC that implements the Option-Critic architecture, and DAC that implements
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HRL using options, while the options should in theory be able to retain information from
the past, it could be observed that the training objective was not sufficient to learn a useful
option assignment to complete the task. PPOEM and SOAP, on the other hand, were able
to learn to select a different option for a different starting cell colour. From Figure 4.5, it
could be seen that the two algorithms had identical performance for a short corridor, but as
the corridor length L increased, the performance of PPOEM deteriorated, while SOAP

was able to reliably find a correct option assignment, albeit with more training steps.

There are several major differences between the baseline option-based algorithms
(PPOC and DAC) and the proposed algorithms (PPOEM and SOAP) which could be
contributing to their significant differences in performance. Firstly, while the option
transition function in PPOEM and SOAP are in the form of 7, (2¢4+1|s¢, ar, 2¢), which
allows the assignment of the new option to be conditional on the current option, the
option transition in the Option-Critic architecture is decoupled into an option termination
probability w(sy, z;_1), and an unconditional inter-option policy 7(z;|s;). This means that
whenever the previous option z;_; is terminated with probability w(s;, z;_1), the choice
of the new option z; will be uninformed of the previous option z;_;, whereas in PPOEM
and SOAP the probability of the next option z;, is conditional on the previous option z;.
The formulation of DAC [255] does not have this specific constraint; however, the original
implementation by the authors similarly decouples the option transition function such that

a new option cannot be fully conditioned on the previous option.

Secondly, both PPOC and DAC rely on learning an option-value function (a value
function V (s, 0) that is both conditional on the current state s and the current option o)
to learn the high-level inter-option policy. However, learning an option-value function
for an optimal policy can only happen once the inter-option policy is properly learned,
but since the inter-option policy is randomly initialised and the option assignment carries

little information, it is not possible for the sub-policies to learn optimal policies. In the
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case where the agents’ history carries information about the future (e.g. the corridor
environment), it is important that the option assignment correctly captures this information
without it being lost for the agent to be able to learn an optimal policy. Due to this
chicken-and-an-egg problem of learning the inter- and the intra-option policies, neither of
these approaches succeeds. In contrast, SOAP directly propagates gradients backwards

over multiple timesteps so that the option assignments are directly updated.

Thirdly, in PPOC and DAC, a new option is sampled at every time step, but the
complete option forward distribution given the history is not available as a probability
distribution. In contrast, in PPOEM and SOAP this is available as ((z;) := p(2¢|So.t, @0:¢—1)-
Evaluating expectations over distributions gives a more robust estimate of the objective
function compared to taking a Monte Carlo estimate of the expectations with the sampled
options, which is another explanation of why PPOEM and SOAP were able to learn better

option assignments than PPOC or DAC.

SOAP’s training objective maximises the expectation of returns taken over an option
probability conditioned only on the agent’s past history, whereas PPOEM’s objective
assumes a fully known trajectory to be able to evaluate the option assignment probability.
Since option assignments have to be determined online during rollouts, the training
objective of SOAP better reflects the task objective. This explains its more reliable

performance for longer sequences.

PPO-LSTM achieved competitive performance in a corridor with L = 3, demonstrat-
ing the capability of latent states to retain past information, but its performance quickly
deteriorated for longer corridors. It could be hypothesised that this is because the latent
state space of the recurrent policies is not well constrained, unlike options which take
discrete values. Learning a correct value function V' (s, z) requires revisiting the same
state-latent pair. It is conceivable that with longer sequence lengths during inference time,

the latent state will fall within a region that has not been trained well due to compounding
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noise, leading to an inaccurate estimate of the values and sub-policy.

4.6.2 Stability of the algorithms on CartPole, LunarLander, Atari,

and MuJoCo environments

Experiments were also conducted on standard RL environments to evaluate the stability of
the algorithms with options. Results for CartPole-v1 and LunarLander-v2 are shown in
Figure 4.6, and results on 10 Atari environments [16] and 6 MuJoCo environments [222]
are shown in Figure 4.7 and Figure 4.8, respectively. Table B.1 summarises the agent
scores after the maximum environment steps during training (100k for CartPole, 1M
for LunarLander and MuJoCo environments, and 100/ for Atari environments), and
Section 4.6 shows the scores normalised so that the score of a random agent is 0 and
the score of the best performing model is 1. (If an agent’s final score is lower than a
random agent it can have negative normalised scores.) There was no significant difference
in performances amongst the algorithms for simpler environments such as CartPole and
LunarLander, with PPOC and DAC having slightly worse performance than others. For
the Atari and MuJoCo environments, however, there was a consistent trend that SOAP
achieves similar performances (slightly better in some cases, slightly worse in others)
to the vanilla PPO, while PPOEM, PPO-LSTM and PPOC were significantly less stable
to train. It could be hypothesised that, similarly to Section 4.6.1, the policy of PPOC
disregarded the information of past options when choosing the next option, which is why
the performance was unstable with larger environments. Another point of consideration is
that, with NV number of options, there are /N number of sub-policies to train, which becomes
increasingly computationally expensive and requires many visits to the state-option pair
in the training data, especially when using a Monte Carlo estimate by sampling the next
option as is done in PPOC and DAC instead of maintaining a distribution of the option

((z;) as in PPOEM and SOAP. As for PPO-LSTM, similar reasoning as in Section 4.6.1
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suggests that with complex environments with a variety of trajectories that can be taken
through the state space, the latent states that could be visited increases combinatorially,

making it challenging to learn a robust sub-policy and value functions.

4.7 Conclusion

Two competing algorithms, PPOEM and SOAP, are proposed to solve the problem of
option discovery and assignments in an unsupervised way. PPOEM implements a training
objective of maximising the expected returns using the EM algorithm, while SOAP ana-
lytically evaluates the policy gradient of the option policy to derive an option advantage
function that facilitates temporal propagation of the policy gradients. These approaches
have an advantage over Option-Critic architecture in that (a) the option distribution is
analytically evaluated rather than sampled, and (b) the option transitions are fully condi-
tional on the previous option, allowing historical information to propagate forward in time
beyond the temporal window provided as observations.

Experiments in POMDP corridor environments designed to require options showed
that SOAP is the most robust way of learning option assignments that adhere to the task
objective. SOAP also maintained its performance when solving MDP tasks without the
need for options (e.g. Atari with frame-stacking), whereas PPOC, DAC, PPO-LSTM and

PPOEM were less stable when solving these problems.
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Figure 4.5: Training curves of RL agents showing the episodic rewards obtained in the corridor
environment with varying corridor lengths. The mean (solid line) and the min-max range (coloured
shadow) for 5 seeds per algorithm are shown.
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[Continued] Training curves of RL agents showing the episodic rewards obtained in the Atari
environments. The mean (solid line) and the min-max range (coloured shadow) for 3 seeds per
algorithm are shown.
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Chapter 5

A code optimisation framework using

Large Language Models

This chapter proposes LangProp, a framework for iteratively optimising code generated
by Large Language Models (LLMs), in both supervised and Reinforcement Learning
(RL) settings. While LLMs can generate sensible coding solutions zero-shot (i.e. without
having to fine-tune the model to a specific problem domain), they are often sub-optimal.
Especially for code generation tasks, it is likely that the initial code will fail on certain edge
cases. LangProp automatically evaluates the code performance on a dataset of input-output
pairs, catches any exceptions, and feeds the results back to the LLM in the training loop,
so that the LLLM can iteratively improve the code it generates. By adopting a metric- and
data-driven training paradigm for this code optimisation procedure, one could easily adapt
findings from traditional machine learning techniques such as Behavioural Cloning (BC),
DAgger, and RL.

LangProp demonstrates applicability to general domains such as Sudoku and CartPole,
as well as a first proof of concept of automated code optimisation for autonomous driving
in CARLA. LangProp can generate interpretable and transparent policies that can be
verified and improved in a metric- and data-driven way.

This research was conducted during an internship at Wayve Technologies as a work

placement for the Autonomous Intelligent Machines and Systems Centre for Doctoral
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Training programme (AIMS CDT). The work was performed under the supervision of
Anthony Hu and Gianluca Corrado, with mentorship by members of the world modelling
team at Wayve. The development of the algorithm and the code is entirely my own work.
Our paper was accepted at the International Conference on Learning Representations

(ICLR) 2024 Workshop on Large Language Model (LLM) Agents [100].

5.1 Introduction

Building systems that can self-improve with data is at the core of the machine learning
paradigm. By leveraging vast amounts of data and having an automated feedback loop to
update models according to an objective function, machine learning methods can directly
optimise the metrics of interest, thus outperforming systems that are handcrafted by experts.
In the early history of Artificial Intelligence (Al), Symbolic Al, e.g. rule-based expert
systems [85, 101], was a dominant and perhaps a more intuitive and explainable approach
to solving tasks in an automated way, and is still widely used in fields such as medicine [1]
and autonomous driving [11]. However, there have been numerous successes in recent
decades in machine learning, e.g. deep neural networks, that demonstrate the advantage of
data-driven learning.

Advances in LLMs [23, 155, 223] were enabled by neural networks. Trained on
both natural language and code, they can translate human intent and logic into executable
code and back, expanding the boundaries of applying logic and reasoning. Unlike other
machine learning techniques, LLLMs have an affinity with Symbolic Al since they operate
in discrete symbolic input-output spaces. The generated outputs are interpretable, even
though the internal representation of these tokens is in a continuous embedding space. This
observation led to the question of whether it is possible to have the best of both worlds
— having an interpretable and transparent system, characteristic of Symbolic Al, which

can self-improve in a data-driven manner, following the machine learning paradigm. This
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work hypothesises that LLMs provides the missing piece of the puzzle; the optimisation

mechanism.

A direct analogy can be drawn from training neural networks, and train symbolic
systems by leveraging the power of LLMs to interpret and generate scripts. Using this
analogy, an LLM can be considered as an optimiser equivalent to stochastic gradient
descent or Adam. The actual model in this new paradigm is an object that handles the
initialisation and updates of parameters as well as the forward pass logic, where the
parameters are a collection of symbolic scripts that the LLM generates. At every iteration,
a forward pass through the model is performed, comparing it against the ground truth in
the dataset, and passing the scores and feedback into the LLM which interprets the results

and updates the scripts in a way that fixes the issues raised.

While many methods use LLMs for code generation, and systems such as
Auto-GPT [177] iteratively query LLMs to execute tasks in an agent-like manner, Lang-
Prop is the first to completely translate and apply the training paradigm used in machine
learning for iterative code generation. This work draws inspiration from VOYAGER [230],
which introduced the idea that a collection of LLLM-generated code (skill library) can be
considered as sharable and fine-tunable checkpoints. However, VOYAGER’s method is
specific to Minecraft, and additional work is needed to apply its approach to other domains.
LangProp is proposed, a code optimisation framework that is easily adaptable to many

application domains.

LangProp is formulated as a general code optimisation framework, decoupled from
a specific application domain. It is applied first to the simple settings of Sudoku puzzles
and inverted pendulum control (CartPole) to show its task-agnostic nature. Then, the
framework is applied to find a driving policy for a more complex autonomous driving

challenge.

Autonomous driving is a key area in which model interpretability and transparency
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are critical. LangProp is a valuable proof of concept for building interpretable and
language-instructable systems in a more automated and learnable way. This work combines
both the benefit of interpretability of expert systems while also taking a data-driven
approach, exposing the system to potential failure modes and adverse scenarios during
training time and iteratively optimising the system towards a well-defined driving metric
so that the resulting system is robust to adverse events and potential errors in intermediate
components.

The main hypotheses of this work are: (a) LangProp can generate interpretable code
that learns to control a vehicle, (b) LangProp can improve driving performance with more
training data in comparison to zero-shot code generation, and (c) machine learning training
paradigms such as BC, RL [213] and DAgger [180] can be easily transferred and applied

to LangProp training.

5.2 Background

5.2.1 LLMs for code generation

Transformers [226] trained on code generation tasks have shown outstanding perfor-
mances [33, 71, 124, 125, 151, 182]. Furthermore, general-purpose LLMs [155, 156]
trained on a large corpus of books and online text have shown remarkable capabilities of
translating between natural language and code. However, there is no guarantee that the
generated code is error-free. Benchmarks have been suggested to evaluate LLLMs on the
code generation quality [33, 129].

Code generation with execution is highly relevant to this work. Cobbe et al. [38] and
Li et al. [125] used majority voting on the execution results to select code from a pool of
candidates. but this is prone to favouring common wrong solutions over correct solutions.

Ni et al. [149] suggested a ranking mechanism using a learned verifier to assess code
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correctness. CL AIRIFY [205] implemented automatic iterative prompting that catches

errors and provides feedback to the LLM until all issues are resolved.

Tangentially related fields are Automated Program Repair [245, 246], unit test gener-
ation [181], and planning for code generation [118, 256]. APR is typically solved as a text
infill task by identifying an erroneous block of code, masking it out, and querying an LLM,
providing the surrounding code as context. Planning for LLMs formulates code generation
as a sequence generation task and applies RL techniques. , considering the current code as
the state and the action is either generation of the next token in the code [118] or transition
to a refined code [256]. While orthogonal to the approach in this work of iteratively
generating code using a pre-trained general-purpose LLM as an optimiser, findings from

these fields may be compatible with LangProp for future work.

5.2.2 LLMs for automated task completion

Literature on the use of LLMs for automated task completion is discussed in Section 2.4.3.
Unlike this work, the above methods require an LLM in the loop during inference, whereas
the method proposed in this work only requires access to an LLM during the code optimi-

sation stage.

This work is inspired by VOYAGER [230], which integrates environment feedback,
execution errors, and self-verification into an iterative prompting mechanism for embodied
control in Minecraft. VOYAGER maintains a skill library, a collection of verified reusable
code, which can be considered as checkpoints. However, there is no mechanism to optimise
or remove a sub-optimal skill in the skill library. This limitation is addressed in this work,
which presents a more general code optimisation framework that can be applied to a variety

of domains, including autonomous driving.
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Figure 5.1: An overview of the LangProp framework, which consists of a LangProp model, an
LLM optimiser, and a LangProp trainer. During training, the LLM generates and updates the policy
scripts which are evaluated against a training objective. Policies with higher performances are
selected for updates, and the best policy is used for inference.

5.3 The LangProp Framework

The LangProp framework, shown in Figure 5.1, addresses a general task of optimising
code on a given metric of success in a data-driven way, similar to how a neural network is
optimised on an objective function. LangProp performs iterative prompting to improve
code performance, using the inputs, outputs, exceptions, metric scores, and any environ-
mental feedback to inform the LLM upon updates. The updates in LangProp are performed
using a form of an evolutionary algorithm [8]. The following sections describe the key

concepts in LangProp in more detail.

5.3.1 Model definition

The LangProp model consists of a setup prompt, an update prompt, and a collection of

executable code generated by the LLLM, which this work will refer to as policies. While
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neural models are parameterised by floating-point weights, the parameters of a LangProp
model is the set of policies. Each policy is associated with an executable script as well
as a statistics tracker, which updates the priority, an aggregate measure of the policy’s
performance with respect to the training objective. The priority is used to rerank policies

so that the best-performing policies are used for updates and inference.

Policy setup

The initialisation of the policies is done similarly to zero-shot code generation. The
definition and specification of the requested function are given as a docstring of the
function, including the names and types of the inputs and outputs, what the function is
supposed to achieve, and a template for the function. Chain-of-Thought prompting [236]
is also adopted. Examples of setup prompts can be found in Appendix C.2.1. Responses
from the LLM are parsed to extract the solution code snippets. Multiple responses are

collected to ensure the diversity of the initial policies.

