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Summary

Intelligence is usually understood as the ability to make decisions, based on
perception, in order to achieve objectives. In other words, intelligence is about
perceiving and abstracting past information about the world for then acting on
its future execution. This thesis focuses on reinforcement learning in partially
observable Markov decision processes for learning intelligent behaviors through
interaction. In particular, this manuscript explores and emphasizes the interplay
between perception, representations, memory, predictions and decisions. After
introducing the theoretical foundations, the core contributions of the thesis are
presented across three thematic parts.

The first part, “Learning and Remembering,” investigates how learning intelli-
gent behaviors improves memory and vice versa. To begin with, it studies how
learning to act optimally results in representations of the perception history that
encode the posterior distribution over the states, known as the belief. Next, it
studies how long-term memory improves the ability to learn intelligent behav-
iors, by designing an initialization procedure for recurrent neural networks that
endows them with long-term memorization abilities.

The second part, “Leveraging Additional Information,” explores how additional
information about the world can be used to learn intelligent behaviors faster
than when learning from perception only. It starts by empirically showing that
world models predicting this additional information provide better history rep-
resentations and faster learning. Then, it provides a theoretical justification for
the improved convergence speed of a particular algorithm that leverages this
information, namely the asymmetric actor-critic algorithm.

The third part, “Entangling Predictions and Decisions,” proposes several ar-
chitectural innovations for obtaining world models that efficiently generate tra-
jectories. First, it develops new sequence models that parallelize autoregressive
generation, while being implicitly recurrent to allow resuming generation. After-
wards, it elaborates on their use as new world models that are able to generate
trajectories in parallel through specific latent policies.

Finally, this thesis concludes by summarizing how learning adequate representa-
tions of the perception history is paramount to learning to make decisions under
partial observability. In the perspective of developing general intelligence, this
thesis also motivates the shift from specialized abstractions to generalizable ab-
stractions extending across diverse environments.






Contributions

This thesis is organized around the following papers.

o Part I. Learning and Remembering.

— Chapter 3. Learning for Remembering.

Gaspard Lambrechts, Adrien Bolland, and Damien Ernst. Recurrent
Networks, Hidden States and Beliefs in Partially Observable Envi-
ronments. Transactions on Machine Learning Research, 2022.

— Chapter 4. Remembering for Learning.

Gaspard Lambrechts, Florent De Geeter, Nicolas Vecoven, Damien
Ernst, and Guillaume Drion. Warming Up Recurrent Neural Net-
works to Maximise Reachable Multistability Greatly Improves Learn-
ing. Neural Networks, 2023.

e Part II. Leveraging Additional Information.

— Chapter 5. Remembering by Predicting Additional Information.
Gaspard Lambrechts, Adrien Bolland, and Damien Ernst. Informed
POMDP: Leveraging Additional Information in Model-Based RL.
Reinforcement Learning Journal, 2024a.

— Chapter 6. Learning Faster with Additional Information.

Gaspard Lambrechts, Damien Ernst, and Aditya Mahajan. A Theo-
retical Justification for Asymmetric Actor-Critic Algorithms. Inter-
national Conference on Machine Learning, 2025.

o Part III. Entangling Predictions and Decisions.

— Chapter 7. Rolling the Dice First.

Gaspard Lambrechts, Yann Claes, Pierre Geurts, and Damien Ernst.
Parallelizing Autoregressive Generation with Variational State Space
Models. ICML Workshop on the Next Generation of Sequence Mod-
eling Architectures, 2024b.

These additional papers are not discussed in this thesis.
— Adrien Bolland, Gaspard Lambrechts, and Damien Ernst. Behind the
Myth of Exploration in Policy Gradients. arXiv:2402.00162, 2024a.

— Arthur Louette, Gaspard Lambrechts, Damien Ernst, Eric Pirard, and
Godefroid Dislaire. Reinforcement Learning to Improve Delta Robot Throws
for Sorting Scrap Metal. arXiv:2406.13453, 2024.

— Adrien Bolland, Gaspard Lambrechts, and Damien Ernst. Off-Policy Max-
imum Entropy RL with Future State and Action Visitation Measures.
arXiv:2412.06655, 2024b.

vii






Acknowledgments

First, I would like to thank my advisor, Damien Ernst, for his supervision, but
also for encouraging independence, for the opportunities he provided, and for
teaching me his rigorous approach to writing. I also thank Guillaume Drion
for the numerous interesting discussions that we had. Finally, I am grateful to
Aditya Mahajan for welcoming me to McGill University in Montréal, and for all
the things he taught me. Obviously, I thank the jury for their careful reading
of the thesis and for their interesting feedbacks. I also gratefully acknowledge
the financial support of the FNRS for my FRIA grant.

Next, I would like to thank my most faithful coauteur, Adrien Bolland, who
has contributed significantly to this thesis, from whom I learned a lot, and with
whom I had a lot of interesting research discussions.

I am grateful to Pierre Geurts, Louis Wehenkel and Gilles Louppe for the fas-
cinating courses they teach at the University of Liege. Along with Raphaél
Fonteneau and Van Anh Huynh-Thu, I appreciate their approachability and
the enjoyable discussions we had during lunch breaks.

I would also like to thank all my other coauthors: Florent De Geeter, Nicolas
Vecoven, Arthur Louette and Yann Claes.

In particular, I would like to thank Yann Claes for sharing my office during
these four years, and for the great atmosphere in the legendary 1.106 office of
the Montefiore Institute. I would also like to thank my colleagues Pascal Leroy
and Matthias Pirlet from the office across the hall, for all the coffee breaks and
the good vibes. This journey would have been very different without them.

I would like to thank my old friend Victor Dachet for his good mood and presence
throughout my thesis and beyond, Louis Dupont for the moments we spent
together playing board games or bouldering, and my friend David Martin for
all the nice discussions we had about research and other topics.

I also want to thank the other colleagues present at our breaks, in particular
Renaud Vandeghen and Adrien De Voeght. I would like to extend my thanks to
my former colleagues Arnaud Delaunoy, Antoine Dubois and Antoine Wehenkel,
who also contributed to the great times at the office. Finally, I thank all the
reinforcement learners for the nice research discussions, which includes Maurizio
Vassallo, Samy Mokeddem, Laurie Boveroux and Daniel Ebi.

I would then like to thank all the other people from Montefiore who makes it
so special to work in this great atmosphere, especially the researchers that we

ix



usually see at the aquarium, and all the people from the smart grid lab.

For all the great times we spent together over the last few years, I would like
to thank my friends Marie Crutzen and Anouck Petit, but also my old friends
Clara Mativa, Clara Troquet and Sarah Salpetier.

I also want to thank my old flatmates Boris Martin and Bastien Ewbank, for
the nice evenings we shared for a couple of years.

I also thank the technical staff of Montefiore, in particular Denis Bourguignon,
Eric Vangenechten, Sophie Cimino, Patricia Potier and Khadija Nid-Lhint.

Finally, I would like to thank my family for their support and for all the good
things that they inspire me. I would especially like to thank my parents, sisters,
and grandparents for all the love they have given me, for having always pushed
me to cultivate my curiosity, and for always being interested.

And most of all, I thank Elif Sakalihasan for her love and support, day in, day
out. While I was “learning to remember the past by learning to predict the
future,” she took care of reminding me to also enjoy the present moment. I am
thankful to her for accompanying me and for her constant attention throughout
this thesis, which I dedicate to her.



Contents

Introduction

1 A Matter of Perception

Background

2 Reinforcement Learning under Partial Observability
2.1 Notations and Conventions . . . .. .. ... ... ... .....
2.2 Markov Decision Processes . . . . . . ... ... ... ...
2.3 Optimal Control in Markov Decision Processes . . . .. ... ..
2.4 Partially Observable Markov Decision Processes . . . . . . . . ..
2.5 Belief Markov Decision Processes . . . . . .. .. ... ... ...
2.6 Optimal Control in Belief Markov Decision Processes . . . . . . .
2.7 Reinforcement Learning under Partial Observability . . . . . . .

I Learning and Remembering

3 Learning for Remembering
3.1 Introduction . . . . . . .. . . . .. ... ...
3.2 Background . . ... ... oL oo
3.2.1 Partially Observable Markov Decision Processes . . . . .
3.2.2 Parametric Recurrent Q-learning . . . . . . .. .. .. ..
3.2.3 Mutual Information Neural Estimator . . . ... ... ..
3.3 Measuring the Correlation Between Hidden States and Beliefs . .
3.4 Experiments. . . . . . .. .. L
3.4.1 Experimental Protocol . . . . . . .. .. ... ... ...
3.4.2 Deterministic and Stochastic T-Mazes . . . . .. .. ...
3.4.3 Mountain Hike and Varying Mountain Hike . . . . . . ..
3.4.4 Belief of Variables Irrelevant for Optimal Control . . . . .
345 Discussion . . . .. ..o Lo
3.5 Conclusion . . ... .. ... . ... e
3.A Environments . . . . . ...
3.A.1 Class of Environments . . . . .. ... ... ........
3.A.2 T-Maze Environments . . . . . .. ... .. ........
3.A.3 Mountain Hike Environments . . . . . ... ... ... ..
3.B Deep Recurrent Q-learning . . . . . . ... ... L.

Xi

11
11
12
14
14
16
17
18

21



3.C Particle Filtering . . . . . ... ... o oo 46
3.D Mutual Information Neural Estimator . . . . ... ... .. ... 48
3.D.1 Mutual Information Estimation . . . . . . ... ... ... 48
3.D.2 DeepSets . . . . ... 48

3.E Hyperparameters . . . . . . . . . .. ... oo 49
3.F Generalization to Other Distributions of Histories . . . . . . . . . 50
3.G Correlation Between Return and Mutual Information . . . . . . . 52
3.H Belief of Variables Irrelevant for Optimal Control . . . . . . . .. 52
4 Remembering for Learning 57
4.1 Introduction . . . . . . . . . ... 58
4.2 Related Works . . . . . . .. Lo 59
4.3 Background . . . ... .. Lo 60
4.3.1 Recurrent Neural Networks . . . . .. ... ... .. ... 60
4.3.2 Fixed Points in Recurrent Neural Networks . . . . . . .. 61

4.4 Benchmarks . . . . . .. .. 62
4.4.1 Long-Term Information Restitution Benchmarks . . . . . 62
4.4.2 Sequence Classification Benchmarks . . . . .. ... ... 63
4.4.3 Reinforcement Learning Benchmark . . . . .. ... ... 63

4.5 Correlating Multistability and Learning . . . . . ... ... ... 64
4.5.1 Variability Amongst Attractors . . . . . ... .. ... .. 64
4.5.2 Estimating the Multistability of a Recurrent Neural Network 65

4.5.3 Experiments . . ... .. ... .. oL 65

4.6 Fostering Multistability at Initialization . . . ... ... ... .. 69
4.6.1 Warming Up Recurrent Neural Networks . . . ... ... 70
4.6.2 Experiments . . . . .. .. ... oo 73
4.6.3 Recurrent Double-Layers . . . . ... ... .. ...... 75
4.6.4 Hyperparameter Optimization . . . .. .. .. ... ... 77

4.7 Conclusion . . . .. ... 78
4.A Recurrent Neural Network Architectures . . . . . ... ... ... 82
4.B Partially Observable Markov Decision Processes . . . . . . . . .. 83
4.C Deep Recurrent Q-learning . . . . . . . ... ... .. L. 84
4.D Generalization to Other Hyperparameters . . . . . .. ... ... 86
4.D.1 Correlation Between Multistability and Learning . . . . . 86
4.D.2 Learning Improvements with the Warmup Procedure . . . 86
4.D.3 Impact of the Parameter k in the Warmup Procedure . . 86

4.F, Hyperparameters Optimization . . . . .. .. ... ... .. ... 86
4.F Double-Layer Architecture without Partial Warmup . . . . . . . 91
IT Leveraging Additional Information 93
5 Remembering by Predicting Additional Information 97
5.1 Imtroduction. . . . . . .. .. ..o 98
5.2 Related Works . . . . .. ... o 99
5.3 Informed Partially Observable Markov Decision Processes . . . . 100
5.3.1 Informed Partially Observable Markov Decision Processes 100
5.3.2 Reinforcement Learning Objective . . . . . ... .. ... 101

5.4  Optimal Control with Recurrent Sufficient Statistics . . . . . . . 102
5.4.1 Recurrent Sufficient Statistics . . . . . . .. .. ... ... 102

Xii



5.4.2 Learning Recurrent Sufficient Statistics . . .. ... ... 102

5.4.3 Optimal Control with Recurrent Sufficient Statistics . . . 104

5.5 Model-Based RL with Informed World Models . . . . ... ... 104
5.5.1 Informed World Model . . . . . . ... ... ... ..... 104
5.5.2 Informed Dreamer . . ... .. ... ... ... . ..... 105

5.6 Experiments. . . . . . . .. ... L 106
5.6.1 Varying Mountain Hike . . . . .. ... ... ... .... 107
5.6.2 Velocity Control . . . .. ... ... ... . ... ... . 108
563 PopGym ... ... ... 108
5.6.4 Flickering Atari and Flickering Control . . .. ... ... 109

5.7 Conclusion . . . . . . .. ... 110
5.A Proof of the Sufficiency of Recurrent Predictive Sufficient Statistics111
5.B Proof of the Predictive Sufficient Objective . . . . . .. .. ... 112
5.C Informed Dreamer . ... ... .. ... ... ... ...... 113
5.D Final Returns . . . . . . . ... ... 113
5.E Additional Experiments . . . . . ... ... ... ..., 113
5.E.1 Non-Markovian Information . . . . . ... ... ... ... 113
5.E.2 Harder Pop Gym Environments . . . . . . ... ... ... 115
5.E.3 Flickering Atari. . . . ... ... ... ... ... .. 117
5.E.4 Flickering Control . . . . . ... .. ... ... ...... 118
Learning Faster with Additional Information 121
6.1 Introduction. . . .. ... ... ... 122
6.2 Background . . . ... ... L o o 124
6.2.1 Partially Observable Markov Decision Process . . . . . . . 124
6.2.2 Asymmetric Q-function . . . ... ... 125
6.2.3 Symmetric Q-function . . . . .. ... o000 125

6.3 Natural Actor-Critic Algorithms . . . . . . ... ... ... ... 126
6.3.1 Asymmetric Critic . . . .. ... ... ... ... 126
6.3.2 Symmetric Critic . . . . .. ... ... oL 127
6.3.3 Natural Actor-Critic Algorithms . . . . .. ... ... .. 128

6.4 Finite-Time Analysis . . . . . . .. . ... ... . ... ... 130
6.4.1 Finite-Time Bound for the Asymmetric Critic . . . . . . . 131
6.4.2 Finite-Time Bound for the Symmetric Critic . . . .. .. 131
6.4.3 Finite-Time Bound for the Natural Actor-Critic. . . . . . 132
6.4.4 Discussion . . . . . .. ... e 133

6.5 Conclusion . . . ... ... 134
6.A Agent State Aliasing . . . . . . ... L 136
6.B Proof of the Natural Policy Gradients . . . ... ... ... ... 136
6.B.1 Proof of the Asymmetric Natural Policy Gradient . . . . 137
6.B.2 Proof of the Symmetric Natural Policy Gradient . . . . . 138

6.C Proof of the Finite-Time Bound for the Asymmetric Critic. . . . 139
6.D Proof of the Finite-Time Bound for the Symmetric Critic . . . . 146
6.E  Proof of the Finite-Time Bound for the Natural Actor-Critic . . 152
IIT Entangling Predictions and Decisions 165
7 Rolling the Dice First 169
7.1 Imtroduction . . . . . . . . . . ... 170



8

7.2

7.3

7.4
7.5
7.A

7.B
7.C

7.D

Background . . . ... Lo
7.2.1 Variational Autoencoders for Time Series . . .. .. ...
7.2.2 State Space Models . . . . ... ... oL
Method . . . . . . . .
7.3.1 Variational State Space Model . . . .. ... .. ... ..
7.3.2 Autoregressive Variational State Space Model . . . . . . .
Experiments. . . . . . ... o
Conclusion . . . . . . . . . . . e
Mathematical Derivations . . . . . . .. .. ... .. ... ....
7.A.1 Learning Objective . . . . . . . . ... .. ... .. ....
7.A.2 Approximate Partial Posterior . . ... ... ... ....
Comparison of Autoregressive Generation . . . . . ... ... ..
Additional Details . . . . .. . ... ... ... . .
7.C.1 Training Hyperparameters . . . . . . . .. ... ... ...
7.C.2 Evaluation . .. ... ... ... ... .. .. .. ...,
Additional Results . . . . . ... .. ... ... ... ...

Just Looking at the Dice

8.1
8.2
8.3
8.4

Variational State Space Model . . . . . ... ... .. ......
Variational State Space World Model . . . . . . .. .. ... ...
Latent Policies and Parallel Imagination . . . . . ... ... ...
Conclusion . . . . . . . . ... ...

Conclusion

9 A Matter of Abstractions

Bibliography

Bibliography

Appendices

A Belief Recurrence

B Belief Markov Decision Processes

C Piecewise Linearity and Convexity of the Belief Q-function

Xiv

185

187

191

193

207
209
211

213



List of Theorems

5.1  Definition. Sufficient statistic. . . . . .. ... ... ... ... 102
5.1  Corollary. Sufficiency of optimal policies. . . . . . .. ... ... 102
5.1  Theorem. Sufficiency of recurrent predictive sufficient statistics. 102
6.1  Theorem. Asymmetric natural policy gradient. . . . . . . . . .. 129
6.2  Theorem. Symmetric natural policy gradient. . . ... ... .. 129
6.3  Theorem. Finite-time bound for asymmetric m-step temporal
difference learning. . . . . ... .. oo oL 131
6.4  Theorem. Finite-time bound for symmetric m-step temporal
difference learning [Cayci et al., 2024]. . . .. ... .. ... .. 132
6.5  Theorem. Finite-time bound for asymmetric and symmetric
natural actor-critic algorithm. . . . . . ... ... .. ... ... 133
6.D.1 Lemma. Upper bound on the aliasing bias [Cayci et al., 2024]. . 146
6.E.1 Lemma. Performance difference [Cayci et al., 2024]. . . . . . . . 153

XV






List of Algorithms

3.1
3.2
3.3

4.1
4.2
4.3
4.4

5.1
5.2
5.3

6.1
6.2

7.1
7.2
7.3
7.4
7.5

Deep recurrent Q-learning. . . . . . . .. ... Lo 46
Particle filtering. . . . . . . . . ... L o 47
Mutual information neural estimator optimization. . . . . . . . . . 49
Multistability estimation. . . . . . .. .. ... oo 66
Random hidden states sampling. . . . . . ... .. ... ... ... 66
Recurrent neural network warmup. . . . . . . ... ... ... 72
Deep recurrent Q-learning. . . . . . ... ... 85
Informed Dreamer. . . . . . . . ... ... L 114
Trajectory encoding. . . . . . . . . .. .. oL 115
Trajectory imagination. . . . . . . . ... ... 115
Multistep temporal difference learning algorithm. . . . . ... .. 127
Natural actor-critic algorithm. . . . . ... ... ... .. ... .. 130
Variational state space model sampling. . . . . . ... .. ... .. 176
Recurrent neural network sampling. . . . . .. ... .. ... ... 176
State space model sampling. . . . . .. ... L Lo 177
Transformer sampling. . . . . . . ... ... L Lo 177
Variational state space model chunk sampling. . . . . .. ... .. 177

xXvii






List of Tables

2.1

3.1
3.2
3.3

3.4
3.5

4.1

4.2

5.1

5.2

5.3

5.4

5.5

5.6

Notations and conventions in this manuscript. . . . . . . . . . ..

Deep recurrent Q-network architecture and training hyperparam-

Mutual information neural estimator architecture and training
hyperparameters. . . . . . . . . .. ...
Mountain Hike and Varying Mountain Hike parameters. . . . . .
Pearson’s linear correlation coefficients. . . . . . ... ... ...
Spearman’s rank correlation coefficients. . . . . . ... ... ...

Test mean squared error after hyperparameter selection in the

denoising benchmark. . . . .. ... Lo o L
Test accuracy after hyperparameter selection in the line-sequential
MNIST benchmark. . . . ... ... .. ... ...........

Average final return and standard deviation over five trainings in
the Mountain Hike environments. . . . . .. ... .. ... ...
Average final return and standard deviation over five trainings in
the Velocity Control environments. . . . . . . .. .. ... ...
Average final return and standard deviation over five trainings in
the Pop Gym environments. . . . . .. ... ... ... .....
Average final return and standard deviation over five trainings in
the Repeat Previous environments. . . . .. ... .. ... ...
Average final return and standard deviation over five trainings in
the Flickering Atari environments. . . . . .. ... ... .....
Average final return and standard deviation over five trainings in
the Flickering Control environments. . . . . . . ... ... ...