Training objective

The difference between LangProp over typical usage of LLMs for code generation is that
it performs code optimisation in a metric- and data-driven manner. In many tasks, it is
easier to provide a dataset of inputs and ground truth corresponding outputs rather than
to accurately specify the requirements for a valid solution or write comprehensive unit
tests. Similar to how neural networks are trained, the user defines an objective function
that measures how accurate the policy prediction is against the ground truth, e.g. L1 or
L2 loss. A penalty is given if the policy raises any exception (e.g. syntax error) while

executing the code.
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Forward-pass and feedback

Similar to training neural networks, LangProp assumes a dataset of inputs and associated
ground truth labels for supervised learning (or rewards for RL, discussed in Section 5.5.2).
For every batch update, the inputs are fed into all the policies currently in the LangProp
model to make predictions, equivalent to a forward-pass. For each policy, the prediction is
evaluated by the objective function which returns a score. If an exception is raised during
execution of a policy script, it is caught by the model and an exception penalty is returned
as a score instead.

The execution results, which include the score, exception trace, and any printed
messages from the execution, are fed back into the model and are recorded by the policy
tracker. This is analogous to how parameters in a neural network are assigned gradients
during back-propagation. ! This information stored by the tracker is used in the policy

update step in Section 5.3.2.

5.3.2 Model forward pass definition

The LangProp module captures printed outputs and exceptions and stores them in the
policy tracker along with the corresponding inputs during a forward pass. The Python code
snippet extracted from the LLM’s response and saved as a text string is executed using the

exec function in Python. The local scope variables can be accessed via 1locals.

1 class LPModule:
2

3 def _ _call__(self, =*args, *xkwargs) -> Any:

IThe current LangProp implementation is limited to an update of a single module, i.e. it does not yet
accommodate for chaining of modules. This was attempted by making the LLM generate docstrings of
helper functions to initiate submodules, and tracking submodule priorities. However, version tracking of
submodules and the mechanism of providing feedback for submodule updates were substantial challenges.
While LangProp vl does not implement the full back-propagation algorithm, a single-layer feedback
operation is referred to as back-prop to highlight the similarities and encourage future research.
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4 if not self.training:
5 return self.forward(self.script_records[0].script, =*args,

— **kwargs)

6
7 inputs = (args, kwargs)
8 script = self.run_config.active_tracker.record.script
9 with CapturePrint () as p:
10 try:
11 output = self.forward(script, *args, *xkwargs)
12 self.run_config.active_tracker.forward(inputs, output,
—  "\n".join(p))
13 except KeyboardInterrupt as e:
14 raise e
15 except Exception as e:
16 trace = "\n".join(traceback.format_exc().split('\n'")[-3:])
17 detail = £"""{type(e)._name_ }: {trace}"""
18 self.run_config.active_tracker.store_exception(inputs, e,
— detail, "\n".join(p))
19 raise e
20 return output
21
22 def forward(self, script, *args, **kwargs):
23 exec (script, locals(), locals())
24 output = locals() [self.name] (*deepcopy (args), =**deepcopy(kwargs))
25 return output
Listing 1: Forward passing mechanism of the LangProp module (extract)
Priority

The priority is, simply put, an average of scores with respect to the training objective. In
case a small batch size is required for faster computation, a running average of the scores
is used as the priority rather than ranking the policies’ performance based on scores from
the current batch alone, which may result in highly stochastic results. This is sufficient for

supervised learning with a fixed-size dataset. As discussed later in Section 5.5.2, however,
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a more complex training method such as RL or DAgger [180] has a non-stationary training
distribution. Therefore, an exponential averaging with a discount factor of v € (0, 1] is

used:

NB
(Zj:kl Si,j,k) + Wik—1Pi k1
Py = 5 ,
N7+ Wik (5.1)

Wik =7 (NF+W;1).

Here, NP, P, ;. and W, . are the batch size, priority, and priority weighting of the k-th
batch for the i-th policy, respectively, and s; ; i, is the objective score of the i-th policy for
the j-th element in the k-th batch. Initial conditions are F; o = 0 and W, , = 0. Weighting
recent scores higher ensures that policies with higher priorities have high performance on

the most up-to-date dataset.
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Figure 5.2: The policy evaluation and update mechanism. The performances of the policies are
monitored and aggregated over time by a policy tracker as priorities, used to rerank the policies.

Policy reranking and update

This step updates the model based on the most recent forward-backward pass and updated
priorities. This corresponds to the optimisation step in neural network training, where
parameters are updated based on gradients computed on the most recent batch. The update

step is illustrated in Figure 5.2. First, the policies are reranked by the priorities and the top
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NE number of policies are kept, out of which the top NV policies are selected for updates.
For each of these policies, the policy tracker is queried for the worst-case input-output
pairs in the training batch, namely that with the lowest objective score. The tracker returns
the corresponding input, output and score, along with any exception or print messages
during the execution. This information, together with the old policy script, is embedded
into the update prompt by a prompt template engine (Section 5.3.3). The update prompt is
passed to the LLM, which returns N responses containing new policy scripts for each of

the NV policies chosen for updates.

After the update, there are NV x N% new policies and up to N¥ old policies. To
initialise the new policies with sensible priorities, objective scores for the new policies are
evaluated by performing the forward-backward pass, using the same training samples as
the current update. Finally, all the policies are sorted by their priorities, ready for inference

or training on a new batch.

5.3.3 Prompt template engine

During the policy update stage, a dynamic prompting mechanism is required to embed
information about the input, predicted output, ground truth, exception, print messages,
and the policy script to be revised. The logic to generate these prompts is sometimes
complex, for example, predictions are only made when there are no exceptions. To enable
flexible prompt generation while avoiding any hardcoding of the prompts in the codebase,
A simple yet powerful prompt template is developed that can parse variables, execute
Python code embedded within the prompt, and import sub-prompts from other files, and
are included in the open-sourced solution (Section 5.6). The update prompt examples
shown in Appendix C.2.2 make extensive use of the policy template engine’s capabilities.

In the template engine, every line that begins with “#” is treated as comments. Every

line that begins with “$ ” or line blocks in between “Sbegin” and “$end” are treated
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as executable Python code, as well as everything surrounded by { { }} in a single line. If
a “print” function is used within the prompt template, it will execute the Python code
inside the print function and render the resulting string as a part of the prompt. Variables
can be passed to the prompt template engine, and are made accessible in the local scope of
the prompt template.

As an example, consider the following prompt template.

1 {{" and ".join(p for p in people)}} {{"are" if len(people) > 1 else "is"}}
— work here.

2 $begin

3 for i, p in enumerate (people):

4 print (f"{p} is employee No. {i + 1}.")

5 $end

Listing 2: Example prompt template

In this case, read_template (“Yexample”, people=[“Tom”, “Jerry”]) resolves
to: “Tom and Jerry work here.\nTom is employee No. 1.\nJerry is employee No. 2.”.

5.3.4 Trainer forward-backward definition

The trainer has a similar abstraction to deep learning training. At every step, it triggers a
forward method that calls the policy and stores the inputs, the policy’s prediction, and the
expected output, and a backward method that updates the policy tracker with the scores,

exceptions, or any feedback.

1 class LPTrainer:

2

3 def step(self, tracker: RecordTracker, func_args, func_kwargs, label,
— feedback=""):

4 with self.run_config.activate (tracker):

5 score, exception_detail = self.forward(func_args, func_kwargs,

— label)
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6 tracker.backward(score, label, feedback + exception_detail)
7
8 def forward(self, func_args, func_kwargs, label):
9 try:
10 with set_timeout (self.run_config.forward_timeout):
11 output = self.module(*func_args, #**func_kwargs)
12 self.test_output (output, func_args, func_kwargs, label)
13 score = self.score(output, label)
14 exception_detail = ""
15 except KeyboardInterrupt as e:
16 raise e
17 except Exception as e:
18 score = self.run_config.exception_score
19 trace = "\n".join(traceback.format_exc() .split('\n')[-3:])
20 exception_detail = f£"""\nThere was an exception of the
— following:\n{type(e).__name__}: {trace}"""
21 return score, exception_detail

Listing 3: Forward-backward pass in the LangProp Trainer (extract)

5.3.5 Training paradigm

LangProp mirrors the code abstraction of PyTorch [159] and PyTorch Lightning [52] for the
module and trainer interfaces. This allows LangProp as a framework to be task-agnostic,
making it easily applicable to a range of domains and use cases. Moreover, it helps
highlight the similarities between neural network optimisation and code optimisation using
LangProp and facilitates a smooth integration of other neural network training paradigms.

Importantly, LangProp’s internal implementation does not depend on PyTorch or
PyTorch Lightning. LangProp supports PyTorch datasets and data loaders, as well as any
iterable dataset object for training and validation. Listing 4 shows an example of a standard
LangProp training script. The design of the module and trainer interfaces are inspired by

PyTorch [159] and PyTorch Lightning [52], respectively.
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1 train_loader = DatalLoader(train_data, batch_size, shuffle=True,
< collate_fn=lambda x: x)

2 val_loader = DatalLoader(val_data, batch_size, shuffle=True,
< collate_fn=lambda x: x)

3 model = LPModule.from_template (name, root)

4 trainer = LPTrainer (model, RunConfig(run_name))

5 trainer.fit(train_loader, val_loader, epochs=epochs)

Listing 4: Training a LangProp model with a trainer. The model can be instantiated from a path to

the setup and update prompts that specify the task to be learned.

After every training step on a mini-batch, the trainer saves a checkpoint, which
consists of the setup prompt, update prompt template, the policy scripts (maximum of
NE 4+ NYx N®), and the statistics monitored by the policy tracker (priorities P and priority
weights /). Since these can be stored as text or JSON files, the size of a checkpoint
is in the order of a few hundred kilobytes. Checkpoints can be used to resume training,

fine-tune the model, or for inference.

1 model = LPModule.from_checkpoint (checkpoint)
2 model.setup(config=RunConfig())

3 prediction = model (*input_args, *xinput_kwargs)

Listing 5: Inference with a LangProp model checkpoint.

Listing 5 shows how a LangProp checkpoint can be loaded and used for inference.
The policy with the highest priority is used. Since policies are parameterised as executable
code, the use of an LLM is only required during training, not during inference. Since
querying LL.Ms is both expensive and slow, this is a key advantage of the LangProp
approach, which makes integration of LLMs more feasible for real-time applications, such

as robotics and autonomous driving.
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5.4 General domain experiments

LangProp’s code optimisation capability is demonstrated in three domains with increasing

complexity. The GPT 3.5 Turbo 16k model [154] is used as a backbone LLM.

5.4.1 Generalised Sudoku

A generalised Sudoku puzzle consists of W x H subblocks, each with H x W elements,
where H and W represent height and width, respectively. A valid solution places num-
bers from 1 to W H in each cell, such that each row, column and subblock contains no
repeated numbers. LangProp is trained on this problem given 100 samples of unsolved
Sudoku puzzles as input and corresponding solutions as output. The training objective
is defined as the correctness of the arrived solution, i.e. whether the puzzle completed
by a LangProp-learned policy is a valid Sudoku puzzle solution. The setup and update
prompts are in Appendix C.2. Due to the complexity of the task specification, the LLM
queried zero-shot occasionally failed on the first attempt, confusing the task with a standard
3 x 3 Sudoku. LangProp filtered out incorrect results during training and identified a fully
working solution. Samples of an incorrect zero-shot solution and a correct solution after

LangProp training can be found in Appendix C.3.1.

5.4.2 CartPole

CartPole [22] is a widely used environment to train and test RL algorithms. To make it
feasible for LangProp to generate a policy to solve this task, the observation and action
specifications are provided, following the Gymnasium documentation for CartPole-v1.
The setup and update prompts are in Appendix C.2. Queried zero-shot, the LLM generated
a solution that is simplistic and does not balance the CartPole, achieving a score of 9.9 out
of 500. With a simple Monte-Carlo method of optimising the policy for the total rewards,

improved policies were obtained using LangProp, achieving the maximum score of 500.0.
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Interestingly, LangProp learned a policy that implemented a PID controller to solve the
task.

Figure 5.3 shows learning curves of

the LangProp policy for 10 different seeds. %907 I
400 i
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ment steps. This shows that certain tasks solution within 10 LangProp updates.
may be more sample-efficient to solve with
LangProp. While it is infeasible to arrive at a correct solution zero-shot, the LangProp
optimisation loop allows the LLM to discover a correct solution.

Sample results can be found in Appendix C.3.2. Implementations, prompts, check-

points, and examples of zero-shot and trained policies are available in the open-sourced

repository.

5.5 Driving in CARLA

This section describes how the LangProp framework can be used in the context of au-
tonomous driving in CARLA. CARLA [48] is a widely used open-sourced 3D simulator for
autonomous driving research, and many prior works on CARLA have open-sourced their
expert agents. CARLA is chosen as a benchmark since (a) autonomous driving requires in-

terpretable driving policies, (b) CARLA has a rich collection of human-implemented expert
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agents to compare against, and (c) a metric-driven learnable approach would be beneficial
since driving decisions are challenging planning problems, and even human-implemented
experts have sub-optimal performance. Section 2.4.2 discusses related work on au-

tonomous driving.

5.5.1 Data collection

Data agent

DataAgent
infractions? Agent Brain 1 ‘ /‘ @
control actions 1
ego info . ’ >
(pose, size, velocity) Agent Brain 2 /‘ @
control actions 2
actors info .
(pose, size, velocity) . H
distances to traffic ) ‘ /‘ @
light and stop sign Agent Brain N

control actions N

CARLA simulator
Internal state

Figure 5.4: An overview of the CARLA agents for data collection and evaluation. All agents
are implemented as a standardised DataAgent class, with one or multiple AgentBrain that
takes in the preprocessed observations and outputs a control action. These inputs and outputs are
processed, recorded and saved by the DataAgent so that they can be used for data collection or
for online training.

To standardise the data collection and evaluation pipeline for both the expert agent
and the LangProp agent, a generic DataAgent is implemented. An overview is shown
in Figure 5.4. It collects basic privileged information from the CARLA environment:
the 3D bounding box coordinates of the actors in the scene (pedestrians, vehicles, traffic
lights, and stop signs), the velocity of the pedestrians and vehicles, distances to the next
traffic light and stop sign in the current lane, and the next waypoint to navigate towards.
In addition, it also collects the RGB, depth, lidar, segmentation, top-down view, and the

expert’s control actions which can be used to train image-based driving policies. This
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standardised data collection agent is decoupled from the expert agent and the LangProp
agent, and has the option of turning off sensors that are not used for data collection to save
computation time and data storage.

The data collection agent itself does not have a driving policy. It expects a separate
AgentBrain that takes a dictionary of scene information curated by the data agent
as input and outputs a vehicle control action (throttle, brake, and steering). All driving
agents inherit from the Dat aAgent class, each with an Agent Brain that implements
its driving policy. It is also possible to chain multiple agent brains as an array, where
the previous agent brain’s control decision is provided as an additional input to the next
agent brain. This is useful for the DAgger agent and online agent, which require expert

supervision during online rollouts.

Expert design

An expert agent is implemented for data collection and to provide action labels to train
the LangProp agent with Imitation Learning (IL). While TransFuser [35] and TF++ [102]
use a computationally expensive 3D bounding box collision detection algorithm, and
InterFuser [196] uses line collision which is faster but less accurate, the LangProp expert
uses an efficient polygon collision detection algorithm between ground-projected bounding
boxes.

The LangProp expert only uses the data collected by the data agent to ensure that the
LangProp agent has access to the same privileged information as the expert agent. For
every interval of 0.25 s up to 2 s into the future, whether the ego vehicle polygon will
intersect any of the actor polygons is evaluated, assuming that the ego vehicle will maintain
velocity, and the other actors will move in the current orientation with a speed less than or
equal to the current speed. The ego vehicle polygon is padded forward by 2 m, and by 2 m
either left or right upon lane changes. Apart from lane changing, only actors that are ahead

of the ego vehicle are considered, i.e. with a field of view of 180°. A traffic light and/or
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stop sign that affects the vehicle is identified by querying the associated waypoints in the
CARLA simulator. For pedestrians, vehicles, traffic lights, and stop signs, the distances to
the obstacles are calculated. The normal driving speed is 6 m /s (“MOVE”). If any of the
distances are reachable within 2 s with a 2 m margin (“SLOW?), the target speed is set to
the speed which allows a 2 s margin, and if the distance is below 2 m (“STOP”), the target
speed is set to 0 m/s. Steering is evaluated by calculating the angle to the next waypoint,
which is 4 m ahead of the current position of the ego vehicle. A PID controller is used for

low-level control to convert the target speed and angle to throttle, brake, and steering.

5.5.2 Training the LangProp agent

LangProp agent
LangProp trainer - Offline dataset
- (collected by expert agent)
+ (DAgger)
Infractions? Online dataset
(RL rewards) = (collected by LangProp)
LangProp model -
ego info p predicted
(pose, size, velocity) policy scripts setup  update /‘ target speed
! ! prompt prompt
def main(inputs: dict) 8 S predicted
actors info prediction = {} v turn angle
(i, e, v kv 1 inputs.items():
retun prediction
[son by priority ﬁﬁ P ground truth
k / /‘ target speed
distances to traffic
light and stop sign
expert brain ground truth
CARLA simulator (imitation learning labels) tum angle

Figure 5.5: An overview of the LangProp agent training pipeline. The LangProp model is updated
on a dataset that includes both offline expert data as well as online LangProp data annotated with
expert actions, similar to DAgger. The agent is given negative rewards upon infraction.

Similarly to all the baseline experts, privileged information from the CARLA sim-
ulator to the agent is provided. Unlike the baseline experts where post-processing is
manually implemented, LangProp can decide how the information should be handled
(e.g. converting world coordinates into the ego-centric frame). For the ego vehicle, as

well as for all vehicles and pedestrians within a 50 m radius, the following information
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is provided: the location (in world coordinates), orientation, speed, length, width of the
actor, the target waypoint (4 m ahead, used by other baseline experts), and the distances to
a red traffic light and stop sign along the current lane if they exist. Importantly, all actors
are provided without filtering, even if they are irrelevant to the driving agent. Given this
information, the LangProp policy is expected to return a desired speed level (“MOVE™:
6 m/s, “SLOW”: 1 m/s, “STOP”: 0 m/s)* and a turning angle for the ego vehicle. These
are passed to an external PID controller to convert them into throttle, brake, and steering.
The function specification in the setup prompt is given in Listing Appendix C.2.3 as a
docstring. Given this function definition, an LLM generates policy script candidates that

satisfy the specification and updates them following the procedures in Section 5.3.

Behavioural Cloning, DAgger, and RL

Three major training paradigms often used to train embodied agents are explored — BC,
DAgger [180], and RL. In BC, the accuracy of the policy outputs is measured against
ground truth expert actions for a pre-collected dataset. BC is known to have issues with
out-of-distribution inputs at inference time, since the expert’s policy is used to collect
the training data, while the learned policy is used for rollouts at inference time. DAgger
addresses this issue by labelling newly collected online data with expert actions, and adding
them to the expert-collected offline data to form an aggregate replay buffer. CARLA runs
at a frame rate of 20 [ z. LangProp adds training samples to the replay buffer every 10
frames, and a batch update is performed after every batch of 100 new samples.

While DAgger solves the issue of distribution mismatch, the performance of the
learned policy is still upper-bounded by the accuracy of the expert. It also does not take

into account that certain inaccuracies are more critical than others. In the context of

>While it is straightforward for the policy to directly predict the speed or acceleration as numeric values,
this makes the task of designing a suitable loss function for IL more challenging and open-ended. Therefore,
a categorical output is chosen, simplifying the scoring function.
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autonomous driving, actions that result in infractions such as collisions should be heavily
penalised. RL offers a way of training a policy from reward signals from the environment,
which is convenient since penalties can be assigned directly upon any infractions according
to the CARLA leaderboard [25]. While RL typically optimises for maximum returns
(discounted sum of future rewards), this setting is simplified by assigning an infraction
penalty if there is an infraction in the next 2 s window. The agent monitors infractions
every 10 frames, and triggers an update upon infractions.

Since infraction penalties are sparse signals, and will become rarer as the policies
improve, two strategies are adopted; (a) RL training is combined with IL training that
provides denser signals, and (b) training data with infractions are sampled with 100 times

higher sampling probability.

Training objective

The training objective for the LangProp driving agent is given as

S(a’ﬂ7 ﬂe a™ I E) =1 [( 5peed = a’:;)eeed) [_'I \% {< speed 7& aspeed) ( speed 7é speed>}]]
+ Tiﬂfrac]l(l A ( speed a:;)eed) ( speed 7& aspeed))

+ Tangle (|aangle - angle| > Qmax) + Terrorﬂ-<E)

(5.2)

where a”, a™ and a™ are actions taken by the current policy, expert policy, and behaviour
policy used to collect the training sample, respectively, [ and E are boolean variables
for infraction and exception OCCUITENCES, Tinfrac = Terror = Tangle = — 10 are penalties for
infraction, exception, and exceeding angle error of 6,,,,x = 10°, and 1 equates to 1 if the
boolean argument is true, and O otherwise. The expert is only imitated when there are
no infractions, or if the expert was not the behaviour policy that incurred the infraction,
and an infraction cost is only given when the current policy takes the same action as the

behavioural policy that caused the infraction when the expert chose a different action.
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Training strategy

The training pipeline for the LangProp driving agent is shown in Figure 5.5. For all the
LangProp agents, the training data was collected only on the training routes in CARLA
leaderboard [25], and data collected on the test routes by the expert agent with expert
action labels is used as the validation dataset. See Section 5.5.3 for more details on the
routes. For the LangProp agent trained offline, only samples collected by the expert agent
were used as training data. For the online training, only samples collected by the current
LangProp model’s inference policy were used, i.e. the policy code with the highest priority
at the time of rollout. For DAgger training, a mix of 1000 training samples collected
offline and 1000 samples collected online in every replay batch were used to evaluate the
objective score. Strictly speaking, DAgger [180] should incrementally add new online
samples to a buffer initialised with offline samples. However, this prevented the LangProp
model from learning from infractions during the early stages of the training, since online
samples with infractions are the minority of all the samples. For this reason, an even
split between offline and online samples was maintained throughout the training, with a
sampling weight of 100 for samples with infractions. Sampling is without replacements,

so that a particular training sample is only sampled once per replay batch.

Hyperparameters

Notable training hyperparameters are the number of policies chosen for updates NV = 2,
the number of responses per query N % = 2, the number of policies to keep N% = 20, the
frequency of batch updates (every 100 new samples in the replay buffer), batch sizes for
online replay data (1000) and offline expert data (1000), the sampling weight for infractions
(100), and the infraction, exception, and angle penalties (Tisfrac = Terror = Tangle = —10).
For better performance, it is possible to increase NV, N, and NX, but with a trade-off of

computational time and the cost of using OpenAl API. With this experiment setting, around
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700 training steps are taken, 1400 queries are made, and 2800 responses are received from

GPT 3.5 per training job, which costs roughly $150.

5.5.3 Benchmark

Baselines

The LangProp agent was compared against RL agents with privileged information
(Roach [257], TCP [241]) as well as human-written experts (TransFuser [35], Inter-
Fuser [196], TF++ [102], ours). The official training and testing routes provided by the
CARLA leaderboard [25] were used, as well as the Longest6 benchmark [35] that has
longer routes with denser traffic. For the LangProp agent, only the training routes are used
for imitation/RL at training time, and the saved checkpoints are used for inference during

evaluation runs on different routes.

CARLA leaderboard

The driving scores are computed by the CARLA leaderboard evaluator [25], using the
official training and test routes, and the Longest6 benchmark provided by Chitta et al. [35].
There are towns 1 — 6 across the benchmarks. Towns 7 — 10 are also used in the official
online leaderboard. A breakdown of routes for each benchmark is shown in Table 5.1.
Towns 2 and 5 are withheld in the training routes and only appear in the testing routes and
the Longest6 benchmark. The Longest6 benchmark has longer routes with denser traffic.

The main metric of the leaderboard is the driving score, which is a product of the
route completion percentage R and the infraction factor /. It is evaluated as - ZfV(RiIi),
where ¢ denotes the index of the NV routes used for evaluation, R; is the percentage of route
completion of the i-th route, and /; is the infraction factor of the ¢-th route. The infraction
factor is a product of infraction coefficients for pedestrian collision (0.5), vehicle collision

(0.60), collision with static objects (0.65), running a red light (0.70), and running a stop
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Table 5.1: A breakdown of the number of routes per town (“num”), the average length of the routes
per town (“avg. dist.”), and traffic density for the training routes (“density”), testing routes, and the
Longest6 benchmark.

Training routes Testing routes Longest6
Routes

num avg. dist. density num avg. dist. density num avg. dist. density

Town 1 10 776.3 120 - - 120 6 898.8 500
Town 2 - - 100 6 911.7 100 6 911.7 500
Town 3 20 1392.5 120 - - 120 6 1797.5 500
Town 4 10 2262.6 200 10 2177.8 200 6 21024 500
Town 5 - - 120 10 1230.1 120 6 14447 500
Town 6 10 1915.4 150 - - 150 6 2116.7 500

sign (0.80). The driving score per route is equal to the route completion R; when there
are no infractions, and is discounted for every infraction by a corresponding infraction
factor. Note that in the Longest6 benchmark, the authors decided to remove the stop sign
penalty by setting its infraction coefficient to 1.0, which is adhered to in the following
experiments.

CARLA version 0.9.10 is used for the experiments to maintain consistency with other
baseline experts that assume this version. The LangProp expert has been tested both on

CARLA version 0.9.10 and version 0.9.11.

5.5.4 Experiments
Results

The results are shown in Table 5.2. The LangProp expert and the TF++ expert significantly
outperformed all other expert agents in all routes, and the LangProp expert outperformed
TF++ by a margin on the test routes. The core collision avoidance logic is just 100 lines of

code, with additional preprocessing and tooling for data collection. From the breakdown
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Table 5.2: Driving performance of expert drivers in CARLA version 0.9.10. The driving score is
a product of the route completion percentage R and the infraction factor /. IL and RL stand for
Imitation Learning and Reinforcement Learning. DAgger uses both online and offline data.

Training routes Testing routes Longest6
Method
Scoret Rt It Scoret RT It Scoret R1T I7
Roach expert 57.8 959 0.61 63.4 98.8 0.64 54.9 81.7 0.67
TCP expert 64.3 923 0.71 72.9 93.2 0.77 46.9 63.1 0.76

TransFuser expert 69.8 94.5 0.74 73.1 91.3 0.80 70.8 81.2 0.88
InterFuser expert 69.6 83.1 0.86 78.6 81.7 097 48.0 56.0 0.89

TF++ expert 90.8 95.9 0.94 86.1 91.5 094 76.4 844 0.90
Our expert 88.9 92.8 0.95 95.2 98.3 0.97 72.7 78.6 092
LangProp Agents

Offline IL 0.07 037 0.97 0.00 0.00 1.00 0.00 0.00 1.00
DAgger IL 36.2 945 040 41.3 953 0.44 22.6 874 0.30
DAgger IL/RL 64.2 90.0 0.72 61.2 952 0.64 43.7 71.1  0.65
Online IL/RL 70.3 90.5 0.78 80.9 92.0 0.89 55.0 75.7 0.73

of the scores, the LangProp expert seems to prioritise safer driving with fewer infractions
(higher infraction factor I) by trading off route completion compared to TF++ in the
Longest6 benchmark.

For the LangProp agent, it could be observed that training using offline samples, DAg-
ger, and online samples improves performance in this order. Adding the infraction penalties
as an additional RL objective further improved the performance. The best-performing
agent, LangProp trained on online data with IL and RL, achieved better performance than
the Roach expert (trained with PPO) as well as the TransFuser and InterFuser experts
(both written by researchers) on all benchmarks apart from TransFuser on the Longest6
benchmark. Note that TransFuser has an advantage over the Longest6 benchmark since

LangProp has never seen this benchmark during training. The driving policy generated
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using LangProp is shown in Appendix C.3.3.

The result has two important implications. Firstly, the code selection metric (the
training objective) plays a large role in the ultimate performance of the code. This is an
important finding since prior work on code generation mostly focused on error correction
given exceptions. The results demonstrate that for complex tasks, it is important to treat
code generation as an iterative optimisation process rather than a zero-shot task. Secondly,
training using LangProp exhibits similar characteristics as training in deep learning; in
deep learning, it is a well-studied problem that policies trained with BC on offline datasets
do not generalise to out-of-distribution online data. DAgger and RL are two of the common
ways of addressing this problem. The results show that these training paradigms can also

be effective when used in LangProp.

Analysis of training methods

1.00 1.00
075 (s 1 075 gt
0.50 (- f 0.50
0.25 (il 0.25
o o
S 0.00 S 0.00
(0] w
-0.25 -0.25
— offline IL — Offline IL
—-0.50 DAgger IL —0.50 DAgger IL
—0.75 e DAgger IL/RL _0.75 —— DAgger IL/RL
—— Online IL/RL —— Online IL/RL
~1.00 ~1.00
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
steps steps
(a) training scores on the replay buffer (b) validation scores on the offline dataset

Figure 5.6: Training curves for the different training methods of the LangProp agent. The training
scores are evaluated on 1000 samples from the offline training dataset and/or online replay buffer,
and the validation scores are evaluated on 1000 samples from the offline validation dataset. Updates
are performed every 1000 frames of agent driving, and upon infractions in the RL setting. The
score is in the range of [—10, 1] due to exception penalties. The axis is limited to [—1, 1] in the
plots.

A common failure mode of offline trained models was that the agent remained
stationary indefinitely until the timeout was reached. Upon inspection of the policy code

that was generated, the cause of failure was identified to be a phenomenon known as causal
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confusion in IL [43]. A snippet of code responsible for such failure in one of the runs is
shown in Listing 6.

This exemplifies the interpretability of LangProp models, allowing us to directly
assess the source of failure. The code predicts 0 speed when the agent’s current speed is
already close to 0. Note that this is not a failure of the LangProp algorithm, but due to such
a policy maximising the IL objective on an offline dataset, bypassing the need to learn a
more complex policy. This phenomenon is also common in the context of deep IL, and can
be avoided by employing training on online data, e.g. using DAgger or RL. This work is

thought to be the first to report a similar phenomenon using LLMs for policy optimisation.

1 # General rule: if the ego vehicle is stopped or moving very slowly, set the
— speed level to "STOP"
2 if np.abs(scene_info["ego_forward_speed"]) < DELTA_V_THRESHOLD:

3 speed_level = "STOP"

Listing 6: Causal confusion in offline-trained policy

The use of online training samples alleviated the issue of causal confusion, leading to
selecting policies where the agent has a sensible driving performance. This is because if
the agent remains stationary, those samples will accumulate in the replay buffer, resulting
in a lower priority for the causally confused policy. Comparing the results in Table 5.2 and
the validation scores in Figure 5.6(b), it seems that the scores on the offline dataset are
not indicative of the agent’s driving performance. From the training scores on the replay
buffer and/or offline dataset in Figure 5.6(a), it could be seen that the agents trained with
RL on infractions have spikes corresponding to infractions. This is due to oversampling
infractions when they occur, allowing the policy update to immediately address the issue.
DAgger has a milder response compared to training just on online data because the offline

dataset does not include on-policy infractions. The higher rate of infractions in the training
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distribution may be why the online trained agent has a lower training score but has a higher

driving performance.