Xix






List of Figures

3.1
3.2

3.3

3.4

3.5

3.6

3.7

3.8

3.9

3.10

3.11

3.12

3.13

3.14

3.15

3.16

3.17

T-Maze state space. . . . . . . . . . .
Deterministic T-Maze (L = 50). Evolution of return and mutual
information, and return with respect to the mutual information.
Deterministic T-Maze (L = 100). Evolution of return and mutual
information, and return with respect to the mutual information.
Stochastic T-Maze (L = 50, A = 0.3). Evolution of return and
mutual information, and return with respect to the mutual infor-
mation. . . ...
Mountain Hike altitude function. . . . . . ... . ... ... ...
Mountain Hike. Evolution of return and mutual information, and
return with respect to the mutual information. . . .. ... ...
Varying Mountain Hike. Evolution of return and mutual infor-
mation, and return with respect to the mutual information.
Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of return and mutual information for the belief of ir-
relevant and relevant state variables, for the GRU cell. . . . . .
Mountain Hike with d irrelevant state variables. Evolution of
return and mutual information for the belief of irrelevant and
relevant state variables, for the GRU cell. . . . . . .. ... ...
T-Maze state space. . . . . . . . . ... o
Mountain hike altitude function hin X. . . . . . ... ... ...
Evolution of return and mutual information under distributions

of histories induced by several e-greedy policies, for the GRU cell.

Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of return and mutual information for the belief of ir-
relevant and relevant state variables, for the LSTM cell. . . . . .
Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of return and mutual information for the belief of ir-
relevant and relevant state variables, for the BRC cell. . . . . .
Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of return and mutual information for the belief of ir-
relevant and relevant state variables, for the nBRC cell. . . . . .
Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of return and mutual information for the belief of ir-
relevant and relevant state variables, for the MGU cell. . . . . .
Mountain Hike with with d irrelevant state variables. Evolution
of return and mutual information for the belief of irrelevant and
relevant state variables, for the LSTM cell. . . . . . . ... ...

pol



3.18 Mountain Hike with with d irrelevant state variables. Evolution
of return and mutual information for the belief of irrelevant and
relevant state variables, for the BRC cell. . . . . ... ... ...

3.19 Mountain Hike with with d irrelevant state variables. Evolution
of return and mutual information for the belief of irrelevant and
relevant state variables, for the nBRC cell. . . .. .. ... ...

3.20 Mountain Hike with with d irrelevant state variables. Evolution
of return and mutual information for the belief of irrelevant and
relevant state variables, for the MGU cell. . . . . .. .. .. ..

4.1 T-Maze layout example. . . . . .. ... ... L 0L
4.2 Test MSE loss for the copy first input benchmark with different
sequence lengths T'. . . . . . . . . .. ... ... ...
4.3 Evolution of the validation loss (left) and of the VAA (right) of
LSTM networks, with and without chrono initialization, for the
copy first input benchmark with T=50. . . .. ... ... ...
4.4 FEvolution of the validation loss (left) and of the VAA (right) of
GRU, MGU, BRC and NBRC networks, for the copy first input
benchmark with T'=150. . . .. ... .. ... ... . ......
4.5 Test MSE loss for the denoising benchmark with different forget-
ting periods N and T'=200. . . . ... ... .. ... ......
4.6 Evolution of the validation loss (left) and of the VAA (right) of
LSTM networks, with and without chrono initialization, for the
denoising benchmark with N =100 and 7"=200. . ... .. ..
4.7 Evolution of the validation loss (left) and of the VAA (right) of
GRU, MGU, BRC and NBRC networks, for the denoising bench-
mark with N =100 and T'=200. . .. ... ... ... .....
4.8 Evolution of the validation loss (left) and of the VAA (right) of
multiple GRU networks, for the denoising benchmark with NV =5
and T =200. . . . . . . ..
4.9 Evolution of the mean cumulative reward (left) and their VAA
(right) obtained by GRU agents during DRQN training on a T-
Maze of length 200. . . . . . ... ... ... ... .. ...,
4.10 Evolution of the VAA™ for a two-layer GRU (left and middle) and
of the VAA of the network (right) during warmup. . . . ... ..
4.11 Test MSE loss for the copy first input benchmark with different
sequence lengths T'. . . . . . . . . ... .. ...
4.12 Test MSE loss for the denoising benchmark with different forget-
ting periods N and T'=200. . .. ... ... .. .. .......
4.13 Evolution of the mean cumulative reward obtained by warmed-up
and classic agents during their training (up) and mean number of
episodes required to reach the optimal policy (down) on T-Mazes
of length 20 (left), 100 (center) and 200 (right). . . . . . ... ..
4.14 Test accuracy for the permuted sequential MNIST benchmark.
4.15 Test accuracy for the permuted line-sequential MNIST bench-
mark for different forgetting periods N. . . . . ... ... ...
4.16 Double-layer architecture. . . . . . ... . ... ...
4.17 Test MSE loss for the copy first input benchmark with different
sequence lengths 7. . . . . . ... ..o oL



4.18

4.19
4.20

4.21

4.22

4.23

4.24

4.25

4.26

4.27

4.28

4.29

4.30

4.31

5.1
5.2

5.3

5.4

5.5

5.6

Test MSE loss for the denoising benchmark with different forget-
ting periods N and T'=200. . . ... ... ... ... ......
Test accuracy for the permuted sequential MNIST benchmark.
Test accuracy for the permuted line-sequential MNIST bench-
mark for different forgetting periods N. . . . ... .. ... ...
Evolution of the validation loss on the denoising benchmark for
LSTM, GRU and MGU networks, with N = 100 and T" = 200.
Test accuracy for the denoising benchmark and the permuted
line-sequential MNIST benchmark with hyperparameter selection
on the learning set. . . . . . .. ... oL oL
Evolution of the validation loss on the denoising benchmark for
LSTM, GRU and MGU networks, with N = 100 and T = 200.
Evolution of the validation loss on the line-sequential MNIST
benchmark for LSTM, GRU and MGU networks, with N = 100
and T=200. . . .. .. ..
Evolution of the validation loss (left) and of the VAA (right) of
LSTM, GRU and MGU networks, for the copy first input bench-
mark. ...
Evolution of the validation loss (left) and of the VAA (right) of
LSTM, GRU and MGU networks, for the copy first input bench-
mark. ...
Evolution of the validation loss (left) and test set accuracy af-
ter 50 epochs (right) of GRU networks, for the permuted line-
sequential MNIST benchmark with N =472. . . ... ... ...
Evolution of the validation loss (left) and test set accuracy af-
ter 50 epochs (right) of GRU networks, for the permuted line-
sequential MNIST benchmark with N =472. . . ... ... ...
Mean squared error of different architecture for different value of
target VAA™ k on the copy first input test set for different values
of T. . e
Test MSE loss for the copy first input benchmark with different
sequence lengths T'. . . . . . . .. ... oo
Test MSE loss for the denoising benchmark with different forget-
ting periods N and T'=200. . . ... .. .. ... . ......

Bayesian network of an informed POMDP execution. . . . . . . .
Variational recurrent neural network loss for a given trajectory
at training time. . . . .. ... Lo L0000
Bayesian graph of a VRNN evaluation during imagination and
execution. . . ... L. L
Varying Mountain Hike environments: minimum, maximum and
average returns over five trainings. . . . . .. ... .. ... ...
Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Velocity Control environments: minimum, maximum and average
returns over five trainings. . . . . . .. ... ... L.
Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Pop Gym environments: minimum, maximum and average re-
turns over five trainings. . . . . ... ..o oL



5.7

5.8

5.9

5.10

6.1

7.1

7.2

7.3

Varying Mountain Hike environments: average return of the In-
formed Dreamer with various level of information over five train-
INES. o o e e e
Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Repeat Previous environments: minimum, maximum and average
returns over five trainings. . . . .. ... oL oL
Uninformed Dreamer and Informed Dreamer with i = ¢(RAM)
in the Flickering Atari environments: minimum, maximum and
average returns over five trainings. . . . . .. .. ... ... ...
Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Flickering Control environments: minimum, maximum and aver-
age returns over five trainings. . . . . . ... ... oL

Aliased Tiger POMDP. . . . ... ... ... ... ... ..

Sequence models properties and variational state space model

sampling algorithm. . . . . .. .. ... ... L L.
Samples, generation times and likelihoods of the Transformer,

state space model and variational state space model for MNIST

and CIFAR datasets. . . . . .. .. .. ... ... .. ......
Additional samples of the Transformer, state space model and

variational state space model for MNIST and CIFAR datasets.

XXiv



Introduction






Chapter 1

A Matter of Perception

Intelligence is usually understood as the ability, and in particular the computa-
tional ability, to make decisions in order to achieve objectives [McCarthy, 1998].
This definition probably overlooks, but certainly encompasses, the operation of
processing the available information for then forming a decision. Indeed, deci-
sion making does not emerge spontaneously but is rather initiated by perception,
which serves as the stimulus and basis upon which the decision is constructed.
From the processed perception, the decision may then be derived through either
a learned computation or a planning procedure, that both seek to optimize the
outcomes for the objective at hand. We find useful to establish a permeable
distinction between the process of abstracting perception into a representation
of that information, and the computation of a decision based on this representa-
tion. This separation sheds light on very different aspects of intelligent decision
making: those concerned with the adequate processing and representation of
past information, and those concerned with the adequate computation of de-
cisions for achieving desired outcomes. In short, we frame intelligence as the
ability of perceiving and abstracting past information about the world for then
acting on its future execution, in the perspective of achieving an objective.

This thesis is interested in learning such intelligent behaviors, mapping past and
present perception of the world to immediate and future actions. To that hand,
we rely on reinforcement learning (RL) in partially observable Markov decision
processes (POMDP) for learning these behaviors through interaction. First, let
us put aside the learning process, and let us focus on the solution of the problem
of optimally controlling a POMDP. This formalization of decision processes as-
sumes an underlying Markovian state that is unobservable, but from which we
get partial observations. In other words, it assumes that the perception of the
world is partial, and that we are not provided with its full state. A consequence
of this partial perception is the need of remembering some information from
past observations, to infer relevant information about the state for making an
optimal decision. It contrasts with the usual but more restrictive notion of fully
observable Markov decision process (MDP) that assumes the state to be fully
observable. Both models assume a discrete decision scheme, where actions are
successively taken, based on the history of observations and past actions, to in-
fluence future states time step after time step. These formalizations also assume



a reward process such that a scalar reward is provided for each action taken in
the decision process. This relies on the reward hypothesis, which states that any
desired behavior can be formulated as a reward maximization problem [Sutton
and Barto, 1998]. Given a POMDP, the decision making problem becomes that
of selecting actions to maximize rewards, based on the history of observations
and past actions. In the next two paragraphs, we review lessons from optimal
control theory, which inform us about the optimal solution to this problem, but
also about the RL methods to be applied, which are developed further below.

As far as the abstraction of perception is concerned, the objective is to process
the stream of observations to extract relevant information for acting at all fu-
ture time steps, and to discard the rest. In other words, the crucial aspect of
this perception process is to memorize relevant information for acting now, but
also for processing future observations and acting optimally in the future. The
optimal control theory clearly established the sufficiency of the posterior state
estimation, known as the belief, for optimally controlling a POMDP [Astrom,
1965]. The belief is defined as the posterior distribution over the states given
the history of observations and past actions. There thus exists a statistic of the
history, called the belief, that is sufficient to be considered for acting optimally
now, and also sufficient to be memorized for processing future observations and
acting optimally at all later time steps. As a corollary, the theory states the
existence of sufficient statistics for optimal control, which may not necessarily
be the belief [Striebel, 1965]. In particular, when relaxing the POMDP model
by not assuming an underlying state, their may still exist sufficient statistics
for optimal control, which are sometimes called information states in that more
general setting [Bertsekas, 2012]. In the case of MDPs, the state is known to
be a sufficient statistic, which intuitively follows from its Markovian property,
stating that it perfectly summarizes the past to predict the future.

As far as the selection of an optimal action for the future is concerned, opti-
mal control theory studied the problem using dynamic programming [Bellman,
1952] in the case of MDP [Bellman, 1957]. Dynamic programming relies on
the principle of optimality, which applies to any MDP in the sense that the
solution has an optimal substructure. In other words, the optimal sequence of
actions can be decomposed into the problem of selecting an optimal action now,
and the problem of selecting the optimal sequence of future actions at the next
time step. Through this recursive structure, the general problem embeds the
smaller problem of optimally controlling the MDP for the remaining time. It
enables the application of dynamic programming for solving the optimal con-
trol problem of an MDP. Roughly speaking, this algorithm works backward
and computes an optimal action for maximizing the next reward, from which it
computes an optimal action for maximizing the next two rewards, and so on.
Thanks to the previously mentioned findings that established the sufficiency of
the belief for optimally controlling a POMDP, dynamic programming extends
to POMDPs. Indeed, because the belief summarizes all information from the
history for predicting the immediate reward, as well as for predicting future be-
liefs given future actions, it is the Markovian state of an equivalent MDP that
we call the belief MDP. It is however worth noting that the belief MDP is a
particular case of MDP, in the sense that its optimal solution has a particular
form, which is piecewise linear and convex in its state, the belief [Smallwood
and Sondik, 1973]. The transformation of a POMDP into an MDP through the
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belief filter once again highlights the distinction that exists between the prob-
lem of processing the past on the one hand, and the problem of planning for the
future on the other hand.

As will be explicitly developed in the next part of this thesis that covers the
mathematical background, these results from optimal control theory are insight-
ful about the structure of the solution for optimally controlling a POMDP. How-
ever, the computation of these solutions is usually computationally intractable.
First, the belief computation requires to integrate over the state space at every
time step, and to store the distribution over the state space, both of which can
become difficult when the state space is large, or impossible when it is continu-
ous. Similarly, each step of the dynamic programming computation requires to
integrate over the state space, and to store the solution for every state, which
poses the same problems with large state spaces. In particular, for a POMDP
with finite state space, the state space of the equivalent belief MDP is infinite.
Fortunately, the particular structure of the solution of the belief MDP, which
is piecewise linear and convex, still allows the execution of the dynamic pro-
gramming algorithm. However, other challenges arise from the representation
and evaluation of the solution, which grows exponentially with the number of
steps of the dynamic programming algorithm. All these considerations make
the problem of optimally controlling a POMDP challenging at best, impossible
at worse. Last, but not least, the applicability of the dynamic programming
algorithm relies on the assumption that the POMDP model is known, that is
the state space, action space, observation space, along with the exact transi-
tion distribution, observation distribution and reward distribution. While some
problems may satisfy this hypothesis, we relax this assumption and focus on
learning intelligent behaviors in any POMDP, from interaction only.

For this purpose, this thesis focuses on RL in POMDP [Spaan, 2012]. The RL
approach is appealing for solving, or approximately solving, decision making
problems, notably because it makes very few assumptions about the problem at
hand. In its purest form, the promise of an RL algorithm is to learn an optimal
behavior from interaction with an environment whose dynamics are unknown.
More formally, an RL algorithm aims at learning a policy, which is defined as
a mapping from states or histories to actions, in order to maximize the reward
signal, and that from samples obtained by interacting with an environment.
The maximization of the reward signal is usually implemented by one of the
following criteria: the maximization of the expected sum of rewards over a fi-
nite horizon, the maximization of the expected average reward over the infinite
horizon, or the maximization of the expected sum of discounted rewards over
the infinite horizon. In the following, we refer to any of these objectives as the
return. Let us review the most popular and effective RL approaches, which
were initially developed in the fully observable setting. First, policy-gradient
methods primarily work with a parametrized model of the policy, for which an
unbiased estimate of the gradient of the return can be computed from samples
of interaction [Williams, 2004]. As a results, these methods directly optimize
the return of the policy using stochastic gradient ascent on their parameters. It
is also worth mentioning the so-called actor-critic approaches, which are policy-
gradient methods that reduce the variance of the gradient estimate by jointly
learning a value function. This value function estimates the return of the policy
being optimized, which is substituted to the empirical return in the computa-



tion of the policy gradient estimate [Sutton et al., 1999]. Second, value-based
methods primarily work with a model of the value function, which directly esti-
mates the optimal return that can be obtained from a state, from which a near-
optimal policy can be derived. This is achieved through a learning process akin
to stochastic incremental dynamic programming [Watkins, 1989], using samples
obtained from interaction. Third, model-based methods primarily work with a
model of the environment that is learned in an unsupervised learning fashion
for then deriving an optimal policy. This can be achieved in two main ways:
through the application of any of the two previously mentioned RL approaches,
or through the application of optimal control to this learned model. The latter
approach is similar the traditional pipeline of system identification and optimal
control [Astrém and Eykhoff, 1971].

Despite these RL methods being initially designed for learning to optimally con-
trol a MDP from interaction, they were straightforwardly adapted to the optimal
control of a POMDP. Without any model of the decision process based on which
to compute the belief, the delineation between the problem of abstracting past
perception and the problem of computing the optimal action is blurred. This
characterizes the coupled burden of RL in POMDP, which is to jointly learn to
process the history of observations and past actions, and to produce optimal
actions for the future execution of the decision process. In practice, the RL field
has historically mostly ignored this distinction and has completely coupled these
aspects, by considering the complete history as the Markovian state of an equiv-
alent MDP that we call the history MDP. This rather crude approach, which
completely ignores the structure of the solution and the unbounded growth of
the history, has proven quite effective in practice. We identify the following
seminal works in history-dependent RL, for each of the three aforementioned
approaches. In policy-gradient approaches, history-dependent policies were pro-
posed, using recurrent neural network to process these variable-length histories
[Wierstra et al., 2007]. In value-based approaches, history-dependent value func-
tions were proposed using recurrent neural networks as well [Bakker, 2001]. In
model-based approaches, history-dependent models of the environments were
proposed, once again using recurrent neural networks [Lin and Mitchell, 1992].
These early works had paved the way for adapting to the partially observable
setting the numerous RL breakthroughs enabled by the deep learning revolu-
tion, in policy-gradient approaches [Heess et al., 2015], value-based approaches
[Hausknecht and Stone, 2015], and model-based approaches [Ha and Schmidhu-
ber, 2018]. While these methods starts from the history MDP, by noticing that
the history can be simply substituted to the state in traditional RL methods,
it is worth noting that they process the history with a recurrent neural net-
work, which compresses the history into a statistic. As a results, it becomes a
requirement for this statistic of the history to be sufficient for optimal control.

Although these methods are theoretically able to learn sufficient statistics of the
history for the optimal control of any POMDP, sufficient statistics of the history
can also be learned explicitly. Early approaches proposed to learn statistics of
the history that are predictive of future observations, which was called predic-
tive state representations [Littman and Sutton, 2001]. The idea of learning a
recurrently updatable statistic that is predictive of the observations of the de-
cision process roughly amounts to assuming and learning a generative model
for the decision process. This illustrates the strong ties that exist between the
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problem of learning to abstract past perception into representations, and the
problem of predicting future execution. In deep RL, an important line of work
has considered auxiliary representation learning objectives for the hidden state
of recurrent policies or recurrent value functions, in order to ensure the learning
of a sufficient statistic [Igl et al., 2018, Guo et al., 2018, Gregor et al., 2019].
Moreover, because these representation objectives offer a predictive model of
the environment, history-dependent model-based methods were simply devel-
oped as an effective approach for RL in POMDP, offering these representation
objectives for free [Hafner et al., 2019, Samsami et al., 2024]. In other words,
model-based RL completely encompasses usual representation learning objec-
tives for the abstraction of perception in partially observable environments.

To close this overview of RL in POMDP, we want to take a step back and re-
flect on the constraints we have imposed so far. While it is realistic to assume a
partial perception of the state of the decision process, it may be too pessimistic
to assume the same partial perception of the state while learning. It is indeed
strictly more general to assume that additional information about the state may
be available while learning, and it is certainly interesting to develop methods
that leverage this eventual additional information. This observation has resulted
in a recent line of work called asymmetric learning, or asymmetric RL, whose
name refers to the asymmetry of observability between learning and execution.
Early approaches notably proposed to imitate a privileged policy conditioned
on the state [Choudhury et al., 2018], or to use an asymmetric critic condi-
tioned on the state [Pinto et al., 2018]. These heuristic methods initially lacked
a theoretical framework, and a recent line of work has focused on proposing
theoretically grounded asymmetric learning objectives. First, imitation learn-
ing of a privileged policy was known to be suboptimal, and it was addressed
by constraining the privileged policy so that its imitation results in an opti-
mal policy for the partially observable environment [Warrington et al., 2021].
Similarly, asymmetric actor-critic approaches were proven to provide biased gra-
dients, and an unbiased actor-critic approach was proposed by introducing the
history-state value function [Baisero and Amato, 2022]. In model-based RL,
several works proposed world model objectives that are proved to provide suf-
ficient statistics of the history, by leveraging the state [Avalos et al., 2024] or
arbitrary state information [Lambrechts et al., 2024a]. Finally, asymmetric rep-
resentation learning approaches were proposed to learn sufficient statistics using
state samples [Wang et al., 2023, Sinha and Mahajan, 2023].