5.6 Implementation

The code used in this paper is open-sourced, and can be found at https://github.
com/shuishida/LangProp/. This includes code for the general LangProp frame-
work, applying LangProp to tasks such as Sudoku and CartPole, and training and evaluating
the LangProp agent in CARLA. Pre-trained checkpoints using LangProp and videos of

sample runs by the LangProp agent are also included.

5.7 Conclusion

This work presented LangProp, a framework that uses LLMs for data-driven code optimisa-
tion, and demonstrated its capability of generating and improving policies in the domains
of Sudoku, CartPole and CARLA. In particular, LangProp generated driving policies in
CARLA that outperform those that existed when the backbone GPT 3.5 was trained. It
was shown that classical training paradigms such as BC, DAgger, and RL directly translate
to training with LangProp, and the choices of the objective function and the training data
distribution can be used to guide which policies are selected. Automatically optimising the
code to maximise a given performance metric has been a key missing feature in few-shot
code generation. The LangProp framework provides this feature by reformulating the
machine learning training paradigm in the context of using LLMs as code optimisers and
treating policy code as parameters of the model. The LangProp paradigm opens up many

possibilities for data-driven machine learning with more interpretability and transparency.
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Chapter 6

Embodied task execution in a virtual

world

This chapter addresses the long-standing challenge of performing complex compositional
tasks in Minecraft that involve spatial reasoning and planning. Minecraft is a popular game
in a 3D virtual world, in which players can explore the terrain, collect resources, craft
tools, and build structures, as well as gather food and combat malicious game characters
for survival. It serves as a perfect evaluation benchmark for embodied agents due to the
diversity of its randomly generated landscape and the open-ended and life-like nature of the
tasks presented. This chapter introduces Voggite, an embodied agent that performs tasks
in Minecraft using OpenAl Video PreTraining (VPT) [12] as a backbone. Unlike VPT,
which is only retained to retain short-term memory with a transformer policy and struggles
to disambiguate different stages of task execution, Voggite decomposes complex tasks
into a sequence of subtasks, thereby solving the problem of ambiguity in the VPT policy.
The VPT policy is fine-tuned to solve a range of life-like tasks that the original VPT was
not specifically trained for. Voggite was submitted to the MineRL BASALT Competition
2022 [136] and achieved 3rd place out of 63 teams. This chapter also discusses other
approaches that were considered to solve the problem of learning reusable skill-learning

for embodied agents from a limited dataset of expert demonstrations.
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6.1 Introduction

Preceding chapters addressed the problems of learning to plan in partially observable
environments for robot navigation, learning to segment skills in a self-supervised way,
and learning interpretable policies for autonomous driving using Large Language Models
(LLMs) to iteratively improve code policies. These are all steps towards enabling embodied
agents to operate in a real-world environment and acquire skills reusable for task execution
and long-term consistent planning. In this penultimate chapter, the game of Minecraft
is considered a platform to practically evaluate embodied agents on their life-like task

execution capabilities.

Minecraft is an open-ended 3D gaming environment where human players and agents
can perform many life-like tasks. In Minecraft, agents explore a terrain of pre-historic
natural scenery in a block-like virtual world. Players can gather raw materials from nature
and process them to obtain tools, which could be used to craft and build more complex
tools, structures and machines. Minecraft does not define a fixed set of challenges or
requirements to complete the game; rather, it is an open-ended sandbox environment
where players can unleash their curiosity and creativity. Many of the tasks that could be
performed are relevant to surviving, living, exploring and creating, such as mining, crafting,
building, raising animals, harvesting crops, and occasional combats with unfriendly game
characters.

Many of the tasks in Minecraft are compositional. For instance, finding a diamond
requires the agent to chop wood, make a crafting table from wooden planks, make a wooden
pickaxe to collect cobblestones, make a stone pickaxe to collect iron, create a furnace to
melt the iron into an iron pickaxe, and finally use the iron pickaxe to obtain a diamond.

This requires long-term planning, guided by intuition from real-world experiences.

It is easy for human players to draw the analogy between the real world and the

Minecraft world, and learn to complete tasks in this virtual world, since many of the objects
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and characters in Minecraft reflect those in the real world and obey similar rules. Learning
the environment dynamics from scratch using trial and error such as with Reinforcement
Learning (RL) would be computationally expensive. On the other hand, some environment
dynamics, such as how object blocks can float in mid-air, do not reflect the real world and
must be learnt either from external resources (e.g. documentation or manual) or through
gameplay. Humans can combine the three modes of learning to adapt to new environments:
transfer of prior knowledge, gathering experiences through trial and error, and integration
of external or collective knowledge. A natural approach to designing artificial embodied

agents for real-world tasks would be to equip them with such learning capabilities.

Research on learning-based agents in Minecraft has been accelerated by the develop-
ments of Malmo (a Minecraft simulator for RL agents) and MineRL [74] (a state-action
paired dataset of over 60 million frames across a diverse set of tasks), along with competi-
tions accompanying the MineRL dataset. Starting with the task of obtaining a diamond
in the first competition [74], the MineRL Competition in 2021 [195] introduced more
life-like tasks in the BASALT track, some with difficult-to-define reward functions: finding

a cave, making a waterfall, creating an animal pen, and building a house.

While earlier works on Minecraft (see Section 2.4.4) relied on semantically rich
observations and knowing the agent’s inventory (i.e. what items and resources the agent
has in possession), the recent VPT [12], a transformer foundation model trained on a
large collection of videos on the Internet, successfully managed to discover diamonds
taking RGB pixel inputs as observations and predicting cursor movements, mouse clicks
and keyboard presses as outputs. Following the success of VPT, the MineRL BASALT
Competition was significantly updated in 2022, defining the observations to be RGB pixels
and actions to be cursor movements and mouse clicks in the same way as VPT. This
work builds on top of VPT, addresses its weaknesses and fine-tunes it to solve challenges

specified in the MineRL BASALT Competition 2022.
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6.2 Background

6.2.1 OpenAl VPT

VPT [12] is a transformer-based foundation model that is trained to take in a video sequence
as input and output a sequence of actions. Training such large models with Behavioural
Cloning (BC) (i.e. directly supervising them with expert action labels) requires a vast
amount of expert-labelled collection of videos, which are not readily available. OpenAl
solved this problem by collecting a relatively small amount of expert labels to train an
Inverse Dynamics Model (IDM), a separate transformer model that also predicts a sequence
of actions from a video sequence, except that while a transformer policy must predict
actions auto-regressively without having access to future sequences of frames, an IDM can
be trained non-causally and is provided with video frames from future time steps. Aided
with such privileged information, an IDM can predict actions that were taken by the agent
to produce the corresponding observations much more accurately with less training data
compared to a causally trained policy. An IDM trained on around 2K hours of expert play
was used to label 70 K hours of gameplay video footage without action labels. Since any
public video footage could be labelled by the IDM, this method of data labelling makes it
possible to train a large transformer policy on vast amounts of publicly available video

footage, e.g. on YouTube.

While online videos are useful for learning semantic feature representations and
primary tasks, since Minecraft is an open-ended and undirected environment, the resulting
policy would also be generic and undirected. To encourage the policy to learn useful
task-specific behaviours, a combination of Imitation Learning (IL) and RL was used. In the
IL setting, a VPT foundation model was fine-tuned with BC from expert demonstrations
specifically for early game resource gathering and tool crafting to build a basic house.

In the RL setting, the agent was trained on rewards designed for the task of crafting a
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diamond pickaxe. Phasic Policy Gradient (PPG) [39], a policy gradient algorithm similar
to Proximal Policy Optimisation (PPO) [194] but with improved sample efficiency is used.

One of the limitations of the VPT agent is that, despite its transformer architecture
which allows the agent to retain temporal information, the VPT policy takes in 128 frames
of past observations, equivalent to only 6.4 s of history. While this is far outstanding
compared to prior work, it is still insufficient for long-term planning, and it fails to work

well with tasks with multiple stages and dependencies.

6.2.2 MineRL BASALT Competition 2022

The MineRL BASALT Competition [136], standing for “Benchmark for Agents that Solve
Almost Lifelike Tasks”, challenged embodied agents to solve tasks with hard-to-specify
reward functions in Minecraft. The competition evaluated agents on their life-like task exe-
cution capabilities in four domains: finding a cave, making a waterfall, creating an animal
pen, and building a house. Unlike many competitions with automated evaluation, agent
performances are evaluated by human judges in the MineRL BASALT Competition. 600
hours of labelled expert demonstrations are provided for the four tasks. An OpenAl VPT

agent individually fine-tuned on the four tasks is treated as a baseline for the competition.

6.3 Segmenting stages of task execution in Minecraft

6.3.1 Motivation

Inspecting the performances and rollouts of the VPT agent fine-tuned for tasks such as
making a waterfall, creating an animal pen and building a house, it was noted that the
agent’s short temporal window of observations is hindering the agent from executing

long-term plans. Let us inspect each scenario in turn.
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Finding a cave

Finding a cave is a task simple enough that it could be partially solved by chance even by the
baseline VPT agent with a reactive policy; the agent must explore the environment, discover
a cave-like structure, enter it, and press ESCAPE for task completion. Nevertheless,
navigating a terrain with pitfalls, cliffs and pools of water, also with the threat of mobs
(antagonistic game characters) is a non-trivial task.

While the baseline agent was relatively good at exploration, it had a tendency to start
to dig whenever it was trapped in a dead end or encountered obstacles. However, finding a
cave by digging was not considered an allowed strategy in the competition. The agent was

also not competent at backtracking or planning a long-term trajectory.

Making a waterfall

In the task of making a waterfall, the agent holds a bucket of water that it must carry up
a mountain to flip over at the summit. Once the agent creates a waterfall, it must climb
down and turn around to capture the scenery in its first-person view camera.

The baseline had a tendency to flip over the bucket at random locations and continue
on its exploration without a clear intention of climbing up or down a mountain. This is not
surprising, as whether the agent should climb up a mountain or down is ambiguous from
the sequence of observations alone (which is a close-up view of the mountainous terrain),
and the information of whether the bucket is full of water or empty is a minor detail in the
observations. Learning two highly different sub-policies (one climbing up, one climbing

down) based on these small differences in input is challenging.

Creating an animal pen

Creating an animal pen consists of multiple stages of task execution: finding a suitable

village house to build a pen next to, finding some wandering animals of the same species
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and luring them to the chosen location, and finally building a fence around them. Other
orderings of stages to complete the task may also be possible.

The baseline agent proceeded to explore whilst occasionally throwing fences onto the
ground and nearby walls inconsistently. This may be because (a) the agent was fine-tuned
from a general-purpose VPT agent that was trained to explore, and (b) the agent only has a
short-term memory of 6.4 s, and is not able to disambiguate between whether it is meant
to explore, build or lure animals at a particular time. Hence, the policy may be confused

with conflicting training signals and fail to learn a temporally coherent strategy.

Building a house

Similarly to Section 6.3.1, the task of building a house also has multiple stages: exploration
to find a cleared space, building the walls, making a door using a crafting table, attaching
the door, and giving a tour of the house. Resources required to build the house are available
in the inventory, although some specific items may need to be crafted. In this example as
well, the baseline agent manifested inconsistent behaviour of running around the terrain
while occasionally dropping resources in random locations on the way, which is not
beneficial for the task of building a house.

From the above examples, it is evident that the baseline VPT lacks long-term memory
and planning capabilities, which is significantly impacting the competence of an otherwise
well-trained large transformer policy with rich prior knowledge of the Minecraft environ-
ment. In the following sections, two strategies are considered to segment the task into

multiple stages to aid the policy in making temporally consistent decisions.

6.3.2 Segmenting by states via Invariant Information Clustering

An initially considered approach was to cluster the observations in the expert demonstra-

tions. Since the observations in the demonstrations are RGB images and are only annotated
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with corresponding actions taken by the expert, a separate means to obtain such clustering
must be considered.

One approach would be to manually annotate the observations with human-identified
subtasks. However, this approach would be expensive and the definition of “subtask™ is
unclear. It would be more desirable to discover temporal clusters automatically through

data. As an alternative, a contrastive method with temporal constraints was conceived.

Background on Invariant Information Clustering

Invariant Information Clustering (IIC) [104] was used as a contrastive training objective to
learn cluster assignments. IIC is a method with a simple objective to maximise the mutual
information between the class assignments of positively paired data samples. It assumes
a mapping function ® : X — Z, where X is the input space, Z is a categorical space
Z ={1,...,C}, and C is the number of clusters.

Mutual information between random variables z and 2’ is defined as:

(2,7)

- — / p— /
[(z,z)/Z/le(z,z)logp(z)p<zl)dzdz. (6.1)

Given N number of positive data samples {(z,,y,) : 1 < n < N}, where x,, and y,,

are known to belong to the same cluster, the maximisation objective is:
max (9 (x); &(y)). (6.2)

Since the goal is to learn representations with a deep neural network, ®(x) performs
soft rather than hard clustering with a softmax layer as an output. The output ®(x) €
[0,1]¢ can be interpreted as the distribution of a discrete random variable z over C
classes, formally given by P(z = c|z) = ®.(x). Similarly, P(z' = d|y) = P.(y).
By marginalising over the dataset (or a batch of size N in practice), a joint probability

P.. = P(z = ¢,z = ) could be considered; P, denotes the probability that input z is

assigned to cluster ¢ and input y is assigned to cluster ¢’ for a random positive pair (z, y)
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in the dataset. P is a C' x C' matrix given by:

Z(I) Tn) - Pyn)” - (6.3)

For most problems, for every positive pair (x, ), a pair (y, x) should also be a positive
pair. Therefore, P could be symmetrised by (P + P7)/2. The marginals P. = P(z = ¢)
and P, = P(2' = /) can be obtained by summing over the rows and columns of this
matrix.

Finally, the IIC objective function is obtained by substituting the joint probability
matrix P into the mutual information objective in Equation (6.1) as:

I(z;2)) Z Z P.. - log P P (6.4)

c=1 c¢'=1

Application of IIC to Minecraft

Similarly to how Ji et al. [104] applied IIC to the task of image classification by pairing
images to an image-augmented version of itself, an embodied agent applying actions to
the environment and receiving subsequent observations can be considered as a form of
applying augmentation to the observations. Temporally proximate observations are more
likely to come from the same stage of a task execution. This prior could be used to harvest
positive pairs from demonstrations for contrastive learning.

Given a sequence of observations o, 01, ..., op, where 7' is the length of an episode,
it could be assumed that it is likely that neighbouring observations o; and o;,; (where
0 <[ < L for lookahead L << T') are classified into the same stage of a task, compared
to a randomly selected pair of observations in the dataset. Using this temporal constraint,

contrastive learning can be applied to classify observations into clusters.

Preliminary results

Figure 6.1 shows an example of applying IIC to expert demonstrations to cluster the

observations. As can be seen, there is some temporal consistency in the cluster assignments
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Figure 6.1: Applying IIC to a video sequence of expert demonstration for the Obtain Diamond
task. The example shown is for lookahead L = 1. The video sequence is subsampled for every 10
frames and shown from left to right, top to bottom. The coloured strips for every tile of observation
correspond to clusters found by applying IIC to the observations. There are 30 clusters in this case.

due to similarities in the observations. Some clusters appear early on in the demonstration,
whereas others appear later. Identifying these correlations between clusters and task
progression may be useful in identifying stages and subtasks within expert demonstrations.

While these qualitative experiments applied IIC clustering on the RGB observations,
preliminary experiments were also conducted on the inventory vector space as observations,
following the convention in the MineRL BASALT 2021 Competition [195] (as opposed to
2022 [136]). Visualisations are included in Appendix D.