This thesis humbly contributes to this literature by analyzing and easing the
burden of RL in POMDP, which is to jointly learn to perceive, represent, mem-
orize, predict and decide. In Part I, we seek to understand the role of memory
when learning to act in a decision process, which we articulate around two sci-
entific papers. The first paper, “ Recurrent Network, Hidden States and Beliefs
in Partially Observable Environments,” investigates the link between the mem-
ory resulting from the process of learning to act optimally, and the optimal
statistic of the history that the optimal control theory prescribes, which is the
belief. The second paper, “ Warming Up Recurrent Neural Networks to Maximize
Reachable Multistability Greatly Improves Learning,” studies the importance of
a good memorization ability as a prerequisite for learning to act optimally. In
Part I, motivated by the findings of the previous papers, we seek to improve
the learning of optimal behaviors by fostering a memory which encodes a suf-
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ficient statistic, and this by leveraging eventual additional information during
learning. The first paper, “Informed POMDP: Leveraging Additional Informa-
tion in Model-Based RL,” formally relaxes the POMDP assumptions to account
for eventual additional information available during learning, and proposes a
method that leverages it to learn a sufficient statistic of the history for opti-
mal control. The second paper, “A Theoretical Justification for Asymmetric
Actor-Critic Algorithms,” aims at establishing a theoretical justification for a
class of algorithms that leverage such additional information during learning,
to better estimate the long term outcomes of the policy. In Part III, we explore
topics where the entanglement of memory, predictions and decisions might be
mutually beneficial. The short paper, “Parallelizing Autoregressive Generation
with Variational State Space Models,” proposes a new sequence modeling ar-
chitecture that combines the desirable properties of many previously proposed
architectures, which are the parallelizability of history processing, the paralleliz-
ability of history generation, but also the implicit recurrence of these processes,
so as to be able to resume generation without reprocessing all past history. In
a last chapter, we elaborate on a possible usage of such sequence models in the
context of model-based RL, where specific latent policies could unlock parallel
generation of trajectories for learning efficiently.

The conclusions offered by this research project are plural. Most importantly, we
think that this thesis establishes a clear motivation for the particular attention
that should be given to the problem of learning to abstract perception into use-
ful representations. It notably highlights the limits of disregarding the structure
of the solution with the history MDP, and motivates the consideration of that
structure with representation learning. More precisely, this thesis motivates
to learn abstractions of the world that are predictive of its future execution,
as a representation learning method that offers good representations for deci-
sion making. We think that such approaches correctly considers the distinction
between the two different aspects of decision making, processing the past and
planning for the future, while not separating them. Indeed, history-dependent
RL with representation learning makes a permeable distinction that allows these
tasks to inform each other, and interact in a mutually beneficial way. Finally, we
also want to reflect on the fact that in this introduction we have presented RL
as a method for solving decision making in POMDP, or more precisely, in any
POMDP taken separately. Many researchers like to see RL as a problem rather
than a method, the problem of learning to make decisions, generally speaking.
In other words, the RL problem is to learn to act optimally and generalize over
a distribution of POMDPs. Magnificently, the problem of learning to generalize
over a distribution of POMDPs can be framed as a POMDP. As a future work,
this thesis thus also motivates the consideration of RL in POMDP to solve the
RL problem, which is to develop generalizable intelligence.
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Chapter 2

Reinforcement Learning
under Partial Observability

2.1 Notations and Conventions

This manuscript makes use of the notations detailed in Table 2.1. We notably
denote random variables with uppercase letters and their realizations with low-
ercase letters. We also index these random variables and their realizations with
time to denote random processes and their realizations. For brevity, we some-
times denote a random variable from a random process at an arbitrary time by
omitting its time index, and we denote a random variable from the same random
process at the next time step with prime. We denote the set of real numbers,
integer numbers, and natural numbers with their usual symbols. Finally, given
a discrete space X, we denote by 2% the discrete o-algebra, or power set, and we
use A(X) to denote the set of probability measures over the measurable space
(X,2%). Given a continuous space X, we denote with By the Borel o-algebra,
and we use A(X) to denote the set of probability measures over the measurable
space (X, Bx). Finally, we denote by d. the Dirac measure centered at c.

Depending on the context, we may denote the expectation of a random variable
X with sample space X and probability measure P of density p, with any the
following notations,

EX]=EpX]=E[z]= E [z]= E [x]:/)(:cp(x)da::/xde. (2.1)

p(z) z~p(-) z~P

Following the reinforcement learning literature, we denote the expectation of a
random variable at a time step ¢ under the distribution induced by a policy 7
with E™[X,]. Similarly, we denote the expectation of a random variable under
the discounted visitation measure d™7 induced by a policy © with E*""[X].
These mathematical objects are clearly defined in the next sections.
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Notation ‘ Meaning

X Set.

X Random variable.

x Realization of a random variable.

X Random variable from a given random process at time step t.

Tt Realization of a random variable from a given random process
at time step t.

Xt Sequence of random variables from a given random process from
time step k to time step ¢, both inclusive.

Thot Sequence of realizations of random variables from a given random
process from time step k to time step ¢, both inclusive.

X, X' Random variables from a given random process at arbitrary time
steps t and ¢t + 1.

x,x' Realizations of random variables from a given random process at
arbitrary time steps ¢t and ¢ + 1.

R Set of real numbers.

Z Set of integer numbers.

N Set of natural numbers.

Np Set of natural numbers and zero.

2% Power set over the discrete space X.

Bx Borel set over the continuous space X'

A(X) Set of probability measures over (X,2%) or (X, Bx).

de(x) Dirac distribution centered at c.

Table 2.1: Notations and conventions in this manuscript.

2.2 Markov Decision Processes

Sequential decision making under full observability can be modeled as a Markov
decision process (MDP). Formally, an MDP is defined as a tuple M = (S, A, T,
R, P,~) where,

e S is the state space,

o A is the action space,

o T:8 x A— A(S) is the transition distribution,
o R: S x A— A(R) is the reward distribution,

o P e A(S) is the initial distribution,

o v €10,1) is the discount factor.

The initial state distribution P gives the probability P(sg) of s € S being
the initial state of the decision process. The dynamics are described by the
transition distribution 7' that gives the probability T'(s¢11]8¢, a¢) of si41 € S
being the state resulting from taking action a; € A in state s; € S. The reward
distribution R gives the probability density R(r¢|s¢, a;) of the immediate reward
r, € R after taking action a; € A in state s, € S.! We also define the expected

1Some of the papers presented in this thesis will instead assume a deterministic reward
function of the form ry = R(s¢, at, st+1). These formalizations can be shown to be equivalent.
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immediate reward as 7y = R(s;,a;) = E[R¢|S: = s¢, Ay = a4). Finally, the
discount factor v € [0,1) weighs the relative importance of future rewards. The
key assumption of an MDP is that states satisfy the Markov property,

Pr(StJrl |50, QaQy - .-, Sty G,t) = Pr(8t+1 ‘ht, at) = PI’(St+1 |St, at) = T(StJr] |St, at).
(2.2)

Taking a sequence of ¢ actions in an MDP conditions its execution and provides
the observable history h; = (so, ag, - -.,st) € Hy C H, where H; = (S x A)! xS
is the set of histories of size ¢, and H = | J;=, H: is the set of histories of arbitrary
length. At any time t > 0, the current history h; includes all information that
is available to select action a; € A. We define a history-dependent policy n € H
as a mapping from histories to probability distributions over actions, where
H =H — A(A) is the set of all history-dependent policies. We use n(alh) to
denote the probability of selecting action a € A in history h € H. Finally, we
define the return J(n) of a history-dependent policy € H as the expected sum
of discounted rewards,

J(n) =E" lz YRy |. (2.3)
t=0

A history-dependent policy n* € H is said to be an optimal history-dependent
policy when it maximizes the return,

n* € argmax J(n). (2.4)
neH

Let us finally define a stationary Markov policy m € II as a mapping from
states to probability distributions over actions, with II = & — A(A) the set of
all stationary Markov policies. We also define the return J() of a stationary
Markov policy 7 € IT as the expected sum of discounted rewards,

J(m) =E" [Z V'R |. (2.5)
=0

A stationary Markov policy 7* € II is said to be an optimal stationary Markov
policy when it maximizes the return,

7 € argmax J (). (2.6)
mell

It was proven that stationary Markov policies are sufficient for optimally control-
ling an MDP [Puterman, 1994]. In other words, an optimal stationary Markov
policy 7* € II performs as well as an optimal history-dependent policy n* € H,

= . 2.
max J () max.J (n) (2.7)

This results stems from the Markov property of MDPs, which states that future
states of the MDP are independent of past states given the current state.
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Finally, we define the value function V™ : § — R of a policy 7 € II as the return
starting from a state s € S,

V7(s) =E"

Z ’Yth
t=0

We note that J(m) = E[V7(Sy)]. We also define the Q-function @™: S x A — R
of a policy w € II as the return starting from a state s € S and an action a € A,

Q"(s,a) = E" [Z ’Yth

SO = S‘| . (28)

t=0

SO =S, AO = CL‘| . (29)
It is interesting to note that V7 (s) = E"[Q7 (S, A)|S = s].

2.3 Optimal Control in Markov Decision Pro-
cesses

Let us define the optimal Q-function as the Q-function of an optimal policy,
Q(s,a) = max Q" (s,a) = Q" (s,a). (2.10)

The optimal Q-function is the unique fixed point of the following Bellman op-
erator [Bellman, 1957],

Q(s,a) = [R +7max Q(S',d')

S:&A:4 (2.11)

= R(s,a) +7E [g}gﬁ QS d")

S:&A:4. (2.12)

The solution of this nonlinear system of |S| x |A| equations can be approximated
to an arbitrary precision using dynamic programming, assuming that we know
the expected immediate reward R(s,a) for any state s € S and action a € A.
The dynamic programming algorithm, known as Q-iteration in that case, itera-
tively computes Q-functions with a growing finite-time horizon. More precisely,
the algorithm starts from the Q-function @y with a horizon of zero, which is
Qo(s,a) =0, Vs € S, Va € A. Then, it successively computes for k > 0,

Qi(s,a) = R(s,a) +7E max Qr-1(5",a")

S’:s,A:a,}. (2.13)

The Bellman operator being ~y-contractive with the optimal Q-function as its
unique fixed point, this sequence of Q-functions converges towards the optimal
Q-function [Banach, 1922]. In order to store the solution for every state and
action pair, and in order to compute the expectation, the dynamic programming
algorithm requires discrete state and action spaces.

2.4 Partially Observable Markov Decision Pro-
cesses

While assuming the existence of an underlying state for a decision process may
seem reasonable, assuming that it will be fully observable is not. In the general
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case, decision making problems only offer a partial observation of the under-
lying state of the decision process. Sequential decision making under partial
observability can be modeled as a partially observable Markov decision process
(POMDP). Formally, a POMDP is a tuple P = (S, A,O,T, R, O, P,~) where,

e M=(S,AT, R, P,~) is an MDP whose states are not observable,
e QO is the observation space,
o O: S — A(O) is the observation distribution.

The observation distribution O gives the probability O(o:|s;) to get observation
ot € O in state s; € S. Interestingly, observations in a POMDP do not satisfy
any Markov property in the general case,

Pr(o¢41]00, ag, - .., 0t,ar) = Pr(opy1|he, ar) # Pr(ogy1|os, ar). (2.14)

Taking a sequence of ¢ actions in a POMDP conditions its execution and provides
the observable history h; = (09, ag, - . .,0:) € Hy C H, where H; = (O x A)t x O
is the set of histories of size t, and H = |J;o,H: is the set of histories of
arbitrary length. Note that for discrete state space S, discrete action space A
and discrete observation space O, the history space H is countable. Similarly
to MDPs, we define a history-dependent policy n € H as a mapping from
histories to probability distributions over actions, where H = H — A(A) is
the set of all history-dependent policies. We also define the return J(n) of a
history-dependent policy n € H as the expected sum of discounted rewards,

J(n) =E" [Z YRy |. (2.15)

A history-dependent policy n* € H is said to be an optimal history-dependent
policy when it maximizes the return,

n* € argmax J(n). (2.16)
neH

Because we do not have the Markov property in POMDPs, stationary Markov
policies that would be conditioned on the current observation only are not suf-
ficient for optimal control [Littman et al., 1995]. As a result, we must rely on
history-dependent policies for optimally controlling POMDPs.

We now define the value function V": H — R of a history-dependent policy
7 € H as the return starting from a history h,

D 'R
t=0

We note that J(n) = E[V"(Hy)]. Let us also define the Q-function Q": Hx A —
R of a policy n € H as the return starting from a history h and action a,

Vi(h) =E"

Hy = h]. (2.17)

Q"(h,a) =E" lz YR,

t=0

HO = ]’L, AO = a] . (218)

It is interesting to note that V"(h) = E"[Q"(H, A)|H = h].
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2.5 Belief Markov Decision Processes

Given a POMDP P = (S, A4,0,T, R, O, P,~), we define the belief b € B C A(S)
of a history h € H as the posterior distribution over the states given the history,
where B is the set of all attainable beliefs. Formally, the belief b = f(h) is,

b(s) = Pr(s|h), (2.19)
where f: H — B is called the belief filter. Using Bayes’ rule, the initial belief
bo = f(ho) is given by,

bo(So) = Pr(80|h0) = Pr($0|00) (220)
__ P(s0)O(00ls0)
> soes Ps0)O(ools0)

At all later time steps, the belief filter admits a recursive form by11 = f(hi41) =
w(be, ag,0041) = u(f(ht), as, 04+1) where the update u is given by,

bit1(st+1) = Pr(seralhir1) = Pr(sep1|he, as, 0041) (2.22)
_ Oloutalsira) 2o, T(seralse, ai)bi(se)
Zst+168 O(0t415t+1) Zst T(spy1]56,a)be(se)

The proof, which we attribute to Ho and Lee [1964] and which is a consequence
of Bayes’ rule [Bayes, 1763], is given in Appendix A.

(2.21)

(2.23)

Note that for discrete state space S, discrete action space A and discrete ob-
servation space O, the history space H is countable and, as a consequence, the
belief space B is also countable.

Given a POMDP P = (S, A4,0,T, R, 0, P,~), it is possible to define an equiv-
alent MDP, which is called the belief MDP. The belief MDP M’ is given by
M = (8 AT R, P v) where,

o 8’ = B is the belief space,
o T": B x A— A(B) is the belief transition distribution,
e R':Bx A— A(R) is the belief reward distribution,
o P’ € A(B) is the initial belief distribution.
The initial belief distribution P’ over the countable set of beliefs is given by,
P'(bo) = 84(ny)(b0) > Ol00ls0) P(s0)- (2.24)
00€EO 50€ES

The transition distribution 7" is given by,

T/(bt—i-l |bt, at) = Z 5u(bt,at,ot+1)(bt+1) Z O(0t+1 |5t+1) Z T(8t+1 |3t7 Gt)bt(st)~

Ot+41 co St41 €S stE€S
(2.25)
The reward distribution R’ is defined as,
R (relbs,ar) = Y R(relse, ar)bi(se). (2.26)

st€S
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We also define the expected immediate reward in the belief MDP as r; =
R'(by,a;) = E[R|B; = b, A; = a]. The proof for the expression of the initial
belief distribution, belief transition distribution and belief reward distribution
of the belief MDP, which we attribute to Astrom [1965], is given in Appendix B.

2.6 Optimal Control in Belief Markov Decision
Processes

Given the existence of an equivalent belief MDP M’ for any POMDP P, we
study the solution for this particular MDP. We know that a stationary Markov
policy exists for this MDP. We thus define a belief policy 7’ € I’ as a mapping
from belief to distribution over actions, where II' = B — A(A) is the set of all
belief policies. We define the optimal belief Q-function as,

Q'(b,a) = max Q™ (b, a), (2.27)

' ell’

where Q™ (b, a) is defined as the belief Q-function of a belief policy 7,

Q™ (b,a) =E™ [Z Y Ri|By = b, Ag = a. (2.28)

t=0

As for classical MDPs, it can be shown that the belief Q-function is the unique
fixed point of the following Bellman operator [Sondik, 1978],

Q(b,a) =E [R + v max Q(B',d")

B=bA= a} (2.29)

= R'(b,a) +7E[g}g§Q(B ,a)

B=bA= a]. (2.30)

Because the belief space is infinite, it seems a priori impossible to represent the
Q-function or to compute the expectation over the belief space, which would
render dynamic programming infeasible. However, the particular structure of
the belief MDP makes dynamic programming applicable.

Let us first note that any piecewise linear and convex function can be represented
by the epigraph of a finite number of linear functions, and that any linear
function in R? can be represented by a vector of size d. As a result, any piecewise
linear and convex function fpwic can be represented with a finite set A of vectors,
which we called a-vectors,

d
Fowie(z) = glg;f;ax (2.31)

where € R? and a € R? are vectors of size d. It can be demonstrated by
induction that the Q-function with a finite-time horizon is piecewise linear and
convex in the belief vector. Indeed, the Q-function with a finite-time horizon of
zero Qo(b,a) =0, Vb € B, Va € A is trivially linear, which is piecewise linear
and convex. Then, it can be shown that for any Q-function @) with finite-time
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horizon N that is piecewise linear and convex in the belief vector, the Q-function
with finite-time horizon N + 1,

Qns1(b.a) = B (b,a) + 1K [ma;; On(B'.d)

B=bA= a} . (2.32)

is also piecewise linear and convex in the belief vector. The proof, that we
attribute to Smallwood and Sondik [1973] and that also provides the practical
procedure for updating the set of a-vectors, is given in Appendix C. It is worth
noting that this proof only proves the convexity of the optimal Q-function,
to which the sequence of Q-function converges. The piecewise linearity of the
optimal Q-function is nevertheless not guaranteed in the general case, since the
number of a-vectors tends to infinity as the horizon N tends to infinity.

2.7 Reinforcement Learning under Partial Ob-
servability

As discussed in the introduction of this thesis, both the computation of the
belief and the application of dynamic programming can become intractable for
large state spaces, or even impossible for continuous state spaces. Moreover, this
algorithm requires the model of the POMDP to be known, which can be unre-
alistic in many applications. As a result, we want to learn optimal policies from
samples of interaction only, which is the focus of the field of reinforcement learn-
ing (RL). Since the belief is not computable without the model of the POMDP,
we leave the belief MDP aside, and directly work with history-dependent poli-
cies and Q-functions. More precisely, the objective of RL in POMDP is to find
a near-optimal policy n € H from samples {hk,ak,rk,okJrl}kK:_Ol obtained by
interacting with the POMDP.

Let us define the optimal Q-function, or simply Q-function, as the Q-function
of an optimal policy,

Q(hya) = max Q"(h,a) = Q" (h, a). (2.33)

Given the existence of the equivalent belief MDP, the history Q-function can
also be defined as the composition of the belief filter and the belief Q-function,

Q(h,a) = Q'(f(h),a), Vh € H, Ya € A, (2.34)

As a consequence, the history Q-function is also the unique fixed point of a
Bellman operator,

Q(h,a) = E[R +ymax Q(H',a')

H=hA= a] (2.35)

= R(h,a) +~E [g}gﬁ Q(H',d")

H=hA= a} , (2.36)

where the expected immediate reward is defined as R(h,a) = R'(f(h),a). This
observation motivates the consideration of standard RL techniques for MDPs,
by simply substituting the history to the state. Since the space of histories
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is infinite, these method consider function approximators for processing these
variable-length sequences, usually recurrent neural networks. In the follow-
ing, we review the simplest adaptations of the main RL approaches to history-
dependent models using differentiable parametric function approximators, also
known as neural networks.

Given a POMDP P from which we can obtain samples, history-dependent Q-
learning suggests to update a parametrized approximation Qg(h,a) of the opti-
mal Q-function. More precisely, based on a transition (hg, ag, g, 0x+1) obtained
by interacting with the environment, history-dependent Q-learning use the fol-
lowing parametric Q-learning update,

Opt1 =0 + ax (Tk +ymax Qo (his1,a") — Qg (hi, ak)) VoQo, (b, ar),
(2.37)

where hi41 = (hg, ak, ok+1) and where «y, is the learning rate.

Similarly, given a POMDP P from which we can obtain samples, the history-
dependent policy-gradient approach updates a parametrized policy ny(alh). Let
us first define the discounted history-action visitation measure as follows,

d"(h,a) = (1=7) > 4" Pr(H;, = h, A; = a). (2.38)
t=0

Based on a transition (h;,a;,7;,0;4+1) sampled from the discounted history-
action visitation measure d"%:"? of the current policy 7y, the history-dependent
policy-gradient approach use the following update,

Yig1 = U + GQ™i (hi, a;)Vy log ny, (a;|hi), (2.39)

where Qi is the Q-function of the history-dependent policy 7y, and ¢; is the
learning rate. In practice, the Q-function of the policy can be estimated using
the empirical return, or using a history-dependent critic QZ”” that is updated

using temporal difference learning,
Ok = Ok + i (1 + V" (higr) — Qg (hiey ar)) VoQo, (hi,ar),  (2.40)

where Vo' (hit1) = 0 a i (0|t 1) Qg (i1, @),

Finally, for any POMDP P, a history-dependent model of the environment can
simply be learned as a model g4 (r, 0’|k, a) of the history-dependent transition
function Pr(r,o|h,a). In practice, it can be learned from samples of the en-
vironment (hy, ag, Tk, 0x+1) using any supervised learning method to minimize,
for example, the following negative log likelihood loss,

L(hk, Ak, Tk, Ok+1) = — log %(m, Ok+1 |hk, ak). (241)

Compared to standard methods for MDPs, the only challenge is to use ade-
quate history-dependent function approximators such as recurrent neural net-
works or Transformers. Usually, histories are first compressed into representa-
tions z = fy(h) where fy: H — Z is the sequence function approximator. It
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can be written Qg(h,a) = go(fo(h),a) for the history-dependent Q-function
approximator, 7y(hla) = gy(a|fy(h)) for the history-dependent policy, and
qo(r,0'|h,a) = g4(r,0'| fo (), a) for the history-dependent world model.