Limitations

While this research direction of segmenting demonstration trajectories based on temporal
constraints on observations was promising, several shortcomings were identified which

resulted in a pivot in this work. The reasons for this pivot were as follows:

1. Cluster assignments determined by the function ®(z) only consider the current

observation, or a short window of observations at most if z is a latent embedding



Chapter 6. Embodied task execution in a virtual world 137

from a transformer encoder. This hinders the aim of using learnt cluster assignments

as task stage indicators to inform long-term planning.

2. The latent representations learnt from training ®(x) on the IIC objective may be
useful; however, this method was conceived before the release of VPT. Since VPT
already serves as a semantically sound pre-training method, pre-training with II1C

was made somewhat redundant.

3. A unimodal cluster assignment per observation may not be a reasonable constraint,
since a scene may contain multiple objects or triggers, each with a different cluster

association.

For the above reasons, this research direction was not pursued. However, IIC
pre-training may serve as a complementary technique to VPT for learning a semanti-

cally meaningful task representation.

6.3.3 Segmenting by actions via task-specific heuristics

To fulfil the original purpose of assigning stages to agent trajectories for long-term planning
and temporal consistent strategies, an alternative method is considered. This method has
similarities to the Options Framework Section 2.2.5 in that it switches between stages only
upon certain triggers. Unlike the IIC-based method proposed in Section 6.3.2, which relies
on a clustering function ®(x) to perform a classification at every step in the agent rollout,
this newly suggested method propagates the stage information forward temporally.
While learning these trigger points is both attractive and desirable, this would re-
quire some other way of constraining the learning problem; if supervised learning is
employed, some form of data annotation is required; if stage segmentation is to be learnt

via self-supervised learning, what constitutes as distinct “stages” must be defined as a
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Figure 6.2: Trigger actions defined for the Voggite agent to switch to a different policy during
task execution. For the “find a cave task™, no triggers are defined and the VPT policy is fine-tuned
as normal (with improvements to training techniques as outlined in Section 6.4.3). For “make a
waterfall” task, the agent changes its behaviour to climbing down a mountain after the bucket has
been used. For “create an animal pen” and “build a house” tasks, the policy distribution is shifted
to move around less and commit to building structures after taking the first “use” action.

training constraint. This problem, also known as change-point detection, is a complex
research question on its own.

On the other hand, defining a trigger for each task in the MineRL BASALT Com-
petition is straightforward. It was noted that certain actions that the agent takes (e.g. a
“use bucket” in the waterfall task, as well as a “use item” action in the building tasks) is
more indicative of a stage change in a task than inspecting changes in the observations.
While the observation space is a high-dimensional RGB image, the action space of the
VPT model is categorical, which is then converted to cursor movement, mouse click and
keyboard actions. The “use” action in particular is easy to track, and is an ideal trigger for
a stage change. Figure 6.2 summarises these triggers and the shift in the agent’s policy for
each task. This was implemented in the submission to the MineRL BASALT Competition,

which is discussed next.
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6.4 Submission to the MineRL BASALT Competition

6.4.1 Voggite

The embodied agent submitted to the competition was named Voggite after a mineral,
following the tradition set in works related to Minecraft (e.g. the BASALT competition).
This specific mineral was chosen due to its spelt resemblance to VGG (Visual Geometry
Group).

Voggite modified and improved upon VPT’s training setup in four aspects. The

changes were:

1. pre-computing VPT embeddings such that only a small policy head network has to

be trained and fine-tuned via BC, making training faster,

2. enabling reshuffling of training samples since VPT embeddings are pre-computed

and no longer have to be evaluated auto-regressively,
3. training setup in PyTorch Lightning for faster training,

4. reweighting actions according to action frequency so that rare actions are effectively

sampled more often.

These changes allowed a much faster and more effective iteration of ideas and methods.
Furthermore, the “use” action was identified to be a trigger action for the waterfall,
animal pen and house-building tasks. Until the trigger action is taken, the agent follows a
standard VPT policy fine-tuned on individual tasks. Once the “use” action is triggered,
however, the agent’s behaviours are modified to adapt to needs for different tasks. In
the waterfall task, the agent must retreat down the mountain once a bucket is used. The
agent is rotated 180° once the trigger action is taken, and then moved backwards for the
next 5 seconds before terminating. For the animal pen and housing tasks, once the “use”

action is triggered, the agent’s move action probability is reduced, while the “use” action
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Figure 6.3: Diagram of the Voggite training pipeline. VPT embeddings are pre-computed for the
expert demonstrations and stored as a permutable dataset, removing the sequential constraint of
forward-passing through the VPT transformer. A policy head is trained and fine-tuned on each task
in the MineRL BASALT Competition, given the VPT embeddings and expert actions labels. The
categorical losses are reweighted inversely to the frequency of the expert actions’ occurrences.

probability is increased. This is to ensure that the agent commits to building a house once

it has identified a suitable location, rather than aimlessly alternating between exploring

and building, as with the baseline VPT.

6.4.2 Implementation

The code for the submitted Voggite agent is open-sourced, and can be found at https:

//github.com/shuishida/minerl_basalt_2022.

6.4.3 Submission and results

The competition team consisted of myself (Shu Ishida) as the main contributor, as well as
my supervisor (Dr. Jodo F. Henriques) who provided guidance and contributed research
ideas. The code for this research and submission was developed entirely by Shu Ishida.
Voggite was submitted to the MineRL BASALT Competition at NeurIPS 2022 [136].
Voggite successfully created a waterfall in many of the runs, and improved consistency in
building activities over the baseline VPT. Our solution achieved 3rd place out of 63 teams,

446 individual participants and 504 submissions overall. Results are shown in Table 6.1.


https://github.com/shuishida/minerl_basalt_2022
https://github.com/shuishida/minerl_basalt_2022
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Table 6.1: Leaderboard: normalised TrueSkill scores according to [136]. The top three teams were
GoUp, UniTeam, and Voggite (ours). Scores for BC-Baseline, two expert humans, and a random
agent are also included.

Team FindCave MakeWaterfall AnimalPen House Average
GoUp 0.31 1.21 0.28 1.11 0.73
UniTeam 0.56 -0.10 0.02 0.04 0.13
Voggite (ours) 0.21 0.43 -0.20 -0.18 0.06
JustATry -0.31 -0.02 -0.15 -0.14 -0.15
TheRealMiners 0.07 -0.03 -0.28 -0.38 -0.16
yamato.kataoka -0.33 -0.20 -0.27 -0.18 -0.25
corianas -0.05 -0.26 -0.45 -0.24 -0.25
Li and Ivan -0.15 -0.72 -0.14 -0.22 -0.31
KAIROS -0.35 -0.32 -0.41 -0.36 -0.36
Miner007 -0.07 -0.76 -0.12 -0.52 -0.37
KABasalt -0.57 -0.23 -0.41 -0.31 -0.38
Human2 2.52 242 2.46 2.34 243
Humanl 1.94 1.94 2.52 2.28 2.17
BC-Baseline -0.43 -0.23 -0.19 -0.42 -0.32
Random -1.80 -1.29 -1.14 -1.16 -1.35

6.5 Conclusion

It was found that executing plans in stages is essential for the coherent behaviour of
an agent in compositional tasks. Stages in this context share similarities with options
discussed in Chapter 4. Due to time constraints leading up to the competition, some aspects
of the submitted Voggite solution are hard-coded rather than end-to-end learnable, namely
the stage switch trigger detection and policy distribution change that follows. However,
it served as a proof of concept that a multi-staged policy is necessary to make the agent
behaviour more consistent and task-specific. It also retains many of the advantageous
properties of VPT, such as knowing how to navigate and craft tools from pre-training
without any hard-coding. In future work (see Section 7.2.3), we hope to apply a more
learning-oriented approach such as Sequential Option Advantage Propagation (SOAP)
(Chapter 4) and TACO [199] to the challenges in Minecraft and other complex tasks for

embodied agents.
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Conclusion

The big picture for this thesis was to solve spatial reasoning and planning tasks in a
data-driven manner, while simultaneously making the learning more efficient, interpretable
and generalisable. For this, Imitation Learning (IL) and Reinforcement Learning (RL)
methods were explored and developed to learn from regularities in spatial tasks, acquire
transferable skills, and solve novel problems with zero-shot or few-shot learning. The
main contributions of the works covered in this thesis are summarised in Section 1.3. In
this final chapter, the initial research objectives outlined in Section 1.2 are revisited, and

future work is discussed.

7.1 Discussion

Learning a generalisable planner

This thesis explored two avenues of learning a generalisable planner: learning the under-
lying Markov Decision Process (MDP) directly for an end-to-end differentiable planner
(Collision Avoidance Long-term Value Iteration Network (CALVIN), Chapter 3), and
iteratively optimising algorithmic plans in the form of code (LangProp, Chapter 5).

The approach presented by CALVIN proved robust to complex structures such as large
mazes, correctly learning a translationally invariant transition and reward kernels to model

the MDP and solve navigation tasks in novel environments. A valid value map is computed
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in an Inverse Reinforcement Learning (IRL) setting of recovering a reward function from
expert demonstrations. The original Value Iteration Network (VIN) [216] learnt inaccurate
models of the world, inept at handling long-term planning in environments with high
branching complexities. In particular, illegal actions leading to collisions were not given
large enough penalties. This work mitigated this issue by imposing a structural constraint

on the value iteration to explicitly model any impossible actions.

LangProp proposed a novel paradigm of learning algorithmic decision-making from
data by treating code as learnable policies with the use of Large Language Models (LLMs).
While there has been exciting work in end-to-end differentiable algorithms [69, 147, 164],
algorithms are discrete in nature and are hard to learn in an end-to-end differentiable
way. Works using RL for algorithm discovery had successes in finding faster algorithms
(e.g. AlphaTensor [55], AlphaDev [133]), but at the expense of massive compute and
highly tuned task-specific training. LangProp presents an alternative method of tuning
algorithms; rather than discovering “novel” algorithms, LangProp is best suited to discover
known algorithms and tune them to task-specific needs, leveraging the prior knowledge
of foundation models. By making algorithms learnable, high-level and long-term plans
that were hitherto too complex for RL agents to learn can now be learnt using IL and
RL techniques, as demonstrated in experiments with the CARLA benchmark [25] for

autonomous driving.

Furthermore, Chapter 4 and Chapter 6 demonstrate how temporal abstraction using
options can help agents make informed long-term decisions. These are further discussed

in the following sections on reusable skill learning and memory-augmented policies.

While the challenge of generalisable planning is still not completely solved, these

works indicate a path towards learnable algorithms for data-driven long-term planning.
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Discovering reusable skills

Chapter 4 addressed the problem of automatic discovery of reusable skills. Ways of discov-
ering options as temporally consistent macroscopic actions were considered. While multi-
ple formulations for this problem have been proposed in prior work [9, 59, 64, 111, 258].
experiments in Chapter 4 show that option learning using the forward-backward algo-
rithm [14] or a standard formulation of options following the Options Framework Sec-
tion 2.2.5 do not effectively learn option assignments that are both causally sound and
temporally consistent.

Sequential Option Advantage Propagation (SOAP) presented an alternative formu-
lation by analytically evaluating the policy gradient for an optimal option assignment.
While policy gradients cannot be explicitly propagated temporally without keeping all
observations in memory, as transformer policies [226] do, SOAP achieves an equivalent
effect by extending the concept of the Generalised Advantage Estimate (GAE) to propagate
option advantages through time. Unlike the forward-backward algorithm which optimises
the option assignment over a Hidden Markov Model (HMM) of options, observations and
actions, assuming a fully known trajectory, SOAP’s formulation is causal, assuming only
the knowledge of historical observations and actions. Since the option policy itself must
be causal (only conditional on the history of the agent), the causal SOAP formulation is

more robust and appropriate to be used as a causal agent’s learning objective.

Solving POMDP environments with memory-augmented policies

The learnt options could be considered as discretised memory that carries forward his-
torical information of the agent trajectory through time, thereby allowing the agent to
disambiguate different states that maps onto the same observations, as is with the case of
Partially Observable Markov Decision Process (POMDP) environments.

By learning temporally consistent and distinct options, the SOAP agent was able to
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solve POMDP corridor environments that require knowledge beyond the currently avail-
able observations. While this is a simple experiment setting, SOAP already outperforms
the baselines of Proximal Policy Option-Critic (PPOC) [111] and Double Actor-Critic
(DAC) as well as a Long Short-Term Memory (LSTM) recurrent policy. LSTMs and
transformers are expressive tools for sequential modelling, often used to solve POMDP
environments [12, 218]. However, training such recurrent or sequential policies is computa-
tionally expensive, since many frames of historical observations have to be forward-passed
simultaneously at training time. The window size for historical observations is limited by
the size of the Graphical Processing Unit (GPU) memory available. In comparison, the
approach taken by SOAP is memory-efficient, since only the current observation has to be
included in the forward-pass. This makes it a promising candidate as an algorithm with

the potential to be extended to more long-term planning problems.

In Chapter 6, it was shown that a strategy of options can be extended to solve tasks in
more complex POMDP environments such as Minecraft. Having options to disambiguate
different stages within a task was essential to achieve consistent task execution without
forgetting. While the sub-policies are Video PreTraining (VPT)-based transformers with a
local window of observations and do not have long-term memory, the options function as

a task-level discrete memory that keeps track of the high-level plan.

Improvements in the training such as pre-computing VPT embeddings and fine-tuning
only the policy head with using PyTorch Lightning contributed to faster and more efficient
training. Voggite achieved competitive performance in the MineRL BASALT Competi-
tion [136], significantly outperforming the VPT baseline, which demonstrated the benefits

of using options for execution of embodied tasks with long-term planning.
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Explaining the behaviour of experts and agents

CALVIN (Chapter 3) demonstrated an interpretable approach to learnable planning by
modelling transitions and learning reward functions to compute explicit reward and value
maps. SOAP (Chapter 4) and Voggite (Chapter 6) implemented skill segmentation to
separate low-level control from task-level plans. Options serve as a useful indicator that
distinguishes between different tasks and subtasks. LangProp (Chapter 5) presented the
most interpretable approach of all, representing policies as human-readable code that
can also be improved with data-driven learning. Experiments in autonomous driving
demonstrated that a known phenomenon called causal confusion when trained with IL can
be reproduced with LangProp. Causal confusion was directly diagnosable from the policy
that was learnt, even before running the experiments. This could enable faster iteration on
ideas and experiments with future work, and empower the field of data-driven explainable

Artificial Intelligence (Al).

Training embodied agents to perform complex tasks

This thesis touched upon the problems of robotic navigation (Chapter 3), autonomous
driving (Chapter 5), simulated control in Atari [16] and MuJoCo [222] (Chapter 4), and
game play in Minecraft (Chapter 6). Methods of learning such complex tasks from data
were also suggested. Although these are incomplete solutions, significant improvements to
baseline methods were demonstrated by applying techniques of differentiable planning,
optimising algorithmics policies with LLMs, hierarchical policies, and option discovery.
Learning long-term plans that go beyond reactive policies was a consistent challenge in
all the domains. The thesis suggested pathways that may lead to solving this challenge.

Details of such pathways are discussed as future work.
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7.2 Limitations and future work

7.2.1 CALVIN

While end-to-end differentiable planning is an attractive concept demonstrated in the VINs
that this work improves upon, several limitations hinder seamless scaling and deployment
to real-world problems. For instance, VINs as well as CALVINs assume the agent’s
pose, depth image and the camera parameters to be known. Integration with end-to-end
trainable localisation and mapping modules [157, 254] may be considered for future work.
A static environment was also assumed where observation embeddings can be aggregated
temporally. Extending the method to dynamic environments is non-trivial, since that
requires a learnable dynamic mapping system, out of scope for the Lattice PointNet (LPN)
approach. The temporally and policy-dependent dynamics of the environment must be
modelled as well for an accurate value propagation, which indicates that the VIN approach
is fundamentally limited to static environments. Other approaches, such as model-based
RL, in particular those on world models [75, 79, 190] may be better suited for modelling

such tasks.

A related limitation is that these methods operate in discrete predefined state and
action spaces. Extending Value Iteration (VI) to continuous state and action spaces is
challenging. Policy gradient and Actor-Critic methods typically solve such problems by
learning a policy function that maps continuous states to continuous actions. However,
value propagation can no longer be achieved by enumeration, so it is not possible to find and
execute an optimal policy zero-shot on novel environments using these methods. Learning
a near-optimal policy and an accurate value function with a high zero-shot capability
will require a large amount of training data. This makes it challenging for VIN-like
architectures to be deployed beyond a navigation setting, such as robot manipulation and

planning in higher dimensional spaces.
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In order to preserve the benefits of planning by enumeration while extending this
to continuous state and action spaces, Hierarchical Reinforcement Learning (HRL) may
be required, where low-level sub-policies that handle continuous control are orchestrated
by high-level policies that implement long-term plans. The Options Framework [214],
analysed in Chapter 4. is one method of achieving this. It may be possible to extend
techniques suggested in CALVIN to these settings.

Both VIN and CALVIN are trained only in an IL setting, where the optimal action
is explicitly labelled by an expert. While this is helpful in increasing sample efficiency,
it limits the scope of application since the optimal action is not always known in many
real-world problems. Furthermore, the agent loses the opportunity to learn from its failures.
To bridge this gap, an improved form of CALVIN was considered, which allowed training
both in IL and RL setups. While the results were not included in this work, preliminary
results showed that CALVIN could be extended easily to training in RL settings due to its
enhanced interpretability compared to VIN.

Finally, although neural networks hold promise for making navigation more robust
under uncertainty, their uninterpretable failure modes mean that they are not yet mature
enough for safety-critical applications, and more research to close this gap is still needed.
CALVIN is a more interpretable MDP structure for VINs, trained solely on safe offline
demonstrations. However, their reliability is far from guaranteed, and complementary
safety systems in hardware must be considered in any deployment. In addition to further
improving robustness to failures, future work may investigate more complex tasks involving

real-world deployment, and study the effect of sensor drift on navigation performance.

7.2.2 SOAP

SOAP demonstrated capabilities of learning options in a POMDP environment of corridors,

and showed equivalent performances to the baseline Proximal Policy Optimisation (PPO)
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agent in other environments. However, even in simple settings, it took the agent many
samples before a correct option assignment was learnt. Option discovery is a difficult
chicken and an egg problem, since options need to be assigned correctly in order for the
rewards to be obtained and passed onto the options, but without the rewards a correct
option assignment may not be learnt. Furthermore, learning to segment episodes into
options in an unsupervised way without any pre-training is an ill-defined problem, since
there could be many equally valid solutions. Combining the learning objective of SOAP
with methods such as curriculum learning to pre-train diverse sub-policies specialised to
different tasks may stabilise training.

In the current formulation of SOAP, the options are discrete variables, and are less
expressive compared to latent variables in recurrent policies and transformers. This greatly
reduces the memory capacity and could hinder learning in POMDP environments. Further
research in extending the derivations of SOAP to work with continuous or multi-discrete
variables as latents would be desirable, and may lead to making the method scalable to

more complex problems.

7.2.3 LangProp

While LangProp successfully harnessed the capability of LLMs to apply data-driven optimi-
sation techniques to code optimisation, LangProp may not be the most appropriate solution
for all problems - in fact, neural networks excel in working with continuous state-action
spaces and low-level control, whereas LL.Ms are better at handling high-level planning
and reasoning tasks. LangProp intends to propose an alternative learning paradigm that
allows LLMs to be used to learn high-level planning which has hitherto been a difficult
problem for other machine learning approaches (e.g. neural networks).

There are numerous future research directions that could improve the capability of

LangProp as a training framework, as well as give a better theoretical foundation, such as
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(a) chaining of modules with a full back-propagation algorithm, (b) improvements to the
evolutionary algorithm (e.g. priority mechanism), (c) a robust sampling mechanism for
failed examples upon updates, (d) incorporating human feedback in natural language during
policy updates, and (e) using LangProp with LLMs fine-tuned for code correction and
optimisation tasks. In particular, scaling this approach to larger repositories and complex
systems would require a multi-modular approach that can propagate useful learning signals

to subcomponents if there are multiple failure points in the system.

Applying LangProp to RL tasks has open questions in credit assignment and value
estimation. LangProp demonstrated improvements in RL policies written as code when
(a) the policy can be optimised on episodic returns with a Monte-Carlo method (e.g.
CartPole), or (b) there is immediate feedback from the environment (e.g. infractions in
CARLA). However, for complex tasks that have delayed rewards, it is necessary to have an
accurate value/advantage estimator for credit assignment. Since replacing a neural value
estimator with a code-based function is not feasible, it is most likely that a hybrid method
(having an interpretable code-based actor policy trained with LangProp that uses a value
function estimated by a neural network as a critic) would be a way to apply LangProp
to complex RL scenarios. However, this is also an open-ended question, which calls for

further exploration.

Having an LLM in the RL optimisation means that more useful signals could be
potentially harvested from the environment, rather than relying just on sparse scalar rewards
for updates. For instance, having descriptive feedback from the Gymnasium environment
on the failure modes of the agent, given either as a warning or natural language feedback,
can significantly accelerate the learning of the RL agent. This also allows a more seamless

integration of human-in-the-loop feedback.

Finally, more investigation is required in terms of the robustness and safety of

LLM-written applications. This is applicable to all systems that involve code genera-
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tion. While this framework iteratively improves the quality of the code and filters out
potential errors that make the final code policy less likely to contain errors, additional
safety mechanisms and firewalls are necessary during the training process, since the code
is evaluated based on execution, which could potentially be a source of attacks or risk. It

is worth emphasising the importance of additional safety precautions before deployment.

LangProp opens up new possibilities for data-driven code development. While
zero-shot applications of LLMs have enabled tools such as GitHub Copilot, some sug-
gestions are inaccurate or misaligned with the user’s intentions, whereas if there are data
or unit tests that the code needs to satisfy, the code suggestions can be made much more
accurate by first running evaluations on these test suites and choosing the best possible
suggestion that satisfies the requirements. Planning is one aspect of autonomous driving
that has not yet successfully adopted a data-driven approach, for good reasons, since neural
networks often struggle to produce generalisable high-level planning rules and are less
interpretable. Therefore, most methods currently in deployment have human-engineered
planning algorithms. The LangProp framework is insufficient to replace such systems
since it lacks the robustness that human-designed systems have to offer, and more research
needs to be done in this direction. This work is hoped to provide inspiration for future

research to make the framework more robust and safely deployable in the real world.

7.2.4 Voggite

The agent Voggite developed in this work is a prototype example of applying options to
task-solving in Minecraft. The work was limited in that there were only two options per
task, and the option switching trigger and distribution shifts in sub-policies were manually
hard-coded. Further work is required to (a) allow multiple options, (b) make sub-policies
fully learnable (in Voggite the sub-policies are manually manipulated from a fine-tuned

VPT policy), (c) make triggers observation-dependent as well as action-dependent, and
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(d) learn transitions between these multiple options. (a) and (b) are relatively straightfor-
ward implementations, since the option segmentation themselves could still be defined
task-by-task by a human expert by defining the triggers. Implementing (c) and (d) that
involve learning the triggers themselves are trickier, and may require integration of tech-
niques that were suggested in Chapter 4, as well as other pre-training and regularisation
techniques to constrain the learning problem. For instance, curriculum learning may be
employed to first learn and fine-tune low-level sub-policies, and which are then used as
initialisations to learn a task-specific policy that orchestrates these sub-policies and their

fine-tuning.

Prior work on learned task segmentation, such as TACO [199] is highly relevant.
TACO addressed and solved similar crafting and manipulation tasks which comprise mul-
tiple stages, by formulating the segmentation problem as a sequence alignment problem
between demonstration trajectories and an acyclic sequence of task descriptors called task
sketch. A sequence alignment strategy that extends Connectionist Temporal Classifica-
tion [68] is employed. While the work in Chapter 6 had a hard deadline for the NeurIPS
BASALT Competition [136], which constrained the scope of the work, comparing meth-
ods such as TACO against other temporal abstraction strategies (e.g. Proximal Policy
Optimisation via Expectation Maximisation (PPOEM) or SOAP) in the Minecraft setting

would be informative.

Related to Chapter 4, making options represent more information than just the stage
of a task execution is another challenge of extending Voggite beyond sequential tasks. For
instance, if options can be multi-categorical, it could be useful for planning out long-term
strategies on this discretised option-space. Information such as which objects are in the
inventory are innately multi-categorical, and planning to gather or craft a specific item in
the technology tree of the Minecraft universe requires the agent to be able to plan on this

technology tree, which are either learnt directly from experiences and trial-and-error, or
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could be obtained from natural language inputs or reading the documentation.

Planning in natural language space using multi-modal foundation models [233, 234,
259], as well as interfacing with natural language human inputs [127] or directly generating
executable code [230] are some promising research directions for learning a high-level
plan. Since Voggite was developed prior to these methods being released, the avenue
of using LLMs was not explored in this work. However, being able to take advantage
of the priors of the world is crucial for solving complex tasks in Minecraft without an
exponential amount of trial-and-error. LLMs are also a natural way for the agent to interact

with humans and achieve zero-shot task execution.



Appendix A

CALVIN embodied navigation with

comparisons

For a visual comparison of Collision Avoidance Long-term Value Iteration Network
(CALVIN), Value Iteration Network (VIN) and Gated Path Planning Network (GPPN),
rollouts are performed on a randomly generated maze using each of the algorithms,

assuming partial observability and embodied navigation.

A.1 Rollout of CALVIN

Figure A.1 shows an example of a trajectory taken by CALVIN at runtime, with corre-
sponding observation maps, predicted values and predicted rewards for taking the “done”
action. Similarly to Section 3.5.2, the agent manages to explore unvisited cells and back-
track upon a dead end until the target is discovered. One key difference is that now the
agent learns to predict rewards and values for every discretised orientation as well as the
discretised location. Upon closer inspection, it could be observed that the predicted values
are higher facing the direction of unexplored cells and towards the discovered target. Since
rotation is a relatively low-cost operation, in this training example, the network seems

to have learnt to assign high rewards to a particular orientation at unexplored cells, from

which high values propagate. Rewards and values averaged over orientations yield a more
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intuitive visualisation.

A.2 Rollout of VIN

A corresponding visualisation for VIN is shown in Figure A.2. Unlike CALVIN’s imple-
mentation of rewards (eq. 5 in sec. 4.1) as a function of discretised states and actions,
the “reward map” produced by the VIN does not offer a direct interpretation, as it is
shared across all actions as implemented by Tamar et al. [216], and is also shared across
all orientations in the case of embodied navigation. The values are also not well learnt,
with some of the higher values appearing in obstacle cells. The unexplored cells are not
assigned sufficiently high values to incentivise exploration by the agent. In this example,

the agent gets stuck and starts oscillating between two orientations after 57 steps.

A.3 Rollout of GPPN

Finally, a visualisation for GPPN is shown in Figure A.3. Unlike VIN and CALVIN, GPPN
does not have an explicit reward map predictor, but performs value propagation using an
Long Short-Term Memory (LSTM) before outputting a final Q-value prediction. Similarly
to Appendix A.2, the values predicted are not very interpretable, and do not incentivise
exploration or avoidance of dead ends. In this example, the agent keeps revisiting a dead

end that has already been explored in the first 20 steps.
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Figure A.1: Example rollout of embodied CALVIN after 30 steps (left column), 60 steps (middle
column) and 90 steps (right column). CALVIN successfully terminated at 91 steps. (first row)
Input visualisation: unexplored cells are dark, and the discovered target is yellow. The correct
trajectory is dashed, and the current one is solid. The orange triangle shows the position and the
orientation of the agent. (second row) Predicted rewards (higher values are brighter). The 3D
state-space (position/orientation) is shown, with rewards for the 8 orientations in a radial pattern
within each cell (position). Explored cells have low rewards, while unexplored cells and the
discovered target are assigned high rewards. (third row) Predicted rewards averaged over the 8
orientations. (fourth row) Predicted values following the same convention. Values are higher
facing the direction of unexplored cells and the target (if discovered). (fifth row) Predicted values
averaged over the 8 orientations.
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Figure A.2: Example rollout of embodied VIN after 20 steps (left column), 40 steps (middle
column) and 60 steps (right column). VIN kept oscillating between the same two states after 57
steps. The convention is the same as for Figure A.1, except that a single reward map is shared
across all orientations. (first row) Input visualisation. (second row) Predicted rewards. (third
row) Predicted rewards averaged over the 8 orientations. (fourth row) Predicted values.
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Figure A.3: Example rollout of embodied GPPN after 15 steps (left column), 30 steps (middle
column) and 45 steps (right column). GPPN revisits the same sequences of states leading to a dead
end after 45 steps. The convention is the same as for Figure A.1. (first row) Input visualisation.
(second row) Predicted rewards. (third row) Predicted rewards averaged over the 8 orientations.
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Benchmarking option-based

Reinforcement Learning agent

Table B.1: The returns of Reinforcement Learning (RL) agents after the maximum environment
training steps (100k for CartPole, 1M for LunarLander and MuJoCo, and 10M for Atari).

Environment PPO PPOC PPO-LSTM DAC PPOEM SOAP
Corridor L = 3 -0.04 0.76 0.99 0.90 0.99 0.99
Corridor L = 10 0.04 0.10 0.37 0.60 0.66 0.93
Corridor L = 20 0.00 0.13 0.00 0.34 0.13 0.78
CartPole 499.65 401.87 492.75 500.00 491.30 500.00
LunarLander 195.03  141.07 257.96 159.00 251.71 254.14
Asteroids 1806.14 1760.53 1463.03  2108.87 1985.70  1910.53
Beam Rider 3704.50  689.07 157499  2839.36  2691.09  3955.31
Breakout 376.19 4.64 257.57 355.97 51.02 345.68
Enduro 704.17 0.13 655.96 674.03 724.97 593.44
Ms Pacman 1825.40  434.17 1555.80  1806.40  1453.87  2046.87
Pong 20.74 -0.99 20.70 20.65 18.32 20.81
Qbert 12669.59  115.17 12282.50  8212.08  8940.83 11469.25
Road Runner 36247.13 5273.33 33507.00 32042.00 18886.00 29490.33
Seaquest 1539.73  317.80 1501.13  1198.33  1723.50 951.67
Space Invaders 845.73  378.90 756.27 840.63 844.00 1013.40
Ant 2258.28 53.10 987.01  1394.61 4930 1943.45
Half Cheetah 5398.50 4300.07 4478.37  4251.44 56.07 4962.48
Humanoid 1196.32  1169.26 1169.12  1212.80 275.03  1100.38
Reacher -4.87 -4.94 -5.04 -4.60 -5.54 -4.87
Swimmer 340.31 119.46 342.84 354.67 337.85 319.45

Walker 2960.18 1631.97 1071.81  1799.50 151790  3478.50




Appendix C

LangProp code generation and prompt

examples

C.1 Notes on training with LangProp

C.1.1 Choosing the priority discount factor

How the priorities of the policies are calculated has a large effect on the final performance
of the trained LangProp model. For a stationary training distribution (e.g. supervised
learning on a fixed offline dataset), whether one uses the immediate average score, a
running average, or an exponential average does not make a difference except that just
using the immediate average score results in a more stochastic result due to fewer numbers
of samples. If the computational resources and time are not constrained, one could increase
the batch size and just use the immediate average score. If these are constrained, one may
adopt a running average with smaller batch sizes. This works when the training distribution
is stationary and there are no other changing components other than the policy currently
training.