As a result of this compression of the history, we have to make sure to learn a
statistic z = fy(h) of the history h that is sufficient for predicting the Q-function,
for optimal control, or for predicting the transition, respectively. This is the
concern of this thesis, which will notably investigate the representations that are
learned by these methods, develop methods to learn sufficient representations,
and study the impact of insufficient representations.

20



Part 1

Learning and Remembering
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Learning and Remembering

In this part, we question the interplay between memory and learning. First,
we study the internal representations that are learn by recurrent model-free
reinforcement learning in partially observable Markov decision processes. We
empirically verify that the hidden states of recurrent reinforcement learning
agent naturally encodes the posterior distribution over the states, known as the
belief. Second, we study a new initialization procedure for recurrent neural
networks that endows them with a long lasting memory. More precisely, we
empirically show that maximizing their number of attractors results in a better
memory and a better learning ability.
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Chapter 3

Learning for Remembering

Recurrent Networks, Hidden States and Beliefs in Partially Observable Enuvi-
ronments. Gaspard Lambrechts, Adrien Bolland and Damien Ernst.

From the paper published in the Transactions on Machine Learning Research.

Abstract

Reinforcement learning aims to learn optimal policies from interaction with
environments whose dynamics are unknown. Many methods rely on the ap-
proximation of a value function to derive near-optimal policies. In partially
observable environments, these functions depend on the complete sequence of
observations and past actions, called the history. In this work, we empirically
show that recurrent neural networks trained to approximate such value func-
tions internally filter the posterior probability distribution of the current state
given the history, called the belief. More precisely, we show that, as a recurrent
neural network learns the Q-function, its hidden states become more and more
correlated with the beliefs of state variables that are relevant to optimal control.
This correlation is measured through their mutual information. In addition, we
show that the expected return of an agent increases with the ability of its recur-
rent architecture to reach a high mutual information between its hidden states
and the beliefs. Finally, we show that the mutual information between the hid-
den states and the beliefs of variables that are irrelevant for optimal control
decreases through the learning process. In summary, this work shows that in
its hidden states, a recurrent neural network approximating the Q-function of a
partially observable environment learns a sufficient statistic of the history that
is correlated to the relevant part of the belief for taking optimal actions.
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3.1 Introduction

Latest advances in reinforcement learning (RL) rely heavily on the ability to
approximate a value function (i.e., state or state-action value function). Modern
RL algorithms have been shown to be able to produce approximations of the
value functions of Markov decision processes (MDP) from which high-quality
policies can be derived, even in the case of continuous and high-dimensional
state and action spaces [Mnih et al., 2015, Lillicrap et al., 2015, Mnih et al., 2016,
Haarnoja et al., 2018, Hessel et al., 2018]. The adaptation of these techniques
to partially observable MDPs (POMDP) is not straightforward. Indeed, in such
environments, the agent only receives partial observations of the underlying
state of the environment. Unlike MDPs where the value functions are written
as functions of the current state, in POMDPs the value functions are written
as functions of the complete sequence of observations and past actions, called
the history. Moreover, the value functions of a history can equivalently be
written as functions of the posterior probability distribution over the current
state given this history [Astrom, 1965]. This posterior probability distribution
is called the belief and is said to be a sufficient statistic of the history for the
value functions of the POMDP [Striebel, 1965]. However, the computation of the
belief requires the POMDP model to be known and is generally intractable with
large or continuous state spaces. For these two reasons, practical RL algorithms
rely on the definition of the value functions as functions of the complete history
(i.e., history or history-action value function), while the definition of the value
functions as functions of the belief (i.e., belief or belief-action value function) is
more of theoretical interest.

Approximating the value functions as functions of the histories requires one
to use function approximators that are able to process sequences of arbitrary
length. In practice, RNNs are good candidates for such approximators [Bakker,
2001, Wierstra et al., 2007, Hausknecht and Stone, 2015, Heess et al., 2015].
RNNs are parametric approximators that process sequences, time step by time
step, exhibiting memory through a hidden state that is passed recurrently over
time. The RNN is thus tasked with outputting the value directly from the his-
tory. We focus on the approximation of the history-action value function, or
Q-function, using a parametric recurrent Q-learning (PRQL) algorithm. More
precisely, RNNs are trained with the deep recurrent Q-network (DRQN) algo-
rithm [Hausknecht and Stone, 2015, Zhu et al., 2017].

Since we know that the belief is a sufficient statistic of the history for the Q-
function of this history [Astrom, 1965], we investigate whether RNNs, once
trained, reproduce the belief filter when processing a history. This investigation
is conducted in this work by studying the performance of the different agents
with regard to the mutual information (MI) between their hidden states and
the belief. We focus on POMDPs for which the models are known. The bench-
marks chosen are the T-Maze environments [Bakker, 2001] and the Mountain
Hike environments [Igl et al., 2018]. The first ones present a discrete state space,
allowing one to compute the belief using Bayes’ rule, and representing this dis-
tribution over the states in a vector whose dimension is equal to the number
of states. The second ones present a continuous state space, making the belief
update intractable. We thus rely on particle filtering in order to approximate
the belief by a set of states, called particles, distributed according to the belief

26



distribution. The MI between the hidden states and the beliefs is periodically es-
timated during training, using the mutual information neural estimator (MINE)
algorithm [Belghazi et al., 2018]. The MINE estimator is extended with the deep
set architecture [Zaheer et al., 2017] in order to process sets of particles in the
case of POMDPs with continuous state-spaces. This methodology allows one
to measure the ability and tendency of recurrent architecture to reproduce the
belief filter when trained to approximate the Q-function.

In [Mikulik et al., 2020], a similar study is performed in the meta-learning
setting. In this setting, an MDP is drawn from a distribution of MDPs at each
episode. This problem can be equivalently modeled as a particular subclass of
POMDP [Ghosh et al., 2021]. The authors show empirically, among others, that
the hidden state of an RNN-based policy and the statistic of the optimal policy
can be mapped one into the other with a low dissimilarity measure. In contrast,
we consider arbitrary POMDPs and show empirically that information about
the belief, a statistic known to be sufficient for optimal control, is encoded in
the hidden states.

In Section 3.2, we formalize the problem of optimal control in POMDPs, we
present the PRQL algorithm for deriving near-optimal policies and we explain
the MINE algorithm for estimating the MI. In Section 3.3, the beliefs and hidden
states are defined as random variables whose MI is measured. Section 3.4 gives
the results obtained for the considered POMDPs. Finally, Section 3.5 concludes
and proposes several future works and algorithms motivated by our results.

3.2 Background

In Subsection 3.2.1, POMDPs are introduced, along with the belief, policy, and
Q-functions associated with such decision processes. In Subsection 3.2.2, we
introduce the DRQN algorithm that is used in our experiments. This algorithm
is a particular instance of the PRQL class of algorithms that allows to approx-
imate the Q-function for deriving a near-optimal policy in a POMDP. Finally,
in Subsection 3.2.3, we present the MINE algorithm that is used for estimating
the MI between the hidden states and beliefs in our experiments.

3.2.1 Partially Observable Markov Decision Processes

In this work, the environments are modeled as POMDPs. Formally, a POMDP
P is a tuple P = (S,A4,0,T,R,0, P,v) where S is the state space, A is the
action space, and O is the observation space. The initial state distribution P
gives the probability P(sp) of s € S being the initial state of the decision
process. The dynamics are described by the transition distribution 7" that gives
the probability T'(s;y1|st,at) of s;11 € S being the state resulting from action
a; € A in state s; € S. The reward function R gives the immediate reward
ry = R(st, at, s¢11) obtained after each transition. The observation distribution
O gives the probability O(o¢|s;) to get observation o, € O in state s; € S.
Finally, the discount factor v € [0, 1) weights the relative importance of future
rewards.

Taking a sequence of ¢ actions (ag.;—1) in the POMDP conditions its execution
and provides a sequence of t + 1 observations (0g.;). Together, they compose
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the history h; = (0o, aq,...,0:) € H; until time step ¢, where H; is the set of
such histories. Let h € H denote a history of arbitrary length sampled in the
POMDP, with H = [J;2, H: the set of histories of arbitrary length.

In the following, we denote with uppercase letters the random variables S;, Ay,
O,, H;, R;, and with lowercase letters their realizations s;, a; o¢, hy and ry.

A policy n € H in a POMDP is a mapping from histories to actions, where
H =H — Ais the set of such mappings. A policy n* € H is said to be optimal
when it maximizes the expected discounted sum of future rewards starting from
any history h € H,

o0
n* € arg max K" Z YR,
ne€H t=0

Hy = h] , Vh e . (3.1)

The history-action value function, or Q-function, is defined as the maximal
expected discounted reward that can be gathered, starting from a history h € H
and an action a € A,

Q(h,a) = nealif( E" lz V'R,

H() = h, AO = a] s (32)
t=0

The Q-function is also the unique solution of the Bellman equation [Smallwood
and Sondik, 1973, Kaelbling et al., 1998, Porta et al., 2006],

Q(h,a) = E[R—i—vrrllgiQ(H’,A') ’ H=hA= a], (3.3)

where H' = (H, A,0') and R is the immediate reward obtained when taking ac-
tion A in history H. From equation (3.1) and equation (3.2), it can be observed
that any optimal policy satisfies,

n*(h) € argmax Q(h,a), Yh € H. (3.4)
acA

Let A(S) be the set of probability measures over the state space S. The belief
b € A(S) of a history h € H is defined as the posterior probability distribution
over the states given the history, such that b(s) = p(s|h), Vs € S [Thrun,
2002]. The belief filter f is defined as the function that maps a history h to its
corresponding belief b,

F(h) =b, Vh € H. (3.5)

Formally, for an initial observation h = (o), the belief b = f(h) is defined by,

b(s) = VseS (3.6)

P(s)O(0ls)
Js P(s")O(o|s") ds'’

and for a history h' = (h,a,0’), the belief b’ = f(h') is recursively defined by,

O(|s") [ T(s']s,a) b(s)ds

bl = fs O(o'|s") fs T(s'|s,a) b(s)dsds’’

vs' e S. (3.7)
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where b = f(h). Equation (3.7) provides a way to update the belief b to b’
through a filter step f once observing new information (a,0’),

b = u(b;a,o). (3.8)

A statistic of the history is defined as any function of the history. The belief
is known to be a sufficient statistic of the history in order to act optimally
[Bertsekas, 2012]. It means that the Q-function only depends on the history
through the belief computed from this same history. It implies in particular
that the Q-function takes the following form,

Q(h,a) = Q' (f(h),a), Yh € H, Ya € A (3.9)

where Q': A(S) x A — R is called the belief-action value function, or belief Q-
function. This function gives the maximal expected discounted reward starting
from a belief b € A(S) and an action a € A, where the belief b = f(h) results
from an arbitrary history h € H. Although the exact belief filter is often
unknown or intractable, this factorization of the Q-function still motivates the
compression of the history in a statistic related to the belief, when processing
the history for predicting the Q-function.

3.2.2 Parametric Recurrent Q-learning

We call PRQL the family of algorithms that aim at learning an approximation
of the Q-function with a recurrent architecture Qg, where § € R% is the pa-
rameter vector. These algorithms are motivated by equation (3.4) that shows
that an optimal policy can be derived from the Q-function. The strategy con-
sists of minimising, with respect to 8, for all (h,a), the distance between the
estimation Qg(h,a) of the LHS of equation (3.3), and the estimation of the ex-
pectation E[r ++ymax,ea Qo(h,a’)] of the RHS of equation (3.3). This is done
by using transitions (h,a,r, o', h’) sampled in the POMDP, with b’ = (h, a,0’).
In its simplest form, given such a transition, the PRQL algorithm updates the
parameters § € R% of the function approximator according to,

0+ 0+« (r + 7 max {Qo(R,a")} — Qo(h, a)) VoQo(h,a). (3.10)

This update corresponds to a gradient step in the direction that minimizes,
with respect to 6 the squared distance between Qg(h,a) and the target r +
ymaxgea {Qo(h',a’)} considered independent of §. It can be noted that, in
practice, such algorithms introduce a truncation horizon H such that the histo-
ries generated in the POMDP have a maximum length of H. From the approx-
imation Qg, the policy 7y is given by ng(h) = arg max,c 4 Qo(h,a). Equation
(3.4) guarantees the optimality of this policy if Q9 = Q. Even though it will
alter the performance of the algorithm, any policy can be used to sample the
transitions (h,a,r, o', h’).

The function approximator Qg of PRQL algorithms should be able to process
inputs h € H of arbitrary length, making RNN approximators a suitable choice.
Indeed, RNNs process the inputs sequentially, exhibiting memory through hid-
den states that are outputted after each time step, and processed at the next
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time step along with the following input. More formally, let xo.: = [0, ..., %]
with ¢t € Ny be an input sequence. At any step k € {0,...,t}, RNNs maintain
an internal memory state z; through the update function (3.11) and output a
value y, through the output function (3.12). The initial state z_; is given by
the initialization function (3.13).

2k = UQ(Z]C,hZL'k), Vk € Ny, (311)
Yr = 0g(z1), Yk € No, (3.12)
21 = ip. (3.13)

These networks are trained based on backpropagation through time where gra-
dients are computed in a backward pass through the complete sequence via the
hidden states [Werbos, 1990]. The following recurrent architectures are used
in the experiments: the long short-term memory (LSTM) by Hochreiter and
Schmidhuber [1997], the gated recurrent unit (GRU) by Chung et al. [2014], the
bistable recurrent cell (BRC) and recurrently neuromodulated bistable recur-
rent cell (nBRC) by Vecoven et al. [2021], and the minimal gated unit (MGU)
by Zhou et al. [2016].

In the experiments, we use the DRQN algorithm [Hausknecht and Stone, 2015,
Zhu et al., 2017] to learn policies. This algorithm is a PRQL algorithm that
shows good convergence even for high-dimensional problems. The DRQN algo-
rithm is detailed in Algorithm 3.1 of Appendix 3.B. In this algorithm, for a given
history h; of arbitrary length ¢, the inputs of the RNN are zp = (ag_1,0x), k =
1,...,t and o = (0,00), and the output of the RNN at the last time step
yr = 0p(z) € RM! gives y** = Qg(hy, ay), for any a; € A. We also define the
composition fp: H — R% of equation (3.13) and equation (3.11) applied on the
complete history, such that,

ug(fo(hi—1), ), t>1

3.14
Ug(?:97l't)7 t:() ( )

2t = fe(ht) = {

3.2.3 Mutual Information Neural Estimator

In this work, we are interested in establishing whether a recurrent function ap-
proximator reproduces the belief filter during PRQL. Formally, this is performed
by estimating the MI between the beliefs and the hidden states of the RNN ap-
proximator (Qy. In this subsection, we recall the concept of MI and how it can
be estimated in practice.

The MI is theoretically able to measure any kind of dependency between random
variables [Kraskov et al., 2004]. The MI between two jointly continuous random
variables X and Y is defined as,

VY — p(z,y)

I(X;Y) /X /yp(x, y) log ox (@) oy @) dz dy (3.15)
where X and ) are the support of the random variables X and Y respectively,
p is the joint probability density function of X and Y, and px and py are the
marginal probability density functions of X and Y, respectively. It is worth
noting that the MI can be defined in terms of the Kulback-Leibler (KL) diver-
gence between the joint p and the product of the marginals ¢ = px ® py, over
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the joint space Z = X x ),

IX:Y) = Dralp | 0) = [ ) 1og ({;Ei) az (3.16)

In order to estimate the MI between random variables X and Y from a dataset
{ (s, yi)}f\il, we rely on the MINE algorithm [Belghazi et al., 2018]. This tech-
nique is a parametric approach where a neural network outputs a lower bound
on the MI, that is maximized by gradient ascent. The lower bound is derived
from the Donsker-Varhadan representation of the KL-divergence [Donsker and
Varadhan, 1975],

Dxir(p |l q) = T;sg]iR EZNP [T(2)] — log (EZNq {eT(z)D (3.17)

where the supremum is taken over all functions 7" such that the two expectations
are finite. The lower bound I5(X;Y) on the true MI I(X;Y") is obtained by
replacing T' by a parameterized function Ty : Z — R with ¢ € ®, and taking the
supremum over the parameter space ® of this function. If ® corresponds to the
parameter space of a neural network, then this lower bound can be approached
by gradient ascent using empirical means as estimators of the expectations.
The resulting procedure for estimating the MI is given in Algorithm 3.3 in
Appendix 3.D.

3.3 Measuring the Correlation Between Hidden
States and Beliefs

In this work, we study if PRQL implicitly approximates the belief filter by
reaching a high MI between the RNN’s hidden states and the beliefs, that are
both generated from random histories. In this section, we first explain the
intuition behind this hypothesis, then we define the joint probability distribution
over the hidden states and beliefs that defines the MI.

As explained in Section 3.2, the belief filter is generally intractable. As a conse-
quence, PRQL algorithms use approximators Qg that directly take the histories
as input. In the DRQN algorithm, these histories are processed recurrently ac-
cording to equation (3.11), producing a new hidden state z; after each input
Ty = (at71,0t)7

zt = ug(ze—1; (ag—1, 01)). (3.18)

These hidden states should thus summarize all relevant information from past
inputs in order to predict the Q-function at all later time steps. The belief
is known to be a sufficient statistic of the history for these predictions (3.9).
Moreover, the belief b; is also updated recurrently, according to equation (3.8)
after each transition (a;_1,0;),

bt = u(bt_l;at_l,ot). (319)

The parallel between equation (3.18) and equation (3.19), knowing the suffi-
ciency of the belief (3.9), justifies the appropriateness of the belief update u as
the update function ug of the RNN approximator (Qy. It motivates the study of
the reconstruction of the belief filter by the RNN.
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This is done through the estimation of the MI between the hidden state z; and
the belief b, at any time step t € Ny. Formally, for a given history length
t € Ny, the policy 1y of the learning algorithm, as defined in Subsection 3.2.2,
induces a distribution p,, (h|t) over histories h € H. This conditional probability
distribution is zero for all history of length ¢’ # ¢. Given a distribution p(t) over
trajectory lengths, the joint distribution p(z,b) is given by,

(.8 = 3 00) [ plebih) py, (111 (320)
=0

o+

where p(z,b|h) is a Dirac distribution for z = fp(h) and b = f(h) given by
equation (3.14) and equation (3.5), respectively. In the following, we estimate
the MI between z and b under their joint distribution (3.20).

3.4 Experiments

In this section, the experimental protocol and environments are described and
the results are given. More specifically, in Subsection 3.4.1, we describe the
estimates that are reported in the figures. The results are reported for four
different POMDPs: the T-Maze and Stochastic T-Maze in Subsection 3.4.2,
and the Mountain Hike and Varying Mountain Hike in Subsection 3.4.3. After-
wards, in Subsection 3.4.4, irrelevant state variables and observations are added
to the decision processes, and the MI is measured separately between the hid-
den states and the belief of the relevant and irrelevant variables. Finally, in
Subsection 3.4.5, we discuss the results obtained in this section, and propose an
additional protocol to study their generalization.

3.4.1 Experimental Protocol

As explained in Subsection 3.2.2; the parameters 6 of the approximation @QQy are
optimized with the DRQN algorithm. After e episodes of interaction with the
POMDP, the DRQN algorithm gives the policy 7y, (h) = arg max,c 4 Qo, (h, a).
In the experiments, the empirical return J(6,) of the policy 7, is reported,
along with the estimated MI I(6,) between the random variables z and b under
the distribution (3.20) implied by 7y, . Each estimate is reported averaged over
four training sessions. In addition, confidence intervals show the minimum and
maximum of these estimates.

The empirical return is defined as J(6,) = %Zf:_ol fI: o tri where T is the
number of Monte Carlo rollouts, H the truncation horizon of the DRQN algo-
rithm, and r¢ is the reward obtained at time step ¢ of Monte Carlo rollout 7. As
far as the estimation of the MI is concerned, we sample time steps with equal
probability p(t) = 1/H, t € {0,..., H—1}, where H is the truncation horizon of
the DRQN algorithm. The uniform distribution over time steps and the current
policy 7, define the probability distribution (3.20) over the hidden states and
beliefs. The MI is estimated from samples of this distribution using the MINE
estimator [ (0.) (see Subappendix 3.D.1 for details). The hyperparameters of

the DRQN and MINE algorithms are given in Appendix 3.E.

For POMDPs with continuous state spaces, the computation of the belief b is
intractable. However, a set of state particles .S that follows the belief distribution
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f(h) can be sampled, using particle filtering (see Appendix 3.C). This set of
particles could be used to construct an approximation of the belief in order to
estimate the MI. This density estimation procedure is nonetheless unnecessary
as the MINE network can directly process the set of particles by producing a
permutation-invariant embedding of the belief using the deep set architecture
[Zaheer et al., 2017], see Subappendix 3.D.2 for details.

3.4.2 Deterministic and Stochastic T-Mazes

Up (L, 1)
0,00  (1L0) (20 (30 (40 - | (L0)
(L.-1)

Down (L,1)
0,00 (LO) (200 (30 (40 . (L,0)
(L.-1)

Figure 3.1: T-Maze state space.

The T-Maze is a POMDP where the agent is tasked with finding the treasure
in a T-shaped maze (see Figure 3.1). The state is given by the position of the
agent in the maze and the maze layout that indicates whether the treasure lies
up or down after the crossroads. The initial state determines the maze layout,
and it never changes afterwards. The initial observation made by the agent
indicates the layout. Navigating in the maze provides zero reward, except when
bouncing onto a wall, in which case a reward of —0.1 is received. Finding the
treasure provides a reward of 4. Beyond the crossroads, the states are always
terminal. The optimal policy thus consists of going through the maze, while
remembering the initial observation in order to take the correct direction at the
crossroads. This POMDP is parameterized by the corridor length L € N and
stochasticity rate A € [0, 1] that gives the probability of moving in a random
direction at any time step. The Deterministic T-Maze (A = 0) was originally
proposed in [Bakker, 2001]. The discount factor is v = 0.98. This POMDP is
formally defined in Subappendix 3.A.2.

As explained in Subsection 3.2.2, the histories can be sampled with an arbitrary
policy in PRQL algorithms. In practice, the DRQN algorithm uses an e-greedy
stochastic policy that selects its action according to the current policy with
probability 1 — ¢, and according to the exploration policy £(.A) with probability
e. Usually, the exploration policy is chosen to be the uniform distribution Z/(.A)
over the action. However, for the T-Maze, the exploration policy £(.A) is tailored
to this POMDP to alleviate the exploration problem, that is independent of the
study of this work. The exploration policy forces one to walk through the
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right of the corridor with £(Right) = 1/2 and £(Other) = 1/6 where Other €
{Up, Left, Down}.
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Figure 3.2: Deterministic T-Maze (L = 50). Evolution of the return .J(f,) and
the mutual information I(6.) after e episodes (left), and the return J(6,) with
respect to the mutual information I(6.) (right). The maximal expected return
is given by the dotted line.

On the left in Figure 3.2, the expected return is shown along with the MI
between the hidden states and the belief as a function of the number of episodes,
for a T-Maze of length L = 50. In order to better disambiguate between high-
quality policies, the empirical return is displayed with an exponential scale in
the following graphs. Both the performance of the policy and the MI increase
during training. We also observe that, at any given episode, RNNs that have a
higher return, such as the nBRC or the BRC, correspond to cells that have a
higher MI between their hidden states and the belief. Furthermore, the LSTM
that struggles to achieve a high return has a significantly lower MI than the
other cells. Finally, we can see that the evolution of the MI and the return are
correlated, which is highlighted on the right in Figure 3.2. Indeed, the return
increases with the MI, with a linear correlation coefficient of 0.8233 and a rank
correlation coefficient of 0.6419. These correlations coefficients are also detailed
for each cell separately in Appendix 3.G. It can also be noted that no RNN
with less than 5 bits of MI reaches the maximal return.

In Figure 3.3, we can see that all previous observations also hold for a T-Maze
of length L = 100. On the left, we can see that the lower the MI, the lower
the return of the policy. For this length, in addition to the LSTM, the GRU
struggles to achieve the maximal return, which is reflected in the evolution of its
MI that increases more slowly than for the other RNNs. It is also interesting to
notice that, on average, the MGU overtake the BRC in term of return after 2000
episodes, which is also the case for the MI. Here, the linear correlation coefficient
between the MI and the return is 0.5347 and the rank correlation coefficient is
0.6666. Once again, we observe that a minimum amount of MI between the
hidden states and the belief is required for the policy to be optimal. Here, at
least 5.0 bits of MI is necessary.

In Figure 3.4, the results are shown for the Stochastic T-Maze with L = 50
and A = 0.3. On the contrary to the Deterministic T-Maze, where the belief
is a Dirac distribution over the states, there is uncertainty on the true state
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Figure 3.3: Deterministic T-Maze (L = 100). Evolution of the return J(6,) and
the mutual information I(6,) after e episodes (left), and the return J(6,) with
respect to the mutual information I(6,) (right). The maximal expected return
is given by the dotted line.
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Figure 3.4: Stochastic T-Maze (L = 50, A = 0.3). Evolution of the return .J(6,)
and the mutual information 7(6,.) after e episodes (left), and the return .J(6.)
with respect to the mutual information I(6.) (right). The maximal expected
return is given by the dotted line.

in this environment. We can nevertheless observe that previous observations
hold for this environment too. The MI and the expected return are indeed both
increasing throughout the training process, and the best performing RNNs, such
as the BRC and nBRC, have a MI that increases faster and stays higher, while
the LSTM struggles to reach both a high return and a high MI. Here, the linear
correlation coefficient between the MI and the return is 0.5460 and the rank
correlation coefficient is 0.6403. It can also be noticed on the right that the best
performing policies have a MI of at least 4.5 bits in practice.

In the Deterministic T-Maze, it can be observed that the estimated lower bounds
I4(z,0) on the MI that are obtained by the MINE estimator are tight. Indeed,
in this environment, the hidden state and belief are discrete random variables
and their mutual information is thus upper bounded by the entropy of the
belief. Moreover, the belief is a Dirac distribution that gives the actual state
with probability one. Under the optimal policy, each state is visited with equal
probability, such that the entropy of the belief is given by log,(102) = 6.6724
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for the Deterministic T-Maze of length L = 50, where 102 is the number of
non terminal states. As can be seen in Figure 3.2, the optimal policies reach an
estimated MI around 6.5 at maximum, which nearly equals the upper bound.
The same results is obtained for the Deterministic T-Maze of length L = 100,
where the entropy of the belief is given by log,(202) = 7.658 and the optimal
policies reach an estimated MI around 7.0 at maximum, as can be seen in
Figure 3.3. We expect this result to generalize to other environments even if
this would be difficult to verify in practice for random variables with large or
continuous spaces.

3.4.3 Mountain Hike and Varying Mountain Hike

g 000N, ,

—0.251
—0.501

1
—0.751
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-1.0 —0.5 0.0 0.5 1.0
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Figure 3.5: Mountain Hike altitude function.

The Mountain Hike environment is a POMDP modeling an agent walking through
a mountainous terrain. The agent has a position on a two-dimensional map and
can take actions to move in four directions relative to its initial orientation: For-
ward, Backward, Right and Left. First, we consider that its initial orientation
is always North. Taking an action results in a noisy translation in the corre-
sponding direction. The translation noise is Gaussian with a standard deviation
of o = 0.05. The only observation available is a noisy measure of its relative
altitude to the mountain top, that is always negative. The observation noise
is Gaussian with a standard deviation of oo = 0.1. The reward is also given
by this relative altitude, such that the goal of this POMDP is to to obtain the
highest possible cumulative altitude. Around the mountain top, the states are
terminal. The optimal policy thus consists of going as fast as possible towards
those terminal states while staying on the crests in order to get less negative
rewards than in the valleys. This environment is represented in Figure 3.5. This
POMDP is inspired by the Mountain Hike environment described in [Igl et al.,
2018]. The discount factor is v = 0.99. We also consider the Varying Mountain
Hike in the experiments, a more difficult version of the Mountain Hike where
the agent randomly faces one of the four cardinal directions (i.e., North, West,
South, East) depending on the initial state. The agent does not observe its
orientation. As a consequence, the agent needs to maintain a belief about its
orientation given the observations in order to act optimally. This POMDP is
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formally defined in Subappendix 3.A.3.
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Figure 3.6: Mountain Hike. Evolution of the return A(ﬁe) and the mutual
information I(0.) after e episodes (left), and the return J(f.) with respect to
the mutual information I(6.) (right).

Figure 3.6 shows on the left the expected return and the MI during training
for the Mountain Hike environment. It is clear that the DRQN algorithm pro-
motes a high MI between the belief and the hidden states of the RNN, even
in continuous-state environments. It can also be seen that the evolution of the
MI and the evolution of the return are strongly linked throughout the training
process, for all RNNs. We can also see on the right in Figure 3.6 that the cor-
relation between MI and performances appears clearly for each RNN. For all
RNNS, the linear correlation coefficient is 0.5948 and the rank correlation coeffi-
cient is 0.2965. In particular, we see that the best policies, with a return around
—20, are clearly separated from the others and have a significantly higher MI
on average.
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Figure 3.7: Varying Mountain Hike. Evolution of the return J: (fe) and the mu-
tual information I(f.) after e episodes (left), and the return J(6e) with respect
to the mutual information 7(6.) (right).

In Figure 3.7, we can see the evolution and the correlation between the return
and the MI for the Varying Mountain Hike environment. The correlation is
even clearer than for the other environments. This may be due to the fact that
differences in term of performances are more pronounced than for the other
experiments. Again, the worse RNNs such as the LSTM and the BRC have a
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significantly lower MI compared to the other cells. In addition, the performances
of any RNN is strongly correlated to their ability to reproduce the belief filter,
as can be seen on the right, with a sharp increase in empirical return as the MI
increases from 2.5 to 4.5 bits. More precisely, the linear correlation coefficient
between the MI and the return is 0.5982 and the rank correlation coefficient is
0.6176. This increase occurs throughout the training process, as can be seen on
the left.

3.4.4 Belief of Variables Irrelevant for Optimal Control

Despite the belief being a sufficient statistic of the history in order to act op-
timally, it may be that only the belief of some state variables is necessary for
optimal control. In this subsection, we show that approximating the Q-function
with an RNN will only tend to reconstruct the necessary part, naturally filtering
away the belief of irrelevant state variables.

In order to study this phenomenon, we construct a new POMDP P’ from a
POMDP P by adding new state variables, independent of the original ones,
and irrelevant for optimal control. More precisely, we add d irrelevant state
variables s! that follows a Gaussian random walk. In addition, the agent acting
in the POMDP P’ obtains partial observations o of the new state variables
through an unbiased Gaussian observation model. Formally, the new states and
observations are distributed according to,

p(s5) = ¢(s5; 0,1), (3.21)
p(stI+1|StI) = ¢(S{+1; Stlv 1)7 vt e NU? (3'22)
plof|sf) = ¢(of; s7,1), Wt € Ny, (3.23)

where ¢(z; p,X) is the probability density function of a multivariate random
variable of mean p € R? and covariance matrix 3 € R?¥*?_ evaluated at 2 € RY,
and 1 is the identity matrix.
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Figure 3.8: Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of the return J(6,.) and the mutual information I(6,) for the belief
of the irrelevant and relevant state variables after e episodes, for the GRU cell.
The maximal expected return is given by the dotted line.

Figure 3.8 shows the return and the MI measured for the GRU on the T-Maze
environment with L = 50. It can be observed, as for the classic T-Maze envi-
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ronment, that the MI between the hidden states and the belief of state variables
that are relevant to optimal control increases with the return. In addition, the
MI with the belief of irrelevant variables decreases during training. It can also
be seen that, for d = 4, the MI with the belief of irrelevant variables remains
higher than the MI with the belief of relevant variables, due to the high entropy
of this irrelevant process. Finally, it is interesting to note that the MI continues
to increase (resp. decrease) with the belief of relevant (resp. irrelevant) variables
long after the optimal policy is reached, suggesting that the hidden states of the
RNN still change substantially. Similar results are obtained for the other cells
(see Appendix 3.H).
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Figure 3.9: Mountain Hike with d irrelevant state variables. Evolution of the
return J(6,) and the mutual information I(6.) for the belief of the irrelevant
and relevant state variables after e episodes, for the GRU cell.

Figure 3.9 shows the return and the MI measured for the GRU on the Mountain
Hike environment. The same conclusions as for the T-Maze can be drawn, with
a clear increase of the MI for the relevant variables throughout the training
process, and a clear decrease of the MI for the irrelevant variables. In addition,
it can be seen that the optimal policy is reached later when there are more irrel-
evant variables. It is also clear that adding more irrelevant variables increases
the entropy of the irrelevant process, which leads to a higher MI between the
hidden states and the irrelevant state variables. Similar results are obtained for
the other cells (see Appendix 3.H).

3.4.5 Discussion

As shown in the experiments, under the distribution induced by a recurrent pol-
icy trained using recurrent Q-learning, its hidden state provide a high amount
of information about the belief of relevant state variables, at any time step. The
hidden state of the RNN is thus a statistic of the history that encodes informa-
tion about the belief. In addition, at any time step, the network performs an
update of this statistic, based on the actions and observations that are observed.
The RNN thus implements a filter that provides a statistic encoding the belief.

However, it was only shown that the RNN produces such a statistic under the
distribution of histories induced by the learned policy. For the sake of robust-
ness of the policy to perturbations of histories, we might want this statistic to
also provide information about the belief under other distribution of histories.
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In Appendix 3.F, we propose an experimental protocol to study the general-
ization of the learned statistics. The results show that the MI between the
hidden states and the beliefs also increases throughout the training process,
under distributions induced by various e-greedy policies, even the fully random
policy. We impute those results to the following reasons. First, the DRQN al-
gorithm approximates the Q-function, which generally requires a richer statistic
of the history than the optimal policy. Second, the DRQN algorithm makes use
of exploration, which allows the RNN to learn from histories that are diverse.
However, we still observe that the higher the noise, the lower the MI. From these
results, we conclude that the statistic that is learned by the network generalizes
reasonably well to other distributions of histories.

3.5 Conclusion

In this work, we have shown empirically for several POMDPs that RNNs ap-
proximating the Q-function with a recurrent Q-learning algorithm [Hausknecht
and Stone, 2015, Zhu et al., 2017] produces a statistic in their hidden states that
provide a high amount of information about the belief of state variables that are
relevant for optimal control. More precisely, we have shown that the MI between
the hidden states of the RNN and the belief of states variables that are relevant
for optimal control was increasing throughout the training process. In addition,
we have shown that the ability of a recurrent architecture to reproduce, through
a high MI, the belief filter conditions the performance of its policy. Finally, we
showed that the MI between the hidden states and the beliefs of state variables
that are irrelevant for optimal control decreases through the training process,
suggesting that RNNs only focus on the relevant part of the belief.

This work also opens up several paths for future work. First, this work suggests
that enforcing a high MI between the hidden states and the beliefs leads to an
increase in the performances of the algorithm and in the return of the resulting
policy. While other works have focused on an explicit representation of the belief
in the hidden states [Karkus et al., 2017, Tgl et al., 2018], which required to design
specific recurrent architectures, we propose to implicitly embed the belief in the
hidden state of any recurrent architecture by maximising their MI. When the
belief or state particles are available, this can be done by adding an auxiliary loss
such that the RNN also maximizes the MI. In practice, this can be implemented
by backpropagating the MINE loss beyond the MINE architecture through the
unrolled RNN architecture, such that the hidden states are optimized to get a
higher MI with the beliefs.

Moreover, this work could be extended to algorithms that approximate other
functions of the histories than the Q-function. Notably, this study could be
extended to the hidden states of a recurrent policy learned by policy-gradient
algorithms or to the hidden states of the actor and the critic in actor-critic
methods. We may nevertheless expect to find similar results since the value
function of a policy tends towards the optimal value function when the policy
tends towards the optimal policy.
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3.A Environments

In this section, the class of environments that are considered in this work are
introduced. Then, the environments are formally defined.

3.A.1 Class of Environments

In the experiments, the class of POMDPs that are considered is restricted to
those where we can observe from o; if a state s; is terminal. A state s € S is
said to be terminal if, and only if,

T(s'|s,a) = d5(s"), Vs’ € §,Va € A, (3.24)
R(s,a,s') =0, Ya € A. (3.25)

where §; denotes the Dirac distribution centred in s € S. As can be noted,
the expected cumulative reward of any policy when starting in a terminal state
is zero. As a consequence, the Q-function of a history for which we observe a
terminal state is also zero for any initial action. The PRQL algorithm thus only
has to learn the Q-function of histories that have not yet reached a terminal
state. It implies that the histories that are generated in the POMDP can be
interrupted as soon as a terminal state is observed.

3.A.2 T-Maze Environments

The T-Maze environment is a POMDP (S, A, O, T, R, O, P,~) parameterized
by the maze length L € N and the stochasticity rate A € [0,1]. The formal
definition of this environment is given below.

m = Up o= (L,1)
c=(0,00 c=(1,0) c¢=(20) c=(3,00 c=(40) c=(50) c=(60) c=(L,0)
c=(L,~1)
m = Down c=(L1)
c=(0,00 c=(1,00 c¢=(20) c=(3,0 c=(40 c=(50 c=/(60) c=(L,0)
c=(L,~1)

Figure 3.10: T-Maze state space. Initial states in blue, terminal states in grey,
and treasure states hatched.

State space. The discrete state space S is composed of the set of positions C
for the agent in each of the two maze layouts M. The maze layout determines
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the position of the treasure. Formally, we have,

S=MxC, (3.26)
M = {Up,Down}, (3.27)
C ={(0,0),...,(L,0)}U{(L,1),(L,—1)}. (3.28)

A state s; € S is thus defined by s; = (my, ¢) with my € M and ¢; € C. Let
us also define F = {s; = (my, ;) € Sler € {(L,1),(L,—1)}} the set of terminal
states, four in number.

Action space. The discrete action space A is composed of the four possible
moves that the agent can take,

A ={(1,0),(0,1),(~1,0), (0, -1)}, (3.29)
that correspond to Right, Up, Left and Down, respectively.

Observation space. The discrete observation space O is composed of the
four partial observations of the state that the agent can perceive,

O = {Up, Down, Corridor, Junction}. (3.30)

Initial state distribution. The two possible initial states are s;® = (Up, (0, 0))

Down __

and s; = (Down, (0,0)), depending on the maze in which the agent lies. The
initial state distribution P: & — [0,1] is thus given by,

0.5 if s9= 55",
P(so) = 0.5 if sg = spovn, (3.31)

0 otherwise.

Transition distribution. The transition distribution function T: S x A X
S — [0,1] is given by,

T(St 1|5t at) _ 65t(8t+1) lf St S .F,
AR (1= N)0f(sea0)(St41) + 3 (Xuea Of(se.a)(St41))  otherwise,
(3.32)

where s; € S,a; € A and s;11 € S, and [ is given by,

(3.33)

st+1:(mt,ct+at) ifSt €.7:,Ct+at€C,
f(st,a) = .
St41 = (me, cp) otherwise,

where s; = (my,¢;) € S and a; € A.
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Reward function. The reward function R: S x A x § — R is given by,

0 if s4 € F,
0 if s¢ & F,s¢41 € F, St # St41,
—0.1 ifs; & F,s001 € F, 5t = 8441,

R(st,ae, 8t41) = 4 if sp & F 8141 € F,ce1 = (L,1),myy1 = Up,
4 if s & F,s141 € F,ce1 = (L, —1),myy1 = Down,
—0.1 if s & F, 841 € F,ce01 = (L,—1),msy1 = Up,
—0.1 ifsg & F,s401 € F,cey1 = (L, 4+1), myy1 = Down,

(3.34)
where s; = (my,¢) € S,ar € A and sp41 = (Mg, ¢e41) € S.

Observation distribution. In the T-Maze, the observations are determinis-
tic. The observation distribution O: & x O — [0, 1] is given by,

1 if o = Up, ¢ = (0,0),my = Up,
1 if o = Down, ¢; = (0,0), m; = Down,
O(o¢|s;) = ¢ 1 if o, = Corridor, ¢; € {(1,0),...,(L —1,0)}, (3.35)
1 if o = Junction, ¢; € {(L,0),(L,1),(L,-1)},
0 otherwise,

where s; = (my,¢;) € S and oy € O.

Exploration policy. The exploration policy £: A — [0,1] is a stochastic
policy that is given by £(Right) = 1/2 and £(Other) = 1/6 where Other €
{Up, Left, Down}. It enforces the exploration of the right hand side of the maze
layouts. This exploration policy, tailored to the T-Maze environment, allows
one to speed up the training procedure, without interfering with the study of
this work.

Truncation horizon. The truncation horizon H of the DRQN algorithm is
chosen such that the expected displacement of an agent moving according to
the exploration policy in a T-Maze with an infinite corridor on both sides is
greater than L. Let r = £(Right) and | = £(Left). In this infinite T-Maze, the
probability of increasing its position is p = (1 — A)r + A1 and the probability
of decreasing its position is ¢ = (1 — A\)l + )\i. As a consequence, starting at
0, the expected displacement after one time step is 7 = (1 — \)(r — ). By
independence, zy = Hzy such that, for zy > L, the time horizon is given by,

L
" [(1 e Z)] (3.36)
3.A.3 Mountain Hike Environments

The Varying Mountain Hike environment is a POMDP (S, A4,0,T, R, O, P,~)
parameterized by the sensor variance oo € R and the transition variance op €
R. The formal definition of this environment is given below.
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Figure 3.11: Mountain hike altitude function h in X

State space. The state space S is the set of positions X and orientations C
that the agent can take. Formally, we have,

S=XxC, (3.37)
X =[-1,173 (3.38)
C = {0°,90°,180°,270°}. (3.39)

The orientation ¢ = 0°,90°,180° and 270° corresponds to facing East, North,
West and South, respectively. The set of terminal states is,

F={s=(z,¢) € |||z — (0.8,0.8)[|< 0.1}. (3.40)

Action space. The discrete action space A is composed of the four possible
directions in which the agent can move,

A ={(0,0.1),(—0.1,0), (0,—0.1), (0.1,0)}. (3.41)

that correspond to Forward, Left, Backward and Right, respectively.
Observation space. The continuous observation space is O = R.