If the training distribution changes or the policy consists of multiple chained modules,
each with a learnable sub-policy, it is no longer possible to use a simple running average,

and either an objective score of a single large batch or an exponential averaging scheme
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must be used. The current implementation of LangProp does not support multiple chained
modules, but is a foreseeable and natural extension to the framework. Changes in the
training distribution are expected in DAgger or Reinforcement Learning (RL). For training
the LangProp agent in Section 5.5.2, a discount factor of v = 0 is used, effectively only
using the immediate average scores evaluated on a freshly sampled batch. This is because
forward passes through the LangProp driving policies are fast due to not having any
complex components so it is possible to use a large batch size. However, in applications
where forward passes are expensive and the batch size must be small, using exponential

averaging with a non-zero discount factor v is recommended.

C.1.2 Specifying the policy

One of the challenges in the early stages of the project was in specifying the inputs and out-
puts of the function. Most of the failures in learning a policy were due to misspecification
of the inputs, rather than a fundamental problem with the Large Language Model (LLM)
or with LangProp. For instance, it was crucial to specify the units of the input values, e.g.
m/s, which allowed the LLM to choose sensible values for some internal parameters. It
was also important to name input variables explicitly such that it is clear whether the coor-
dinates are given as absolute world coordinates or coordinates relative to the ego vehicle.
A useful property of LangProp is that because the LLM has some understanding of the
world from natural language, it can easily incorporate this knowledge when generating
the code, constraining the search space of feasible code. We can further guide the LLM
to generate policies with certain characteristics, e.g. having a larger safety margin, by
expressing preferences in the prompts. This adds to the benefits of the LangProp approach,

where it is easier to encourage policies to exhibit certain behaviours.



Appendix C. LangProp code generation and prompt examples 162

C.2 LangProp prompt definitions

LangProp as a framework can be used to optimize a diverse range of code optimization
problems. The functionality of the model is determined by the choices in the setup prompt,

the update prompt, and the dataset that the LangProp model is trained on.

C.2.1 Policy setup prompt examples

We provide simple examples of learning a Sudoku algorithm, and learning a policy that
plays CartPole-v1, a widely used reinforcement learning environment in [22], to show the
generality of the framework. The setup prompt should include the specification of the

function’s inputs and outputs and their types in the form of a docstring.

1 I am developing code to solve a sudoku puzzle. Please write a function which
— takes a numpy array of an unsolved sudoku puzzle and return a complete

— solution.

3 Here is the definition of the function.

6 Given a numpy array of non-negative integers as a starting condition of a
— sudoku puzzle, the function returns a complete solution, also as a numpy
— array.

7 The inputs to the function are the incomplete sudoku numpy array, the width
— of the sudoku, and the height of the sudoku. Note that the overall numpy
— array has a shape of (height x width, width x height).

8 For example, if we are solving a conventional 3x3 sudoku, the width is 3,

the height is 3, and the numpy array is 9x9. The constraint of a sudoku
puzzle is that, every row, every column, and every block of dimensions

(height, width) should contain unique values of 1 to height x width, one

where some of the values are filled, and other values which are unsolved

<
N

.

— each. The unfinished sudoku puzzle is given as a numpy array of integers
s

— are 0. The function returns a complete sudoku puzzle as an numpy array
<

of integers.
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9

10 Args:

11 — sudoku: np.ndarray # shape of (height x width, width x height)
12 - width: int

13 - height: int

14

15 Returns:

16 - solution: np.ndarray # shape of (height x width, width x height)

18

19

20 This is a template of the code.

21

22 “"Tpython

23 def {{ function_name }} (sudoku: np.ndarray, width: int, height: int) ->

— np.ndarray:

24 # Write code here
25 return solution
26 °°°

27

28 Please do the following:

29 Step 1. Describe step by step what the code should do in order to achieve
— its task.

30 Step 2. Provide a python code solution that implements your strategy,
— including all necessary import statements.

31

Listing C.1: Setup prompt template to learn an algorithm to solve generalized Sudoku

1 I am developing code to solve CartPole. Please write a function which takes
— the position and velocity of the cart, and the angle and angular

— velocity of the pole, and return the action that the policy should take.

3 Here is the definition of the function.
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6 Given the position and velocity of the cart, and the angle and angular
— velocity of the pole, return the action that the policy should take to

— Dbalance the pole on the cart.

7

8 Args:

9 - cart_position: float # range of -4.8 to 4.8 [m]

10 — cart_velocity: float # range of -inf to +inf [m/s]

11 - pole_angle: float # range of -0.418 to 0.418 [radian]

12 - pole_angular_velocity: float # range of -inf to +inf [radian/s]

13

14 Returns:

15 - action: int # 0 1f the cart should be pushed to the left (negative
< direction), 1 if it should be pushed to the right (positive
< direction)

16 °°°

17

18

19 This is a template of the code.

20

21 “""python

22 def {{ function_name }} (cart_position, cart_velocity, pole_angle,

— pole_angular_velocity) —-> int:

23 # Write code here
24 return action

25 °°°

26

27 Please do the following:

28 Step 1. Describe step by step what the code should do in order to achieve
— its task.

29 Step 2. Provide a python code solution that implements your strategy,
— including all necessary import statements.

30

Listing C.2: Setup prompt template to learn an agent policy to play CartPole



Appendix C. LangProp code generation and prompt examples 165

C.2.2 Policy update prompt example

The prompt used to update the policy contains the same information as the setup prompt,
but in addition, has example inputs and outputs where the code had failed to produce a
valid prediction. If there was an exception or printed messages during the execution of the
code, this will also be provided as feedback. The LLM is asked to identify the source of

the sub-optimal performance and rewrite the code to achieve a higher score.

1 I am developing code to solve a sudoku puzzle. Please write a function which
— takes a numpy array of an unsolved sudoku puzzle and return a complete

— solution.

3 Here is the definition of the function.

6 Given a numpy array of non-negative integers as a starting condition of a
— sudoku puzzle, the function returns a complete solution, also as a numpy
— array.

7 The inputs to the function are the incomplete sudoku numpy array, the width
— of the sudoku, and the height of the sudoku.

8 Note that the overall numpy array has a shape of (height x width, width x
— height) .

9 For example, if we are solving a conventional 3x3 sudoku, the width is 3,
— the height is 3, and the numpy array is 9x9.

10 The constraint of a sudoku puzzle is that, every row, every column, and
— every block of dimensions (height, width) should contain unique values
— of 1 to height x width, one each.

11 The unfinished sudoku puzzle is given as a numpy array of integers where
— some of the values are filled, and other values which are unsolved are
— 0.

12 The function returns a complete sudoku puzzle as an numpy array of integers.

14 Args:
15 - sudoku: np.ndarray # shape of (height x width, width x height)
16 - width: int

17 - height: int
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18
19 Returns:

20 — solution: np.ndarray # shape of (height x width, width x height)

22

23

24 Here is an example code that I have written. However, it is not working as
— expected.

25

26 ~""python

27 {{ code }}

28 °°°

29

30 I executed the code, and got an accuracy of {{ int (avg_score * 100) }}%.

31

32 S$begin

33 if printed:

34 print ("There was a print message saying: {{ printed }}")

35 1f exception:

36 print ("""The code failed to run because there was an exception. The

— exception message was as follows: {{ exception }}""")

37 print ("Resolving this exception is the top priority.")

38 else:

39 if {{ same_outputs }}:

40 print ("""It also seems that the code produces the same output of
— "7 {{ outputs }} °° for all inputs, which is not the behaviour

— we want.""")
41
42 print ("""
43
44 The code produced incorrect results for the following inputs. The
— prediction, ground truth label and score were as follows.
45

46 Inputs: sudoku = {{ args[0] }}, width = {{ args([l] }}, height = {{ args[2]

— 1}
47 Incorrect prediction: solution = {{ outputs }}""")
48 if {{ label is not None }}:

49 print ("""Ground truth label: solution = {{ label[O0] }}""")
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50 print ("Score: {{ int (score * 100) }}s%")

51 $end

52

53 $begin

54 if feedback:

55 print (""" {{ feedback }}""")

56 $end

57

58 Please do the following:

59

60 Sbegin

61 if exception:

62 print ("Step 1. Look at the error message carefully and identify the
<— reason why the code failed, and how it can be corrected.")

63 else:

64 print ("Step 1. Given the example input and output, identify the reason
— why the code made a wrong prediction, and how it can be corrected to
— achieve a good score.")

65 Send

66

67 Step 2. Describe step by step what the code should do in order to achieve

— its task.
68 Step 3. Please rewrite the python function “{{ function_name }}° to achieve
— a higher score, including all necessary import statements.

69

Listing C.3: Update prompt template to learn an algorithm to solve generalized Sudoku

1 I am developing code to solve CartPole. Please write a function which takes
— the position and velocity of the cart, and the angle and angular

— velocity of the pole, and return the action that the policy should take.

3 Here is the definition of the function.
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10
11

13
14

16

18
19

20
21
22
23
24
25

26
27
28
29
30

31

32
33

34

Given the position and velocity of the cart,

and the angle and angular

— velocity of the pole, return the action that the policy should take to

— Dbalance the pole on the cart.

Args:
- cart_position: float # range of -4.8 to 4.8 [m]
— cart_velocity: float # range of -inf to +inf [m/s]
- pole_angle: float # range of -0.418 to 0.418 [radian]
- pole_angular_velocity: float # range of —-inf to +inf [radian/s]
Returns:
- action: int # 0 1f the cart should be pushed to the left (negative
< direction), 1 if it should be pushed to the right (positive
< direction)
Here is an example code that I have written. However, it is not working as

— expected.
T Tpython

{{ code }}

I executed the code, but the performance was not very high.

— {{ int (avg_score) }} where a good score is 500.

$Sbegin

if printed:

print ("There was a print message saying:

if exception:

print ("""The code failed to run because there was an exception.

— exception message was as follows:

{{ printed }}"

print ("Resolving this exception is the top priority.")

else:

if {{ same_outputs }}:

I got a score of

)

{{ exception }}""")

The
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35 print ("It also seems that the code produces the same output of ~~7{{

— outputs }} for all inputs, which is not the behaviour we
— want.")

36 $Send

37

38 Sbegin

39 if feedback:

40 print ("""{{ feedback }}I""")

41 Send

42

43 Please do the following:

44

45 Sbegin

46 if exception:

47 print ("Step 1. Look at the error message carefully and identify the
— reason why the code failed, and how it can be corrected.")

48 else:

49 print ("Step 1. Given the example input and output, identify the reason
— why the code made a wrong prediction, and how it can be corrected to
— achieve a good score.")

50 $end

51

52 Step 2. Describe step by step what the code should do in order to achieve

— its task.
53 Step 3. Please rewrite the python function “{{ function_name }}~ to achieve
— a higher score, including all necessary import statements.

54

Listing C.4: Update prompt template to learn an agent policy to play CartPole

C.2.3 Policy definition for the LangProp driving agent in CARLA

The driving policy is given the location, orientation, speed, length, and width of the ego
vehicle, other vehicles and pedestrians in the scene, the distances to the next red traffic

light and stop sign, and the target waypoint (4 m ahead, used by other baseline experts),
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all in absolute world coordinates.

]

2 Args:

10

11

12

13

15
16

scene_info: dict

Contains the following information:

{

"ego_location_world_coord": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of the center location of
< the ego vehicle in world coordinates given in [m]
"ego_target_location_world_coord": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of the target location of
— the ego vehicle in world coordinates given in [m]
"ego_orientation_unit_vector": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of unit vector orientation
— of the ego vehicle in world coordinates. The vehicle moves
— 1In the direction of the orientation.
"ego_forward_speed": float, # the speed of
<~ the ego vehicle given in [m/s].
"ego_length": float, # length of the
— ego vehicle in the orientation direction, given in [m/s].
"ego_width": float, # width of the
— ego vehicle perpendicular to the orientation direction,
— given in [m].
"distance_to_red_light": Union[float, None], # distance to
— red light given in [m]. None 1if no traffic lights are
— affecting the ego vehicle
"distance_to_stop_sign": Union[float, None], # distance to
— stop sign given in [m]. None 1if no stop signs are affecting
< the ego vehicle
"vehicles": { # dictionary of nearby
— vehicles
<vehicle_id: int>: {
"location world coord": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of the center
— Jlocation of vehicle <vehicle_ id> in world

— coordinates given in [m]



Appendix C. LangProp code generation and prompt examples 171

17

19

20

21
22

23

24
25

26

27

28

29

30
31

b
b,

"orientation_unit_vector": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of unit vector

— orientation of vehicle <vehicle id> in world

— coordinates. The vehicle moves in the direction of
— the orientation.

"forward_speed": float, # speed of

<~ vehicle <vehicle id> given in [m/s].
"forward_length": float, # length of the
— vehicle <vehicle id> along the orientation direction,
— given in [m].

"sideways_width": float, # width of the
— vehicle <vehicle id> perpendicular to the

— orientation direction, given in [m].

"pedestrians": { # dictionary of nearby

— pedestrians

<pedestrian_id: int>: {

b,

"location_world_coord": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of the center

— location of pedestrian <pedestrian_id> in world

— coordinates given in [m]

"orientation_unit_vector": np.ndarray, # numpy array of
— shape (2,) which contains (x, y) of unit vector

— orientation of pedestrian <pedestrian_id> in world
— coordinates. The vehicle moves in the direction of
— the orientation.

"forward_speed": float, # speed of

— pedestrian <pedestrian_id> relative to the

— orientation given in [m/s].

"forward_length": float, # length of the
— pedestrian <pedestrian_id> along the orientation

— direction, given in [m].

"sideways_width": float, # width of the
— pedestrian <pedestrian_id> perpendicular to the

— orientation direction, given in [m].
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32 }

33

34 Returns:

35 — speed_level: str # Choose from ("MOVE", "SLOW", "STOP").