Initial state distribution. The initial position is always is always = =
(—0.8,—0.8) and the initial orientation is sampled uniformly in C, such that
the initial state distribution P: & — [0,1] is given by,

1
P(so) = Z m5((—0.8,—0.8),c)(50)~ (3.42)
ceC

Transition distribution. The transition distribution 7: S x A x § — [0, 1]
is given by the conditional probability distribution of the random variable
(8¢41]8¢, ar) that is defined as,

s o St ifStEF, (343)
A clampg (s; + R(c) a; + N(0,01))  otherwise, '
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where clampg(s) is the function that maps s to the point in § that minimizes
its distance with s, and,

R(c) = (cosc —Sinc>7 (3.44)

sinc cosc

is the two-dimensional rotation matrix for an angle c.

Reward function. The reward function R: § x A x § — R is given by,

0 if s, € F,

3.45
h(siy1) otherwise, (3.45)

R($t7at75t+1) = {

where s; € S,a; € A, 5441 € S, and h: S — R™ is the function that gives the
relative altitude to the mountain top in any state. Note that the altitude is
independent of the agent orientation.

Observation distribution. The observation distribution O: § x O — [0, 1]
is given by,
O(orst) = ¢(os; h(st), 05), (3.46)

where s; € S and o; € O, and where ¢(+; i, 0?) denotes the probability density
function of a univariate Gaussian random variable with mean p and standard
deviation o.

Mountain Hike. The Mountain Hike environment is a POMDP (S, 4,0, T,
R,0, P,~), parameterized by the sensor variance oo € R and the transition
variance o € R. The formal definition of this environment is identical to that
of the Varying Mountain Hike, except that the initial orientation of the agent is
always North, which makes it an easier problem. The initial state distribution
is thus given by,

P(SO) = 5((—0.8,—0.8)7900)(50)- (347)

Exploration policy. The uniform distribution U (.A) over the action space .4
is chosen as the exploration policy £(.A).

Truncation horizon. The truncation horizon of the DRQN algorithm is cho-
sen equal to H = 80 for the Mountain Hike environment and H = 160 for the
Varying Mountain Hike environment.

3.B Deep Recurrent Q-learning

The DRQN algorithm is an instance of the PRQL algorithm that introduces
several improvements over vanilla PRQL. First, it is adapted to the online set-
ting by interleaving the generation of episodes and the update of the estimation
Qy. In addition, in the DRQN algorithm, the episodes are generated with the
e-greedy policy o§: H — A(A), derived from the current estimation Qg. This
stochastic policy selects actions according to arg max,¢ 4 Qo (-, @) with probabil-
ity 1 —¢, and according to an exploration policy £(A) € A(A) with probability
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€. In addition, a replay buffer of histories is used and the gradient is evaluated
on a batch of histories sampled from this buffer. Furthermore, the parame-
ters 6 are updated with the Adam algorithm [Kingma and Ba, 2014]. Finally,
the target 7, + v max,ea Qo (hiy1,a) is computed using a past version Qg of
the estimation Qg with parameters 6’ that are updated to 6 less frequently,
which eases the convergence towards the target, and ultimately towards the
Q-function. The DRQN training procedure is detailed in Algorithm 3.1.

Algorithm 3.1: Deep recurrent Q-learning.

parameters: N € N the buffer capacity,
C € N the target update period (in episodes),
E € N the number of episodes,
H € N the truncation horizon,
I € N the number of gradient steps after each episode,
€ € R the exploration rate,
a € R the learning rate,
B € N the batch size.
inputs: £(A) € A(A) the exploration policy.
Initialize empty replay buffer 5.
Initialize parameters 6 randomly.
fore=0,...,E—1do
if e mod C' = 0 then
| Update target network with ¢’ = 6.
Draw an initial state so according to P and observe og.
Let ho = (00).
fort=0,...,H—1do
Select a: ~ E(A) with probability e, otherwise select
a; = argmax, ¢ 4 {Qo(hs,a)}.
Take action a; and observe r; and o0¢y1.
Let ht+1 = (00, ao,01,. .., Ot+1).
if |B| < N then add (h¢, a¢, ¢, 0141, het1) in replay buffer B
else replace oldest transition in replay buffer B by (h¢, at, 7+, 0141, htg1)-
if 0441 is terminal then
‘ break
fori=0,...,] —1do
Sample B transitions (h?,a?,r?, olt’H, h,’ZH) uniformly from the replay
buffer B.
Compute targets

b {rf + vy maxaea {Qe/(th,a)} if 0?_‘_1 is not terminal,
y =

¢ otherwise.

Compute loss L = 223:701 (yb — Qo(R}, al{))2.
Compute direction g using Adam optimizer.
Perform gradient step 6 = 0 + ag.

3.C Particle Filtering

As explained in Section 3.2, the belief filter becomes intractable for certain
POMDPs. In particular, POMDPs with continuous state space require one to
perform an integration over the state space. Furthermore, in these environ-
ments, the belief should be represented by a function over a continuous domain
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instead of a finite-dimensional vector. Such arbitrary beliefs cannot be repre-
sented in a digital computer.

To overcome these two difficulties, the particle filtering algorithm proposes to
represent an approximation of the belief by a finite set of samples that follows
the belief distribution. In other words, we represent b; € A(S) by the set of M
samples,

maM—1
Si = {s7 )0, (3.48)
where s € &, m = 0,...,M — 1 are independent realizations of the belief

distribution b;.

Particle filtering is a procedure that allows one to sample a set of states S; that
follow the belief distribution b;. The set is thus updated each time that a new
action a;_; is taken and a new observation o; is observed. Although this proce-
dure does not require to evaluate expression (3.8), it is necessary to be able to
sample from the initial state distribution P and from the transition distribution
T, and to be able to evaluate the observation distribution O. This process, il-
lustrated in Algorithm 3.2, guarantees that the successive sets Sy, ..., Sy have
(weighted) samples following the probability distribution by, ...,by defined by
equation (3.8).

Algorithm 3.2: Particle filtering.

parameters: M € N the number of particles
inputs: H € N the number of transitions,
ha = (00,a0,...,0H—1,aH—1,01) € Hu a history.
Sample 59, ..., sé\/[_ ~ P.
Let h = 0.
for m=0,...,M —1do
Let wg® = O(oolsg").
Let h = h 4+ w{'.
form=0,...,M —1do
‘ Let wy' = wg'/h.
Let So = {(s§", w§' )} o
fort=1,...,H do
Let h =0.
for m=0,...,.M —1do
Sample I € {0,...,M — 1} according to p(l) = w}_;.
Sample s ~ T(-|st_1,a:—1).
Let wi™ = O(o¢|si™).
Let h = h + wi".
for m=0,...,.M —1do
‘ Let wi™ = wi™/h.
Let S; = {(s7", wi™)}M 2

m=0"

return successive particles So, ..., SH.

Algorithm 3.2 starts from N samples from the initial distribution P. These
samples are initially weighted by their likelihood O(og|sfy). Then, we have three
steps that are repeated at each time step. First, the samples are resampled
according to their weights. Then, given the action, the samples are updated
by sampling from T'(:|s}, a;). Finally, these new samples are weighted by their
likelihood O(0¢41|s}, 1) given the new observation o;41, as for the initial samples.
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As stated above, this method ensures that the (weighted) samples follow the
distribution of the successive beliefs.

3.D Mutual Information Neural Estimator

In Subappendix 3.D.1, the MI estimator that is used in the experiments is for-
mally defined, and the algorithm that is used to derive this estimator is detailed.
In Subappendix 3.D.2; we formalize the extension of the MINE algorithm with
the deep set architecture.

3.D.1 Mutual Information Estimation

As explained in Subsection 3.2.3, the ideal MI neural estimator, for a parameter
space P, is given by,

Ip(X3;Y) = supiy(X;Y), (3.49)
peP
is(X;Y) =E,, [Ty(2)] — log (EM [eT«b(Z)] ) (3.50)

However, both the estimation of the expectations and the computation of the
supremum are intractable. In practice, the expectations are thus estimated with
the empirical means over the set of samples {(z", y")}ggol drawn from the joint
distribution p and the set of samples {(z", yj")}ﬁlz_ol obtained by permuting the
samples from Y, such that the pairs follow the product of marginal distributions
q = px®py. In order to estimate the supremum over the parameter space ®, the
MINE algorithm proposes to maximize i4(X;Y") by stochastic gradient ascent
over batches from the two sets of samples, as detailed in Algorithm 3.3. The final
parameters ¢* obtained by this maximization procedure define the estimator,

1 N-1 1 N-1
Fr_ - no,ny _ . Tyx (z™,9™)
I_NHZ:%TW(x ™) 1og<N;e¢ g ) (3.51)

that is used in the experiments. This algorithm was initially proposed in [Bel-
ghazi et al., 2018].

3.D.2 Deep Sets

As explained in Subsection 3.4.1, the belief computation is intractable for envi-
ronments with continuous state spaces. In the experiments, the belief of such
environments is approximated by a set of particles S = {sm}irvle that are guar-
anteed to follow the belief distribution, such that s™ ~ b, Vs™ € S (see Ap-
pendix 3.C). Those particles could be used for constructing an approximation of
the belief distribution, a problem known as density estimation. We nonetheless
do not need an explicit estimate of this distribution. Instead, the particles can
be directly consumed by the MINE network. In this case, the two sets of input
samples of the MINE algorithm take the form,

{(@" g™y =" sy (3.52)
N-—1

={G" ") (3.53)

=0
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Algorithm 3.3: Mutual information neural estimator optimization.
parameters: E¥ € N the number of episodes,

B € N the batch size,

a € R the learning rate.
inputs: N € N the number of samples,

D = {(z", y")}fj;(} the set of samples from the joint distribution.

Initialize parameters ¢ randomly.
fore=0,...,E—1do

Let p a random permutation of {0,..., N — 1}.
Let p1 a random permutation of {0,..., N — 1}.
Let p2 a random permutation of {0,..., N — 1}.
while i =0,..., | %] do
Let S = {(a:p<k), yp(k))}:;gB_l a batch of samples from the joint

distribution.
(i+1)B—1

Let S = {(mﬁl(’“), yP2(R)y r—in a batch of samples from the product of
marginal distributions.
Evaluate the lower bound,
1 1 Ty (2,5)
—— _ 1 (&3
L@)=5 > Tolwy) —log|5 D e
(z,y)€S (z,9)€8

Evaluate bias corrected gradients G(¢) = Vs L(¢).
Update network parameters with ¢ = ¢ + aG(¢).

In order to process particles from sets S™ as input of the neural network T,
we choose an architecture that guarantees its invariance to permutations of the
particles. The deep set architecture [Zaheer et al., 2017], that is written as
po (D ses Vo(s)), provides such guarantees. Moreover, this architecture is theo-
retically able to represent any function on sets, under the assumption of having
representative enough mappings ps and 14 and the additional assumption of
using finite sets S when particles come from an uncountable set as in this work.
The function T is thus given by,

T¢>(Z7 S) = He <va¢> (Z %(8)))7 (3'54)

ses

when the belief is approximated by a set of particles.

3.E Hyperparameters

The hyperparameters of the DRQN algorithm are given in Table 3.1 and the
hyperparameters of the MINE algorithm are given in Table 3.2. The value
of those hyperparameters have been chosen a priori, except for the number
of episodes of the DRQN algorithm and the number of epochs of the MINE
algorithm. These were chosen so as to ensure convergence of the policy return
and the MINE lower bound, respectively. The parameters of the Mountain Hike
and Varying Mountain Hike environments are given in Table 3.3.
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Name Value Description

S 2 Number of RNN layers

D 1 Number of linear layers (no activation function)
H 32 Hidden state size

N 8192 Replay buffer capacity

C 10 Target update period in term of episodes

1 10 Number of gradient steps after each episode

€ 0.2 Exploration rate

B 32 Batch size

« 1x 1072 Adam learning rate

Table 3.1: Deep recurrent Q-network architecture and training hyperparame-
ters.

Name Value Description
L 2 Number of hidden layers
H 256 Hidden layer size
N 10000 Training set size
FE 200 Number of epochs
B 1024 Batch size
«@ 1x 1072 Adam learning rate
R 16 Representation size for the deep set architecture
e 0.01 EMA rate for the bias corrected gradient

Table 3.2: Mutual information neural estimator architecture and training hy-
perparameters.

Name Value Description

oo 0.1 Standard deviation of the observation noise
or 0.05 Standard deviation of the transition noise

Table 3.3: Mountain Hike and Varying Mountain Hike parameters.

3.F Generalization to Other Distributions of His-
tories

In this section, we study if the hidden state still provides information about the
belief under other distributions of histories than the one induced by the learned
policy (3.20). This generalization to other distributions is desirable for building
policies that are more robust to perturbations of the histories.

We propose to study the evolution of the MI between the hidden state and the
belief when adding noise to the policy used to sample the histories. Formally,
instead of sampling the hidden states and beliefs according to (3.20), we propose
to sample those according to,

pe(h) = Y- (®) [ ple.blh) o () (3.55)

t=0 H

where p(t) is once again chosen to the uniform distribution over the time steps
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p(t) = 1/H, t € {0,...,H — 1}, 0§ is the e-greedy policy as defined in Ap-
pendix 3.B, and pys(h[t) gives the conditional probability distribution induced
by the policy g over histories h € H given that their length is ¢ € Ny. Note
that the training procedure remains unchanged.
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Figure 3.12: Evolution of the return J(6,) and the mutual information I(6,)
after e episodes, under distributions of histories induced by several e-greedy
policies, for the GRU cell. The maximal expected return is given by the dotted
line.

The results of this additional study can be found in Figure 3.12, for ¢ €
{0.0,0.2,0.4,0.6,0.8,1.0}. It can be noted that pg ¢ is the distribution of hidden
states and beliefs induced by the learned policy (3.20), and p; o is the distribu-
tion of hidden states and beliefs induced by a fully random policy. For reasons
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of computational capacity, this analysis was carried out for the GRU cell only.
This cell was chosen for being a standard cell that performs well in all environ-
ments in terms of return, unlike the LSTM. As can be seen in Figure 3.12, the
MI between the hidden states and the beliefs increases throughout the training
process, under all considered policies, even the fully random policy. We conclude
that the correlation between the hidden states and beliefs generalizes reason-
ably well to other distributions. In other words, the hidden states still capture
information about the beliefs even under other distributions of histories.

3.G Correlation Between Return and Mutual
Information

The correlation between the empirical return and the estimated MI are com-
puted with the Pearson’s linear correlation coefficient and the Spearman’s rank
correlation coefficient. These coefficients are reported for all environments and
all cells in Table 3.4 and Table 3.5. The columns named all give the correlation
coefficients measured over all samples of I and J from all cells.

Environment ‘ All LSTM  GRU BRC nBRC MGU

T-Maze (L =50, A =0.0) | 0.8233 0.7329 0.8500 0.8747 0.9314 0.9178
T-Maze (L =100, A =0.0) | 0.5347 0.3624 0.6162 0.6855 0.6504 0.6299
T-Maze (L =50, A =0.3) | 0.5460 0.2882 0.8008 0.7229 0.7424 0.6159
Mountain Hike | 0.5948 0.7352 0.6177 0.4338 0.5857 0.5485

Varying Mountain Hike | 0.5982 0.6712 0.4530 0.4446 0.3669 0.3006

Table 3.4: Pearson’s linear correlation coefficients.

Environment ‘ All LSTM  GRU BRC nBRC MGU

T-Maze (L =50, A =0.0) | 0.6419 0.7815 0.5963 0.5403 0.4009 0.5002
T-Maze (L =100, A =0.0) | 0.6666 0.5969 0.7108 0.5058 0.4605 0.5534
T-Maze (L =50, A =0.3) | 0.6403 0.3730 0.6600 0.5090 0.4706 0.6497
Mountain Hike | 0.2965 0.5933 0.1443 0.2762 0.4337 0.2630

Varying Mountain Hike | 0.6176 0.6869 0.3677 0.4355 0.2955 0.2266

Table 3.5: Spearman’s rank correlation coefficients.

3.H Belief of Variables Irrelevant for Optimal
Control

In this section, we report the evolution of the return and the MI between the
hidden states and the belief of both the relevant and irrelevant variables for the
LSTM, BRC, nBRC and MGU architectures. It completes the results obtained
for the GRU cell in Subsection 3.4.4.

Figure 3.13, Figure 3.14, Figure 3.15, and Figure 3.16 show the evolution of the
return and the MI for a T-Maze of length L = 50 with d € {1,4} irrelevant state
variables added to the process for these cells. These results are reported for the
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Figure 3.14: Deterministic T-Maze (L = 50) with d irrelevant state variables.
Evolution of the return J(6.) and the mutual information I(6.) for the belief of
the irrelevant and relevant state variables after e episodes, for the BRC cell.

GRU cell in Figure 3.8 (see Subsection 3.4.2). As can be seen from these figures,
the return generally increases with the MI between the hidden states and the
belief of state variables that are relevant for optimal control. Moreover, as for
the GRU cell, the MI between the hidden states and the belief of irrelevant state
variables generally decreases throughout the learning process.

Additionally, it can be observed that the LSTM and BRC cells fail in achieving a
near-optimal return when d = 4. As far as the LSTM is concerned, it is reflected
in its MI that reaches a lower value than the other RNNs. Likewise, the BRC
cell does not reach a high return, and the MI does not increase at all. For this
cell, it can be seen that the MI with the belief of irrelevant state variables is
not decreasing, even with d = 1. The inability of the BRC cell to increase its
MI with the belief of relevant variables and to decrease its MI with the belief of
irrelevant variables might explain its bad performance in this environment.

As far as the Mountain Hike is concerned, Figure 3.17, Figure 3.18, Figure 3.19
and Figure 3.20 show that all previous observations also hold for this environ-
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ment with the LSTM, BRC, nBRC and MGU cells. These results are reported
for the GRU cell in Figure 3.9 (see Subsection 3.4.2). As can be seen from these
figures, the return clearly increases with the MI between the hidden states and
the belief of relevant state variables, for all cells. In contrast, the MI with the
belief of irrelevant state variables decreases throughout the learning process.
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and relevant state variables after e episodes, for the BRC cell.
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Chapter 4

Remembering for Learning

Warming Up Recurrent Neural Networks to Mazimize Reachable Multistability
Greatly Improves Learning. Gaspard Lambrechts, Florent De Geeter, Nicolas
Vecoven, Guillaume Drion and Damien Ernst.

From the paper published in the Neural Network journal.

Abstract

Training recurrent neural networks is known to be difficult when time depen-
dencies become long. In this work, we show that most standard cells only have
one stable equilibrium at initialization, and that learning on tasks with long
time dependencies generally occurs once the number of network stable equilib-
ria increases, a property known as multistability. Multistability is often not
easily attained by initially monostable networks, making learning of long time
dependencies between inputs and outputs difficult. This insight leads to the
design of a novel way to initialize any recurrent cell connectivity through a pro-
cedure called “warmup” to improve its capability to learn arbitrarily long time
dependencies. This initialization procedure is designed to maximize network
reachable multistability, which we define as the number of equilibria within the
network that can be reached through relevant input trajectories, in few gradient
steps. We show on several information restitution, sequence classification, and
reinforcement learning benchmarks that warming up greatly improves learning
speed and performance, for multiple recurrent cells, but sometimes impedes
precision. We therefore introduce a double-layer architecture initialized with
a partial warmup that is shown to greatly improve learning of long time de-
pendencies while maintaining high levels of precision. This approach provides
a general framework for improving learning abilities of any recurrent cell when
long time dependencies are present. We also show empirically that other initial-
ization and pretraining procedures from the literature implicitly foster reachable
multistability of recurrent cells.
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4.1 Introduction

Despite their performances and widespread use, recurrent neural networks (RNN)
are known to be blackbox models with extremely complex internal dynamics.
A growing body of work has focused on understanding the internal dynamics
of trained RNNs [Sussillo and Barak, 2013, Ceni et al., 2020, Maheswaranathan
et al., 2019], providing invaluable intuition into the RNN prediction process.
This viewpoint has already been used to understand the difficulties for RNNs
to capture longer time dependencies [Bengio et al., 1993, Doya, 1993]. In par-
ticular, recent work has highlighted the important role played by fixed points
in RNN state spaces, that are defined as hidden states that updates to themself
for a given input [Sussillo and Barak, 2013, Katz and Reggia, 2017]. This line of
work has argued that locating such fixed points efficiently could provide insights
into RNN dynamics and input-output properties. Here, we build upon this line
of work by studying the impact of the number of reachable fixed points in an
RNN on the ability to learn long time dependencies. Moreover, we highlight how
maximizing the number of reachable fixed points at initialization can improve
RNN learning, in particular in the presence of arbitrarily long dependencies.

More precisely, we introduce a fast-to-compute measure of the multistability of
a network called variability amongst attractors (VAA). This measure gives the
number of reachable attractors for a set of initial states. We show that loss de-
crease during learning in tasks with long time dependencies is highly correlated
with an increase in VAA, highlighting both the relevance of the measure and
the importance of multistability for efficient learning. Second, we use stochastic
gradient ascent on a differentiable proxy of the VAA, called VAA™, as a way of
maximizing the number of reachable attractors within the network at initial-
ization. We show that this technique strongly improves performance on long
time dependencies benchmarks, at the cost of precision, the latter relying on the
richness of network transient dynamics. Third, we propose a parallel recurrent
network structure with a partial warmup that enables one to combine long-term
memory through multistability with precision through rich transient dynamics.
Finally, we show empirically that other methods from the literature such as the
chrono initialization and the bistable recurrent cells implicitly achieve the same
goal of maximising the number of reachable attractors.

In Section 4.3, RNNs are introduced as dynamical systems and the concept of
multistability is introduced for those systems. In Section 4.4, the supervised
learning and reinforcement learning benchmarks are introduced. In Section 4.5,
the VAA is introduced along with the estimation procedure of the multistability
of an RNN for a set of initial states. The correlation between multistability and
learning is shown empirically on the benchmarks with long time dependencies.
In Section 4.6, the VAA™ is introduced along with the warmup procedure that
fosters multistability at initialization. The benefits of warmup are shown empiri-
cally on benchmarks with long time dependencies. In addition, the double-layer
architecture is introduced and shown to achieve a better performance on all
benchmarks. Finally, Section 4.7 concludes and proposes several future works.
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4.2 Related Works

Training RNNs is known to be difficult when time dependencies become too long
[Pascanu et al., 2013]. Indeed, the most used algorithm to train RNNs is the
backpropagation through time (BPTT) algorithm [Werbos, 1990], which unrolls
the RNN to see it as a feedforward neural network with shared weights before
applying the backpropagation. However, the longer the sequence, the deeper the
corresponding feedforward neural network is. Backpropagating through such
deep networks often leads to vanishing or exploding gradients, and different
methods have been proposed to tackle this issue. These methods usually act on
one of three different levels: the training, the initialization/pretraining and the
network architecture.

Training These methods modify the training of RNNs. For instance, clipping
the gradients [Pascanu et al., 2013] prevents the gradients from exploding. An-
other example is the truncated variant of BPTT [Williams and Zipser, 2013],
which does not propagate gradients through the whole sequences, but rather
through parts of these sequences, leading to gradients that vanish or explode
less often. It is likely that truncating the BPTT prevents from learning long
time dependencies efficiently. Finally, Trinh et al. [2018] propose adding auxil-
iary losses at some time steps, to avoid having only one loss computed at the
end of the sequences. These losses are computed in an unsupervised fashion:
either a decoder has to reconstruct a part of the sequence (reconstruction loss),
or a network has to predict the next input (prediction loss). This method can
also be used as a pretraining to first train the RNN to encode correctly the
sequences. This work achieved good results on very long sequences.

Initialization/pretraining The goal of these methods is to bring the net-
work weights to a better place in the parameters space where the learning will be
better and faster. Notably, the chrono-initialization [Tallec and Ollivier, 2018,
Westhuizen and Lasenby, 2018] changes the initial biases parameters to improve
the learning of long time dependencies. Some pretraining methods rely on au-
toencoders: Pasa and Sperduti [2014] use the parameters of a linear encoder
as initial weights for the RNN, Sagheer and Kotb [2019] train a LSTM-based
stacked autoencoder layer-wise before adding a output layer and fine-tuning on
the dataset and Ong et al. [2014] introduce a dynamic pretraining of AE specif-
ically made for time-series. Pasa et al. [2015] pretrain the RNN on a smoothed
version of the dataset produced by a first-order hidden Markov model and then
fine-tunes on the original dataset. Tang ct al. [2016] first train a DNN before
using it as a teacher to train the RNN. Ienco et al. [2019] focus on multi-class
sequences classification. A trained RNN is used to rank the classes by decreasing
order of complexity, then a new RNN is pretrained to predict the most complex
class, then the second one, etc. All these pretraining methods have improved
the performance of RNNs either on classification or on time-series prediction
tasks. While making the final training of the network easier and better, none
of them seems to directly promote the learning of long time dependencies.

Network architectures The most notable improvement made in the RNN
architectures is the introduction of the gates, which are used to control the flow
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of information in the network and to help the gradients to propagate through
the time. These gates have led to the development of the long-short term mem-
ory (LSTM) [Hochreiter and Schmidhuber, 1997] and the gated recurrent unit
(GRU) [Cho et al., 2014a], which are now the most used RNNs in practice. In
the experiments, we also consider the minimal gated unit (MGU) [Zhou et al.,
2016], a minimal design among gated recurrent units that only has one gate.
Other approaches include the introduction of different time-scales inside the
RNN. The segmented-memory RNN [Chen and Chaudhari, 2009] splits the se-
quences into segments and uses a two-layers RNN, where the first layer is reset
at the end of each segment, while the second one is updated when a new seg-
ment begins. The hierarchical RNN [Hihi and Bengio, 1995], the hierarchical
multiscale RNN [Chung et al., 2017] and the clockwork RNN (CW-RNN) [Kout-
nik et al., 2014] stack recurrent layers that are updated at different frequencies.
The structurally constrained recurrent network (SCRN) [Mikolov et al., 2015]
imposes some constraints on a subset of the recurrent weights, forcing some
neurons hidden states to be slowly updated. The nonlinear autoregressive with
exogenous inputs (NARX) RNN [Lin et al., 1996, Jr and Barreto, 2008] uses the
n previous hidden states as inputs, making it a n‘"-order RNN. Likewise, novel
recurrent cell dynamics, such as the bistable recurrent cell (BRC) and the neu-
romodulated BRC (NBRC) [Vecoven et al., 2021], have been introduced to help
tackle long time dependencies benchmarks. NBRCs were specifically designed
to maximize reachability of cellular bistability, providing a way to create never-
fading memory at the cellular level. These results highlighted how dynamics
of untrained RNNs, i.e., at initialization, can strongly impact learning perfor-
mance of RNNs. In this work, we extend this approach at the network level
by maximizing multistability of any recurrent cell type prior to learning. To
this end, we propose a novel RNN pretraining procedure called “warmup” that
is designed to maximize the number of RNN attractors that can be reached
from hidden states resulting from input sequences. Compared to pretraining
methods, this method is very efficient since it only requires a few gradient steps
before reaching a multistable regime for the RNN.

4.3 Background

In this section, RNNs are introduced as dynamical systems. The fixed points
of these systems are defined, and the notions of attractors, reachable attractors
and multistability are introduced.

4.3.1 Recurrent Neural Networks

RNNSs are parametric function approximators that are often used to tackle prob-
lems with temporal structure. Indeed, RNNs process the inputs sequentially,
exhibiting memory through hidden states that are outputted after each time
step, and processed at the next time step along with the following input. These
connections allow RNNs to memorize relevant information that should be cap-
tured over multiple time steps. More formally, an RNN architecture is defined
by its update function f, its output function g and its initialization function h
that are parameterized by a parameter vector § € R?. Let uy.;p = [ul,...,ur],
with T' € N and u; € R™, an input sequence. RNNs maintain an internal
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memory state x; through an update rule x; = f(x;_1,us; 6) and output a value
or = g(xy;0), where the initial hidden state zo = h(6) is often chosen to be zero.
We note that often, the output of the RNN is simply its hidden state x¢, i.e. g
is the identity function. RNNs can be composed of only one recurrent layer, or
they can be built with L layers that are linked sequentially through ui = 0%71
with u} = u; and o; = oF, where o} denotes the output of layer i and u! its
input. In this case, each layer i has its own update function f?, output function
¢' and initialization function A*. Backpropagation through time is used to train
these networks where gradients are computed through the complete sequence
via the hidden states [Werbos, 1990]. The following recurrent architectures are
considered in the experiments: LSTM, GRU, BRC, NBRC, MGU. The specific
update functions of those RNNs can be found in Appendix 4.A. In addition, we
consider the chrono-initialized LSTM.

4.3.2 Fixed Points in Recurrent Neural Networks

Fixed points in u. In dynamical systems, fixed points are defined as points
in the state space that map to themselves through the update function, for a
given input u. For a system f, we say that a state x* is a fixed point in v if and
only if|

" = f(z™,u). (4.1)

Attractors in u. Fixed points can either be fully attractive (attractors),
fully repulsive (repellors), or combine attractive and repulsive manifolds (saddle
points). For a constant input u, the set of starting states for which the system
converges to the fixed point z* is called basin of attraction of x* in v and is
written as,

By = {x nl;rrgo M (z,u) = x*}, (4.2)

f (f"’l(x,u),u) ifn>1,
f(z,u) if n=1.

with f"(z,u) = { (4.3)

If the limit is not defined for some point x, then this point does not belong to
any basin of attraction in u. Mathematically, * is an attractor in w if its basin
of attraction in u, BY., has a positive measure.

x*

Reachable attractors in u. In particular, we say that an attractor z* in u
is reachable from some state x if, and only if z € BY..

Monostability and multistability in u. Given a set of states X = {x1,...,2,},
a system that has a unique reachable attractor in u for all states is said to be
monostable in u for this set, whereas a system that has multiple reachable at-
tractors in w is said to be multistable in w for this set. More formally, f is said

to be monostable in u for X if, and only if, there exists a unique attractor x*,
such that Vo € &, x € BY.. On the contrary, f is said to be multistable in u

is, and only if, there exists at least two attractors 7 and x3 such that x} # z3
and dxq,20 € X, 1 € BY, 29 € B;‘;.

*
1?1’
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Recurrent neural networks. Due to their temporal nature and update
rules, RNNs can be seen as discrete-time non-linear dynamical systems. For-
mally, given a parameter vector #, the system f is given by the update function
of the RNN, such that f(z,u) = f(z,u; 0). Since attractors correspond to net-
work steady states, they are thought to be the allowing factor for RNNs to
retain information over a long period of time [Pascanu et al., 2013, Sussillo and
Barak, 2013, Maheswaranathan et al., 2019].

4.4 Benchmarks

In this section, the different benchmarks are introduced. First, the super-
vised learning tasks are introduced, including long-term information restitution
benchmarks in Subsection 4.4.1 and sequence classification benchmarks in Sub-
section 4.4.2. In Subsection 4.4.3, a reinforcement learning benchmark with
partially observable environment is introduced. This environment contains long
time dependencies.

4.4.1 Long-Term Information Restitution Benchmarks

The benchmarks introduced in this subsection contain long time dependencies,
and therefore require networks able to remember relevant information for a
long period. For those benchmarks, RNNs are trained on a dataset of 40000
sample sequences and evaluated on a dataset of 40 000 sample sequences. During
training, 20% of the training set is used as a validation set.

Copy first input benchmark. In this benchmark, the network is presented
with a one-dimensional sequence of T' time steps ui.r, where u; ~ N(0,1), t =
1,...,T, and is tasked at approximating the target yr = u;. This benchmark
thus consists of memorizing the initial input for 7" time steps. It allows one to
measure the ability of recurrent architectures to bridge long time dependencies
when the length T is large. Given the output op of the network, we seek to
minimize the squared error L(or,yr) = (or — yr)%.

Denoising benchmark. In this benchmark, the network is presented with
a two-dimensional sequence of T time steps. The first dimension is a noised
input stream ], where u; ~ N(0,1), ¢t = 1,...,T. Five time steps of this
stream should be remembered and outputted one by one by the network at
time steps {T' — 4,...,T}. These five time steps S = {t1,1o,ts,t4,t5}, with
t1 < ty < t3 < tg < t5, are sampled without replacement in {1,...,7 — N}
with NV > 5. N is a hyperparameter that allows one to tune how long the
network should be able to retain the information at a minimum. The five time
steps are communicated to the network through the second dimension of the
input v, where u? = 1if t € S, and u? = 0 otherwise, for t = 1,...,T.
The target is thus given by yr_41r = [, Ut,, Uty, Us,, Ut ]. Given the output
sequence o _4.7 of the network, we seek to minimize the mean squared error

L(or— a4, yr—a7) = Yot g a(0r — y1)%.
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4.4.2 Sequence Classification Benchmarks

The benchmarks introduced in this subsection are sequence classification prob-
lems and therefore require networks able to use the information received in the
sequence in order to infer the class. For those benchmarks, RNNs are trained
on datasets derived from the usual train and test sets of the original MNIST
dataset. During training, 20% of the training set is used as a validation set.

Permuted sequential MINIST. In this benchmark, the network is presented
with the MNIST images, where pixels are presented to the network one by one
as a sequence of length T' = 28 x 28 = 784. It differs from the regular sequential
MNIST in that pixels are shuffled in a random order. Note that all images
are shuffled according to the same random order.! The network is tasked at
outputting a probability for each possible digit that could be represented in the
initial image. This benchmark is known to be a more complex challenge than
the regular one. Given the output or € R'© of the network and the true digit
index yr € {1,...,10}, we seek to minimize the negative log likelihood loss
L(or,yr) = —log(o%").

Permuted line-sequential MINIST. This benchmark is the same as the
permuted sequential MNIST benchmark, except that the pixels are fed 28 by
28, which corresponds to one line of the permuted image.! The input dimension
is thus 28 instead of one. NN black lines are added at the end of the sequence
such that the total length of the sequence is T = 28 + N. This has the effect of
a forgetting period, such that any relevant information for predicting the class
probabilities will be farther from the prediction time step T'.

4.4.3 Reinforcement Learning Benchmark

In reinforcement learning, the function approximators process sequences as in-
put when considering partially observable Markov decision processes (POMDP).
Indeed, in such environments, the optimal policies, as well as the value func-
tions, are functions of the complete sequence of observations and past actions,
called the history. In this work, we focus on the approximation of the history-
action value function, or Q-function, in order to derive a near-optimal policy in
the considered POMDP. The deep recurrent Q-network (DRQN) algorithm is
used to approximate this Q-function with an RNN. From this approximation,
we derive the fully greedy policy by taking the action that maximizes the Q-
function for any given history. See Appendix 4.B for the definition of POMDPs
and their Q-functions, and see Appendix 4.C for the detailed DRQN algorithm.

The partially observable environment that is considered is the T-Maze environ-
ment [Bakker, 2001]. The T-Maze is a POMDP where the agent is tasked with
finding the treasure in a T-shaped maze (see Figure 4.1). The state is given by
the position of the agent in the maze and the maze layout that indicates whether
the goal lies up or down after the crossroads. The initial state determines the
maze layout, and it never changes afterwards. The initial observation made by
the agent indicates the layout. Navigating in the maze provides zero reward,

1The permutation is given by the following command in NumPy 1.23.2:
np.random.seed(42); np.random.permutation(28+%28).
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Figure 4.1: T-Maze layout example, with the initial position of the agent in
black, the treasure in green and the cell to avoid in red.

except when bouncing onto a wall, in which case a reward of —0.1 is received.
While traveling along the maze, the agent only receives the information that
it has not yet reached the junction. Once the junction reached, the agent is
notified: it must now choose a direction depending on the past information it
remembers. Finding the treasure provides a reward of 4. Passed the cross-
roads, the states are always terminal. The optimal policy thus consists of going
through the maze, while remembering the initial observation in order to take
the correct direction at the crossroads. This POMDP is parameterized by the
corridor length L € N that determines the number of time steps for which the
agent should remember the initial observation. The discount factor is v = 0.98.
This POMDP is formally defined in [Lambrechts et al., 2022].

4.5 Correlating Multistability and Learning

This section aims at showing the correlation that exists between multistability
properties of RNNs and their ability to learn long time dependencies. To this
end, in Subsection 4.5.1 we first introduce the VAA, a measure of the number of
basins of attraction that are spanned by a set of states. In Subsection 4.5.2, we
show how to estimate the multistability of an RNN using VAA by estimating
the number of reachable attractors for a set of states resulting from the input
sequences. We then carry out a number of experiments in Subsection 4.5.3 to
show the correlation between multistability and learning with different types of
RNN on the benchmarks previously introduced.

4.5.1 Variability Amongst Attractors

One way to quantify the multistability in u of a system for a set of states & is to
count the number of different attractors that can be reached starting from those
states. We name this measure variability amongst attractors (VAA). Formally,
the VAA of a system f for a set of initial states X and an input u is defined as,

[X| 1
|X| Z = ,  (4.4)
=S 6 (smsup 72 0) = Gy = 0)

] 1 n—oo

VAA(f, X, u)

where 0(z) is the Kronecker delta function that returns 1 when condition x is
met, and 0 otherwise. It can be noted that this definition does not exclude
limit cycles and considers states that are on the same limit cycle but far from
each others as different attractors. This is a limitation that we discuss in our
conclusion. In the following, we make the hypothesis that such limit cycles are
not encountered in practice.
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The denominator of Equation 4.4 gives the number of states in & that converge
towards the same attractor as x;. The sum of this fraction over all states that
converge towards a given attractor is thus equal to one, such that the sum of this
fraction over all states gives the number of different attractors. VAA(f, X, u)
is thus equal to the number of different attractors in u reached from the initial
states contained in X" divided by the number of initial states |X|. Its maximal
value is thus 1, when all reached attractors are different, and its minimal value
is ﬁ, when all the states have converged towards the same attractor (i.e., the

system is monostable).

In practice, since it is impossible to evaluate the limits to infinity in the VAA,
we fix a finite number of time steps M for state convergence, called the stabiliza-
tion period. As a consequence, the system may not have completely converged
towards the attractor after this period. We thus define a tolerance € below
which two final states are considered to correspond to the same attractor. This
truncated VAA is written as,

1

T (4.5)

L S (@i w) = fM (g, u)] <)

Jj=1

| X
1
VAAM,E(f7Xau) = |X‘

4.5.2 Estimating the Multistability of a Recurrent Neural
Network

RNNs can exhibit a long-lasting memory through multistability in their hidden
states [Vecoven et al., 2021]. Indeed, having multiple attractors that are reach-
able from different input sequences probably allows one to encode information
about these sequences over the long term. We propose estimating the multi-
stability of an RNN for a set of input sequences by computing the number of
different reachable attractors for hidden states resulting from different input se-
quences. More precisely, we propose to compute VAA(f, X', u) for hidden states
X sampled from different input sequences. In practice, it is not feasible to es-
timate the VAA for all hidden states resulting from the set of input sequences.
Indeed, computing the VAA is quadratic in the number of hidden states because
of the pairwise distances. We thus propose to estimate the VAA by averaging its
value over several small batches of hidden states sampled at random time steps
in different sequences sampled from the set of input sequences. Moreover, we
still have to choose the stable input u according to which we want to measure
the multistability in . In order to measure the multistability of the network
for a wide range of stable inputs, we propose to measure the multistability on
average for several inputs sampled according to a standard normal distribution.
Note that for each batch of hidden states, a unique u ~ N(0,1) is sampled
and kept constant during the convergence period of M time steps. The result-
ing procedure for estimating the multistability of an RNN for a set of input
sequences is given in Algorithm 4.1.

4.5.3 Experiments

In this subsection, we observe how the multistability of RNNs evolves when they
are trained on the long-term information restitution and reinforcement learning
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Algorithm 4.1: Multistability estimation.

parameters: I € N the number of iterations to compute the average VAA,
M € N the stabilization period,
€ € RT tolerance when considering state similarity,
inputs: D = {U%:le e ufan} a set of N input sequences,
6 € R% the parameters of the network.
Let f = f(-,+; 0) the dynamical system.
Initialize mean value VAA = 0.
fori=1,...,1 do
Sample a batch of input sequences B ~ D.
Sample a random hidden state in each input sequence
X = RandomHiddenStates(B, 0).
Sample u ~ N (0,1).
VAA = VAA + 1 VAAy o (f, X, ).

8 return average VAA VAA.

® 5 o o~ W N =

Algorithm 4.2: Random hidden states sampling.

inputs: B = {u}:Tl ,- -, uti7, + a batch of n input sequence sampled in the
training set,
6 € R% the parameters of the network.
Let X = {}.
foreach ui:Ti € Bdo
Sample a time step t ~U({1,...,T;}).
Set xf = h(#) where h is the initialization function of the RNN.
for k=1,...,tdo
‘ Set zi = f(x}_;,uk; 0) where f is the update function of the RNN.
Update X = XU {x%}
return set of n hidden states X.
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benchmarks introduced in Section 4.4. The multistability of these networks is
estimated throughout the training procedure, using Algorithm 4.1. For the copy
first input benchmark, networks are made up of one 128 neurons recurrent layer.
For the other benchmarks, networks are made up of two recurrent layers, each
of 256 neurons. All averages and standard deviations reported were computed
over five different training sessions. Training was done using the Adam opti-
mizer [Kingma and Ba, 2014] with a learning rate of 1 x 1072 and a batch size
of 32. All hyperparameters have been chosen a priori to standard values and
are kept fixed. The goal here is not to measure the best performance of each
architecture but rather to study, for a given architecture and optimization pro-
cedure, whether there is a link between learning and multistability for different
benchmarks. In Subappendix 4.D.1, we show that those results also hold with
other hyperparameters for the copy first input benchmark. In all experiments,
the multistability is estimated with M = 10000, e = 1 x 1074, and I = 10.