36 - turn_angle: float # Predicted turn angle of the ego vehicle to

— reach the target waypoint in [degrees]. The range should be between

— —180 to 180 degrees

n [

Listing C.5: Docstring given as part of the setup prompt for the LangProp agent

C.3 Code generation examples

C.3.1 Solutions for Sudoku

Incorrect solution generated zero-shot

1 import numpy as np
2

3 def find_empty (sudoku):

4 for i in range(len(sudoku)) :

5 for j in range(len(sudoku[0])):

6 if sudoku[i][j] == O:

7 return (i, 3) # row, col
8 return None

9

10 def is_valid(sudoku, num, pos):

11 # Check row

12 for i in range(len(sudoku[0])):

13 if sudokul[pos[0]][i] == num and pos[l] != i:
14 return False

15

16 # Check column

17 for i in range(len(sudoku)) :
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18 if sudokul[i][pos[1l]] == num and pos[0] != i:
19 return False

20

21 # Check 3x3 box

22 box_x = pos[1l] // 3

23 box_y = pos[0] // 3

24

25 for i in range(box_y=*3, box_y*3 + 3):

26 for j in range(box_x * 3, box_x*3 + 3):

27 if sudoku[i][j] == num and (i, Jj) !'= pos:
28 return False

29

30 return True

31

32

33 def solve_sudoku(sudoku: np.ndarray, width: int, height: int) —-> np.ndarray:

34 find = find_empty (sudoku)

35 if not find:

36 return sudoku

37 else:

38 row, col = find

39

40 for i in range(l, widthxheight + 1):

41 if is_valid(sudoku, i, (row, col)):
42 sudoku[row] [col]l = 1

43

44 if solve_sudoku(sudoku, width, height) is not None:
45 return sudoku

46

47 sudoku[row] [col] = 0

48

49 return None

Listing C.6: Example code to solve Sudoku generated zero-shot before LangProp optimization.
The code is instructed to solve a general Sudoku with subgrids of size H x W, but confuses it with

the standard 3 x 3 Sudoku.
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Correct solution after applying LangProp

1 import numpy as np

2
3
4

21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

def

def

def

find_empty (sudoku) :
for i in range(len(sudoku)):
for j in range(len(sudoku[0])):
if sudokulil[]j] ==
return (i, 3) # row, col

return None

is_valid(sudoku, num, pos):
# Check row
for i in range(len(sudoku[0])):
if sudokul[pos[0]][i] == num and pos[l] != i:

return False

# Check column
for i in range(len(sudoku)):
if sudokul[i][pos[1l]] == num and pos[0] != i:

return False

# Check 3x3 box
pos[1l] // 3
pos[0] // 3

box_x

box_vy

for i in range(box_y=*3, box_y*3 + 3):
for j in range(box_x * 3, box_x*3 + 3):
if sudokul[i]l[]j] == num and (i, j) != pos:

return False

return True

solve_sudoku (sudoku: np.ndarray, width: int, height:

find = find_empty (sudoku)

if not find:

—> np.ndarray:
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36 return sudoku

37 else:

38 row, col = find

39

40 for i in range(l, widthxheight + 1):

41 if is_valid(sudoku, i, (row, col)):
42 sudoku[row] [col] = i

43

44 if solve_sudoku(sudoku, width, height) is not None:
45 return sudoku

46

47 sudoku[row] [col] = 0

48

49 return None

Listing C.7: Example code to solve Sudoku after LangProp optimization. The code outputs a

correct solution.

C.3.2 Solutions for CartPole

Incorrect solution generated zero-shot

1 import numpy as np
2
3 def solve_cartpole(cart_position, cart_velocity, pole_angle,

— pole_angular_velocity) —-> int:

4
5 # Set the threshold for the pole angle

6 threshold_angle = 0.1

7

8 # Check the angle of the pole

9 if np.abs(pole_angle) < threshold_angle:

10 # If the angle is small enough, take no action
11 action = 0

12 else:
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13

15
16

18
19
20

21

# If the angle is too large, push the cart in the direction of the

— pole

if pole_angle > 0:
# Push the cart to the right
action =1

else:
# Push the cart to the left

action = 0

return action

Listing C.8: Example policy to solve CartPole generated zero-shot before LangProp optimization.

The overly simplistic policy achieves a mean score of 9.9 out of 500.

Correct solution after applying LangProp

1 import numpy as np

2
3

def solve_cartpole(cart_position: float, cart_velocity:

(SN

float, pole_angular_velocity: float) -> int:

# Define the constants for the PD controller

kp_pole = 0.5

kd_pole = 0.1
kp_cart = 0.2
kd_cart = 0.05

# Compute error signals and their derivatives
pole_error = pole_angle

pole_error_derivative = pole_angular_velocity

cart_error = cart_position

cart_error_derivative = cart_velocity

float, pole_angle:

# Compute the control signals for the pole and cart using PD controllers
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20 pole_control_signal = kp_pole * pole_error + kd_pole =*
— pole_error_derivative
21 cart_control_signal = kp_cart * cart_error + kd_cart =

< cart_error_derivative

22

23 # Combine the control signals to get the final action
24 if pole_control_signal < —cart_control_signal:

25 action = 0

26 elif pole_control_signal > cart_control_signal:

27 action =1

28 else:

29 action =1

30

31 return action

Listing C.9: Example policy to solve CartPole after LangProp optimization. The policy learns a

PID controller and achieves a mean score of 500 out of 500.

C.3.3 Driving code generated by LangProp

We show an example driving policy generated using LangProp, trained with both imitation
learning and reinforcement learning, as described in Section 5.5.2. Please refer to the
open-sourced code repository (Section 5.6) for the full prompts and code used to train the

policy, and pre-trained checkpoints for each training setting used in the evaluation.

1 import numpy as np

2 from typing import List, Tuple, Union, Dict

3

4 def predict_speed_and_steering(scene_info: Dict, stopping_time_margin=2.0,

5 reaction_time=1.0, stopping_speed=0.1,
— slow_speed=2.5, safety_margin=2.0) ->
— Tuplel[str, float]:

6 wnn

7 Given the state of the scene, find the required speed level and turn

— angle of the ego vehicle.
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8
9 Args:
10 scene_info (dict): Contains information about the scene.
11 stopping_time_margin (float): Time margin to determine when to stop
— 1n seconds [default: 2.0]
12 reaction_time (float): Time taken to react to external events in
< seconds [default: 1.0]
13 stopping_speed (float): Minimum speed below which the vehicle should
— stop in m/s [default: 0.1]
14 slow_speed (float): Speed at which the vehicle should slow down in
< m/s [default: 2.5]
15 safety_margin (float): Safety margin in meters between the vehicle
— and other objects [default: 2.0]
16
17 Returns:
18 (str, float): A tuple containing the required speed level and turn
— angle of the ego vehicle.
19 The speed level can be "MOVE", "SLOW", or "STOP". The
<~ turn angle should be a float between -180 to 180
— degrees.
20 e
21 # Step 1: Given the input dictionary, extract all the relevant
— parameters.
22 ego_location = np.array(scene_info['ego_location_world coord'])
23 ego_target_location =
— np.array(scene_info['ego_target_location_world_coord'])
24 ego_orientation = np.array(scene_info['ego_orientation_unit_vector'])
25 ego_forward_speed = scene_infol['ego forward speed']
26 ego_length = scene_info['ego_length'] + safety_margin
27 ego_width = scene_info['ego_width'] + safety_margin
28 vehicles = scene_info['vehicles']
29 pedestrians = scene_infol['pedestrians']
30 distance_to_stop_sign = scene_info['distance_to_stop_sign']
31 distance_to_red_light = scene_info['distance_ to_red_ light']
32
33 # Step 2: Convert all coordinates for vehicles and pedestrians to

— relative coordinates in terms of the ego vehicle orientation.

34 vehicles_rel = {}
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35 for k, v in vehicles.items():

36 location = np.array(v['location _world_coord']) — ego_location

37 orientation = np.array(v['orientation_unit_vector'])

38 speed = v['forward_speed']

39 length = v['forward length'] + v['sideways_width'] + safety_margin
40 width = v['sideways_width'] + safety_margin

41 location_rel = np.dot(location, ego_orientation),

— np.abs(np.dot ([-ego_orientation[1l], ego_orientation[0]],
— location))
42 if location_rel[0] > O:
43 vehicles_rell[k] = {'location_rel': location_rel, 'speed': speed,

— 'length': length, 'width': width}

44
45 pedestrians_rel = {}
46 for k, v in pedestrians.items():
47 location = np.array(v['location_world_coord']) - ego_location
48 orientation = np.array(v['orientation_unit_vector'])
49 speed = v['forward speed']
50 length = v['forward length'] + safety_margin
51 width = v['sideways_width'] + safety_margin
52 location_rel = np.dot(location, ego_orientation),
— np.abs(np.dot ([-ego_orientation[l], ego_orientation[0]],
— location))
53 if location_rel[0] > O:
54 pedestrians_rell[k] = {'location rel': location_rel, 'speed':
— speed, 'length': length, 'width': width}
55
56 # Step 3: Compute the Euclidean distance from the ego location to the
— target location.
57 distance_to_target = np.linalg.norm(ego_target_location - ego_location)
58
59 # Step 4: Calculate the threshold stopping distance and threshold slow
— distance based on the current speed.
60 if ego_forward_speed < stopping_speed:
61 stopping_distance = safety_margin
62 slow_distance = ego_length / 2

63 else:
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64 stopping_distance = ((ego_forward_speed - stopping_speed) =** 2) / (2
— % 0.7) + safety_margin + ego_length / 2
65 slow_distance = ((ego_forward_speed — slow_speed) #** 2) / (2 * 0.7)

— + safety_margin + ego_length / 2

66

67 # Step 5: Check if there is a stop sign and the distance is smaller than
— the stopping distance. If yes, initiate a stop action if the speed
— 1s greater than the stopping speed.

68 if distance_to_stop_sign is not None and distance_to_stop_sign <
— stopping_distance:

69 if ego_forward_speed <= stopping_speed:

70 speed_level = "MOVE"

71 else:

72 stopping_speed_current = max(distance_to_stop_sign / 2,

— stopping_speed)

73 if ego_forward_speed > stopping_speed_current:

74 ego_forward_speed = stopping_speed_current

75 speed_level = "STOP"

76 else:

71 speed_level = "MOVE"

78

79 # Step 6: Check if there is a red light and the distance is smaller than
— the stopping distance. If yes, initiate a stop action.

80 elif distance_to_red_light is not None and distance_to_red_light <
— stopping_distance:

81 speed_level = "STOP"

82

83 # Step 7: Check for vehicles and pedestrians that may cause collision
— course, and decide whether to STOP, SLOW or MOVE the ego vehicle.

84 else:

85 collision_vehicle = False

86 collision_pedestrian = False

87 min_longitudinal_distance = stopping_distance

88 min_lateral_distance = float('inf')

89 for k, v in vehicles_rel.items () :

90 location_rel = v['location_rel']

91 speed = v['speed']

92 length = v['length']
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93

94

95
96
97

98
99
100
101
102

103

104

105
106

107

108
109
110
111
112
113
114

115
116

117

118
119
120
121

for

width = v['width']
longitudinal_distance = location_rel[0] - v['length'] / 2 -

< ego_length / 2

# check if there is a collision course with the ego vehicle
if np.abs(location_rel[l]) <= width / 2 + ego_width / 2 and
— longitudinal_distance <= stopping_distance:
collision_vehicle = True
if longitudinal_distance <= 0:
speed_level = "STOP"
break
# check if the vehicle is within safety margin
if longitudinal_distance < stopping_distance and
<~ np.abs(location_rel[l]) <= width / 2 + ego_width / 2:
if np.abs(speed - ego_forward_speed) < 0.5 and speed <=
— ego_forward_speed:
continue
min_longitudinal_distance = min(longitudinal_distance -
— v['length']l] / 2 - ego_length / 2,
— min_longitudinal_distance)
min_lateral_distance = np.minimum(width / 2 + ego_width / 2 -

— np.abs(location_rel[l]), min_lateral_distance)

k, v in pedestrians_rel.items():

location_rel = v['location_rel']

speed = v['speed']

length = v['length']

width = v['width']

longitudinal_distance = location_rel[0] - length / 2 -

— ego_length / 2

# check if there is a collision course with the ego vehicle
if np.abs(location_rel[l]) <= width / 2 + ego_width / 2 and
— longitudinal_distance <= stopping_distance:
collision_pedestrian = True
if longitudinal_distance <= 0:
speed_level = "STOP"

break
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122

123

124

125

126

127

128

129

130

131
132

133

134

135
136

137

138
139

140
141
142
143

144

# check if the pedestrian is within safety margin
if longitudinal_distance < stopping_distance and
— np.abs(location_rel[l]) <= width / 2 + ego_width / 2:
if np.abs(speed - ego_forward_speed) < 0.5 and speed <=
— ego_forward_speed:
continue
min_longitudinal_distance = min(longitudinal_distance -
— length / 2 - ego_length / 2, min_longitudinal_distance)
min_lateral_distance = np.minimum(width / 2 + ego_width / 2 -

— np.abs(location_rel[1l]), min_lateral_distance)

# Step 8: Initiate a stop action if the ego vehicle is about to
— collide with a nearby vehicle or pedestrian.
if collision_vehicle or collision_pedestrian or
— min_longitudinal_distance <= safety_margin/2 or
— min_lateral_distance <= safety_margin/2:
speed_level = "STOP"
ego_forward_speed = 0
# Step 9: Initiate a slow action if the vehicles or pedestrian
— within the safe stopping distance margin.
elif min_longitudinal_distance <= slow_distance and
— min_longitudinal_distance >= stopping_distance and
— min_lateral_distance <= ego_width:
speed_level = "SLOW"
if np.abs(min_lateral_distance) > 0 and
— np.abs(min_lateral_distance - ego_width) > O0:
speed_factor = (min_longitudinal_distance -
< stopping_distance) / (slow_distance -
— stopping_distance/2)
speed_factor = min(max (0.0, speed_factor), 1.0)
ego_forward_speed = slow_speed * speed_factor +
— ego_forward_speed * (1 - speed_factor)
# Step 10: Initiate a move action if no obstacles are present
else:
speed_level = "MOVE"

ego_forward_speed = min(ego_forward_speed + 0.2, 6.0)
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145

146

147

148

149

150

151

152
153

# Step 11: Compute the angle between the ego vehicle orientation and the
— vector pointing to the target in world coordinates.

target_direction = ego_target_location — ego_location
target_direction_ego = np.dot(target_direction, ego_orientation),

— np.dot([-ego_orientation[l], ego_orientation[0]], target_direction)

# Step 12: Rotate the vector to the coordinate system of the ego vehicle
— and return the angle.

target_angle = np.arctan2(target_direction_ego[l],

— target_direction_ego[0]) * 180.0 / np.pi if

— np.linalg.norm(target_direction_ego) > 0 else 0.0

target_angle = ((target_angle + 180) % 360) - 180

return speed_level, target_angle

Listing C.10: Example driving policy generated by LangProp, trained with both imitation learning

and reinforcement learning.
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Clustering the Minecraft inventories

In the MineRL BASALT Competition 2022 [136], only the RGB observation was given as
input to the agent. Hence, Invariant Information Clustering (IIC) [104] was conducted in
image space in Section 6.3.2. However, at the start of this project, the specifications of
the 2022 competition were not yet available. Since the MineRL BASALT Competition
2021 [195] provided the inventory information in the observation as a vector, this was used
instead for IIC clustering early on in this project. An example expert demonstration for the

Obtain Diamond task is shown in Figure D.2, along with the breakdown of the inventory

Figure D.1: Transition matrix of IIC clusters. If there exists a transition from one cluster to the other,
the corresponding cell in the adjacency matrix is coloured in white. (left) Transition within a single
expert demonstration of the Obtain Diamond task, with 30 IIC clusters. (right) All transitions that
appear in 122 expert demonstration trajectories of the Obtain Diamond task, with 128 IIC clusters.
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and the learnt IIC cluster assignments. Transitions between the learnt clusters are shown

in Figure D.1.
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Figure D.2: Expert demonstration for the Obtain Diamond task. The RGB observations are shown
at the top. Next, a coloured strip indicates an IIC cluster assignment for 128 clusters. The next
row is a visual encoding of the action taken per frame (in the order of: “right”, “forward”, “left”,
“back”, “jump”, “sprint”, “attack”, “sneak”). The following rows show the number of items in the
inventory for every item relevant to the Obtain Diamond task. The amount of each item is shown in
a progress bar style. A blue strip beneath If the item is being used with a “use” action. Finally, a
coloured strip at the bottom indicates an IIC cluster assignment for 30 clusters. [Spans multiple
pages]
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[Continued] Expert demonstration for the Obtain Diamond task. The RGB observations are shown
at the top. Next, a coloured strip indicates an IIC cluster assignment for 128 clusters. The next
row is a visual encoding of the action taken per frame (in the order of: “right”, “forward”, “left”,
“back”, “jump”, “sprint”, “attack”, “sneak”). The following rows show the number of items in the
inventory for every item relevant to the Obtain Diamond task. The amount of each item is shown in
a progress bar style. A blue strip beneath If the item is being used with a “use” action. Finally, a

coloured strip at the bottom indicates an IIC cluster assignment for 30 clusters.
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