Copy first input benchmark Figure 4.2 shows the performance of the dif-
ferent cells on this benchmark for different sequence lengths T € {50, 300, 600}.
The best-performing cell is the NBRC, whose performance is not affected by
the length of the sequences. In comparison, the classical cells, MGU, LSTM
and GRU, struggle to decrease their losses. Surprisingly, the BRC, a bistable
cell, does not succeed in decreasing its loss. Generally speaking, the longer
the sequences are, the worse their performances are. The last cell, the chrono-
initialized LSTM, competes with the NBRC with its hyperparameter T},,4, cho-
sen to 600. Figure 4.3 illustrates the correlation between the VAA and the
validation loss for the LSTM and CHRONO cells. The LSTM cell, whose VAA
increases late and little, fails to learn. On the other hand, the chrono initialized
LSTM cell sees its loss decreasing while its VAA increases. This figure also
shows that the chrono initialization promotes the learning of long time depen-
dencies through multistability. Figure 4.4 illustrates the correlation between the
VAA and the validation loss for the other cells. It is clear from this figure that
the bistability mechanism introduced in the BRC and NBRC cells also promote
multistability. Moreover, as for the LSTMs and chrono-initialized LSTMs, the
loss only starts decreasing when the VAA increases.
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Figure 4.2: Test MSE loss for the copy first input benchmark with different
sequence lengths T. Mean and standard deviation are reported after 50 epochs.

Denoising benchmark Figure 4.5 shows the performance of the different
cells on this benchmark for different forgetting periods N € {5,100}. Once
again, the NBRC has the best performance, closely followed by the chrono-
initialized LSTM. On this benchmark, the BRC also reaches a very low loss.
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Figure 4.3: Evolution of the validation loss (left) and of the VAA (right) of
LSTM networks, with and without chrono initialization, for the copy first input
benchmark with 7" = 50. Mean and standard deviation are reported after 50
epochs.
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Figure 4.4: Evolution of the validation loss (left) and of the VAA (right) of
GRU, MGU, BRC and NBRC networks, for the copy first input benchmark
with 7" = 50. Mean and standard deviation are reported after 50 epochs.

Once again, we can see that all classical cells (LSTM, GRU, and MGU) gen-
erally fail in learning when longer time dependencies are present (N = 100).
Figure 4.6 shows the evolution of the VAA and the validation loss of multiple
LSTM cells, with and without chrono initialization, during the training on this
benchmark. As for the previous benchmark, only the chrono-initialized LSTMs
have a high VAA and efficiently decrease their loss. It can be noted that classi-
cally initialized LSTMs have a VAA close to zero throughout the learning on this
harder benchmark. Figure 4.7 shows these results for the GRU, BRC, NBRC
and MGU cells. It is observed that the GRU network has a very low VAA,
and learning does not start before its VAA increases. The MGU network does
not manage to learn on this benchmark while its VAA only slowly increases
at the end of the training procedure. As far as the bistable networks (BRC
and NBRC) are concerned, their VAA is directly maximized and learning starts
directly, indicating that those indeed promote the learning of long time depen-
dencies through multistability. Finally, Figure 4.8 shows the validation loss and
the VAA of five different trainings of the GRU cell on the denoising benchmark
with N = 5. It is clear that the GRU cell only starts decreasing its loss when
its VAA has started increasing. This proves once more the correlation between
the VAA and the learning on long-term information restitution benchmarks.

T-Maze benchmark In this reinforcement learning setting, a policy is de-
rived from the approximation of the Q-function. The hyperparameters of the
DRQN algorithm used for approximating the Q-function are given in Appendix 4.C.

68



N N » LSTM

1.00 1.00 GRU

BRC

: ] NBRC
0.50 0.50 MGU

Chrono
0.25 0.25 S
’ ’ &

Q
e D> N N
NS EESEN N S

" b O
Model Model

(a) N =5 (b) N = 100
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Figure 4.6: Evolution of the validation loss (left) and of the VAA (right) of
LSTM networks, with and without chrono initialization, for the denoising bench-
mark with N = 100 and 7" = 200. Mean and standard deviation are reported
after 50 epochs.

On the left in Figure 4.9, we can see the mean non-discounted cumulative reward
obtained by the policies derived from GRU cells approximating the Q-function.
On the right in Figure 4.9, we can see the VAA of these cells estimated with
Algorithm 4.1 using the histories of the replay buffer as input sequences. Those
value are clearly correlated. Indeed, the better the agent plays, the higher its
VAA is.

4.6 Fostering Multistability at Initialization

In Subsection 4.6.1, we describe the warmup initialization procedure that al-
lows one to maximize the estimated multistability of a network for a dataset of
input sequences. Then, in Subsection 4.6.2, we compare classic cells to warmed-
up cells on information restitution, sequence classification, and RL benchmarks
and show the benefits of the warmup in tasks with long time dependencies,
when considering the same standard hyperparameters as in the previous sec-
tion. However, we also show that the warmup procedure does not improve the
results in the sequence classification tasks. In Subsection 4.6.3, we introduce the
double-layer architecture, that has both multistable and transient dynamics. We
show that this architecture reaches a better performance both on information
restitution and sequence classification benchmarks. Finally, in Subsection 4.6.4,
we show that the advantage of the warmup and the double-layer architecture,
shown for standard hyperparameters in Subsection 4.6.2 and Subsection 4.6.3,
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Figure 4.8: Evolution of the validation loss (left) and of the VAA (right) of
multiple GRU networks, for the denoising benchmark with N = 5 and 7' = 200.
Mean and standard deviation are reported after 50 epochs. Loss decrease only
start when the network becomes multistable (VAA greater than ﬁ)

also holds when optimizing the hyperparameters for each cell version (number
of recurrent layers L, number of hidden units H, batch size B, learning rate «).

4.6.1 Warming Up Recurrent Neural Networks

The previous observations, that show a correlation between the multistability
of a network and its ability to learn long time dependencies, suggest that fos-
tering multistability could ease learning in this case. In order to promote the
multistability of a network, we propose maximizing the number of reachable
attractors for hidden states resulting from the set of input sequences. As for
the estimation of the multistability, computing the VAA for all hidden states is
not feasible because of its quadratic complexity. In practice, we propose using
stochastic gradient descend (SGD) to maximize the number of reachable at-
tractors for batches of hidden states from different input sequences. As for the
estimation of the multistability, we sample a different stable input u ~ N(0, 1)
for each batch of hidden states. We note however that SGD cannot be used
directly on the estimation of the proportion of reachable attractors detailed in
Algorithm 4.1, for two different reasons. First, the VAA and the VAA,; . are
not differentiable because of the Kronecker delta, which prevents from comput-
ing the gradient. Second, it is likely that hidden states convergence is slow when
several RNNs are stacked. Indeed, the first layers must have reached stability
for the following one to receive a stable input.

In order to solve the first problem, we introduce a differentiable proxy VAA’}‘VL6
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Figure 4.9: Evolution of the mean cumulative reward (left) and their VAA
(right) obtained by GRU agents during DRQN training on a T-Maze of length
200. Mean and standard deviation are estimated over 3 training sessions.

of the VAA ;.. Instead of the denominator?
Cij =6 (|F (@i u) = M (z5,0)[| <€), (4.6)

that is equal to 1 when the final states after truncated convergence are close
enough, we use,

max (0, ||tanh fM (z;,u) — tanh f (z;,u

o =1 = = tanh (2, u) — tanh F7 (z;, >|| - WD

We note that the value of C7 ; is strictly equal to 1 if f M (z;,u) is close enough
in Euclidian distance to f(z;,u). On the other hand, C;; will be close to 0
when they are far away. We also note that C7 ; will never be strictly equal to 0,
but will get closer as the distance increases, smce the fraction tends towards 1.
It can be noted that we are not interested in states being far apart from each
other, but just in them being different. However, we noticed in the experiments
that this small bias provides a good direction for the gradient in order to reach
multistability. For this reason, we need to apply a saturating function (hyper-
bolic tangent in this case) to the states in order to avoid extreme states when
maximizing VAA". The resulting differentiable proxy of the VAA is given by,

1 1
VAAME(f,X u) = T E ] . (4.8)
| | i—1 1 _ max(0[Jtanh fM (z;,u)—tanh fM (z;,u)| )
> 1= ltanh fM (x;,u)—tanh fM (2;,u)]|

For maximizing the multistability of an RNN for a given dataset of input se-
quences, we thus propose to maximize by SGD the VAA™ of batches of hidden
states resulting from different input sequences, at random time steps. For each
batch of hidden states, a constant input perturbation is randomly sampled from
u ~ N(0,1) in order to stabilize the RNN hidden states over M time steps.
However, as can be seen from equation (4.8), maximising the VAA™ only occurs
when all hidden states are infinitely distant, which is not desirable for learning
efficiently. In practice, we thus use SGD to get the VAA™ of each layer as close
as possible to k = 0.95, as this proved empirically to maximize the number of
attractors (see Figure 4.10) while avoiding too extreme states that could arise
from the approximation of the VAA with C*. In Subappendix 4.D.3, we show
on the copy first input benchmark with 7' € {50,300,600} that the warmup
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procedure improves learning for a wide range of k. It shows the robustness of
our findings with respect to some hyperparameter variation. The loss used is
thus given by,

Lok = 7 (0= B2, (4.9)

where v; = VAA}, ((f%, X,u) is the estimated multistability of layer i and L
is the number of layers in the RNN. Maximizing the VAA™ of each layer sepa-
rately allows one to tackle the problem of layer convergence as identified above.
To avoid over-fitting problems, M is sampled uniformly in {1,..., Myax(s)} at
gradient step s, where Myax(s) = min(M*,1 + ¢ - s) with M* the maximum
stabilization period and c¢ the stabilization period increment. This progres-
sive increase is required for reaching multistability smoothly, avoiding gradients
problems. For the supervised learning tasks, the batches of input sequences are
sampled in the training set. For the reinforcement learning tasks, batches of
input sequences are sampled from the exploration policy. Algorithm 4.3 details
the whole warmup procedure for a dataset D of input sequences.

Algorithm 4.3: Recurrent neural network warmup.

parameters: S € N the number of gradient steps,
n € N the batch size,
a € RT the learning rate,
k € [0,1] the target average VAA}, .,
M* € N the maximum stabilization period,
c € N the stabilization period increment,
€ € RT tolerance when considering state similarity,
L the number of layers in the RNN.
inputs: D = {u}.p, ..., uf{TN} a training set of N input sequences,
6 € R% the parameters of the network.
fors=1,...,5 do
Sample a batch B of n sequences in D without replacement B ~ U™ (D).
Sample a random hidden state in each sequence
X = RandomHiddenStates(B, ).
Sample M ~U({1,...,min(M,1+s-c)}).
fori=1,...,L do
Sample u ~ N(0,1).
Set v; = VAA}Y, . (f*, X, u) where fis the update function of the i
RNN layer.
Compute loss L = L(v, k) where v = (111 UL).
Compute gradient g = VgL with BPTT (over stabilization period and input
sequence).
Update parameters 0 = 0 — ag.
Update maximum stabilization period M* = M™ + c.

We show in Figure 4.10 that the warmup procedure effectively increases the
VAA" of each layer in an RNN. Furthermore, we can also see on the right in
Figure 4.10 that as the warmup procedure is carried out, the true VAA measure
of the RNN is increasing as well, even reaching 1 as the warmup procedure ends.
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Figure 4.10: Evolution of the VAA™ for a two-layer GRU (left and middle) and
of the VAA of the network (right) during warmup. This network is warmed up
on the denoising dataset and results were averaged over three runs.

4.6.2 Experiments

To demonstrate the impact of warming up RNNs on information restitution
tasks, sequence classification tasks, and in partially observable RL environment,
we tackle all benchmarks introduced in Section 4.4. We train the LSTM, GRU
and MGU cells with and without warmup and show that their performance is
greatly improved with warmup. As chrono-initialized LSTMs are known to work
well, we also compare our results to such cells, with and without warmup. The
hyperparameters were chosen to the same values as in previous section. The goal
here is not to measure the best performance of each architecture with or without
warmup but rather to measure, for a given architecture and optimization proce-
dure with fixed hyperparameters, whether the warmup initialization procedure
provides a better learning for different benchmarks. In Subappendix 4.D.2, we
show that those results also hold for other hyperparameters for the permuted
row sequential MNIST benchmark. In addition, in the Subsection 4.6.4, we
compare the performance of all cells with and without warmup with optimized
hyperparameters. All averages and standard deviations reported were computed
over three different training sessions. The optimal parameters for warming up
can vary depending on architectures and needs, but we found o = le=2, ¢ = 10,
S =100, n = 200 and M™* = 200 to be a good choice.

Copy first input benchmark As can be seen from Figure 4.11, warming
up RNNs greatly improves performances in the copy first input benchmark, for
any sequence length T € {50,300,600}. Indeed, classically initialized RNNs
have an average loss above 0.500 after 50 epochs, while all warmed-up RNNs
have an average loss below 0.001 after 50 epochs. On the other hand, the
chrono-initialized LSTM performs better when it is not warmed up. Even if the
chrono-initialization and the warmup both promote the learning of long-term
dependencies, combining them seems to have the opposite effect, leading to less
performant model.

Denoising benchmark As far as the denoising benchmark is concerned, Fig-
ure 4.12 shows that warmed-up cells always perform better than classically ini-
tialized ones, on sequences of length T = 200. However, it can be noted that
the average loss is still quite significant after 50 epochs for the LSTM and MGU
cells, in the case of a forgetting period of N = 100. As for the copy first input
benchmark, the chrono-initialized cells perform worse when warmed-up which
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Figure 4.11: Test MSE loss for the copy first input benchmark with different
sequence lengths T'. Mean and standard deviation are reported after 50 epochs.

suggests once again that the chrono initialization interacts disadvantageously
with the warmup procedure.
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Figure 4.12: Test MSE loss for the denoising benchmark with different forgetting
periods N and T = 200. Mean and standard deviation are reported after 50
epochs.

T-Maze benchmark On the left in Figure 4.13, we can see the evolution of
the expected cumulative reward of the DRQN policy for the T-Maze environ-
ment as a function of the number of episodes of interaction. It is more than clear
that all warmed-up cells and bistable cells (i.e., BRC and NBRC), are better
than the classically initialized ones on this RL benchmark. As for the other
benchmarks, the chrono-initialized LSTMs seem to interact disadvantageously
with the warmup procedure. In any case, it can be noted that the chrono-
initialized LSTMs are always among the worse cells for this benchmark, with
and without warmup. Furthermore, we can see that warming up cells improves
their performance even more as the length of the T-Maze increases, suggesting
that the warmup procedure and the multistability of an RNN indeed help to
tackle tasks with long time dependencies. On the right in Figure 4.13, we can
see the number of episodes required to reach the optimal policy for each cell. It
is clear that warming up a cell speeds up the convergence towards the optimal
policy when time dependencies become large. Indeed, for L = 200, all warmed-
up cells reach the optimal policy before any classically initialized cell, except for
the chrono-initialized LSTM.

Permuted sequential MNIST In Figure 4.14, we can see the test accuracies
after 70 epochs on the permuted sequential MNIST benchmark. It is clear that
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Figure 4.13: Evolution of the mean cumulative reward obtained by warmed-
up and classic agents during their training (up) and mean number of episodes
required to reach the optimal policy (down) on T-Mazes of length 20 (left), 100
(center) and 200 (right).

the warmup initialization does not help in this task. For the LSTM and GRU,
the warmed-up cells are even worse than the classic cells. This confirms that
some tasks such as this sequence classification benchmark needs more transient
dynamics instead of multistable ones.
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Figure 4.14: Test accuracy for the permuted sequential MNIST benchmark.
Mean and standard deviation are reported after 70 epochs.

Permuted line-sequential MNIST In Figure 4.15, we can see the accura-
cies of each cell after 70 epochs on the test set of the permuted line-sequential
MNIST benchmark. For a sequence length of 100 (i.e., N = 72), it is clear
that the classically initialized cells are better at this task. As for the permuted
sequential MNIST, this shows that transient dynamics are important for those
sequence classification tasks, as opposed to information restitution tasks.

4.6.3 Recurrent Double-Layers

As shown in the previous section and mentioned in the literature [Sussillo and
Barak, 2013], the importance of the transient dynamics of RNNs should not
be neglected for prediction. Indeed, it is easy to see why transient dynamics
can be of importance when trying to tackle a regression task. If information is
only stored in the form of attractors, then there can only be a limited number
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Figure 4.15: Test accuracy for the permuted line-sequential MNIST benchmark
for different forgetting periods N. Mean and standard deviation are reported
after 70 epochs. We note that when N equals 72 (472) the resulting image has
100 (500) lines.

of states the network can take, making it very hard to get precise predictions.
We observe that when warming up neural networks they tend to lose predictive
accuracy, at the benefit of easier training on longer sequences. This leads one
to think that RNNs should be built to have both rich transient and multistable
dynamics. We thus propose using a double-layer architecture that allows one
to get precise predictions while maintaining the benefits of warmup. We simply
split each recurrent layer in two equal parts and only warmup one of them. In
this double architecture, the hidden states sizes are divided by two compared
to the simple architecture, for a fairer comparison. This allows to endow some
part of each layer with multistability, while the other remains monostable with
richer transient dynamics. A double-layer structure is depicted in Figure 4.16.

Layer 1 Layer 2

RNN
e C )

RNN
Warmed-up RNN Warmed-up RNN

Figure 4.16: Double-layer architecture.

As can be seen from Figure 4.17, Figure 4.18, Figure 4.19 and Figure 4.20, the
double-layer architecture is always among the best performing architecture, for
all four supervised learning benchmarks and for the LSTM, GRU and MGU
cells, when using the same standard hyperparameters of the previous sections.
Even the chrono-initialized LSTMs perform well with the double-layer architec-
ture except on the copy first input benchmark. It shows that the double-layer
architecture combines both the transient and multistable features of an RNN.
In addition, we can see in Figure 4.20 that the double-layer architecture is
significantly better than the other architecture, for all types of cell, on the per-
muted line-sequential MNIST benchmark with a forgetting length of N = 472,
a problem that requires both transient and multistable dynamics. In addition,
we show in Appendix 4.F that the double-layer architectures without partial
warmup generally perform worse that the classic architectures. This ensures
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Figure 4.18: Test MSE loss for the denoising benchmark with different forgetting
periods N and 7" = 200. Mean and standard deviation are reported after 50
epochs.

that the partial warmup is the most important factor for the performance of
the double-layer architecture. In Figure 4.21, we can visualize the evolution of
the validation loss averaged over 5 training sessions on the denoising benchmark
for the LSTM, GRU and MGU cells, with the three architectures (i.e., classic,
warmed up and double). It is clear that the warmed-up and double-layer archi-
tectures are better. Additionally, we can see that the double-layer architecture
is significantly faster at learning this task for the GRU and MGU cells.

4.6.4 Hyperparameter Optimization

In this section, we study the performance of the different cells in their different
versions (i.e., classic, warmed up and double), when the hyperparameters are
optimized. In Section 4.6 and Appendix 4.D, we have shown that the warmup
procedure and double-layer architecture provides a nice improvement in perfor-
mance for a wide range of hyperparameters. Here, we consider a more practical
setting in which the hyperparameters of a considered cell version can be opti-
mized according to the learning set. We consider a standard hyperparameter
selection procedure where the hyperparameters are selected according to the
loss on a selection set, averaged over 5 training sessions (see Appendix 4.E for
details). Those hyperparameters are then selected for 5 training sessions accord-
ing to the standard procedure, and the average loss on the test set is reported.
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Mean and standard deviation are reported after 70 epochs.

Due to the computational cost of such an optimization procedure, we only con-
sider the most challenging benchmarks of each category, that is the denoising
benchmark with N = 100 and the permuted line-sequential MNIST benchmark
with V = 472.

The best hyperparameters are reported in Appendix 4.E for both benchmarks.
The test losses obtained using those hyperparameters are given in Figure 4.22.
As can be seen by putting Figure 4.22a in perspective with Figure 4.18b, the
hyperparameter selection allows all cell versions to reach a lower test MSE for
the denoising benchmark. Similarly, by putting Figure 4.22b in perspective with
Figure 4.20b, it can be seen that all cell versions reach a higher test accuracy
for the MNIST benchmark, when the hyperparameters have been optimized.
Figure 4.23 shows the evolution of the validation losses throughout the training
procedure for the best hyperparameters of each cell version, averaged over the 5
training sessions, for the denoising benchmark with N = 100. It can be seen that
the warmup procedure and the double cell architecture still provide a significant
advantage in term of convergence speed and final performance. Figure 4.24
shows the evolution of the validation losses throughout the training procedure
using the best hyperparameters, for the line-sequential MNIST benchmark with
N = 472. As for the denoising benchmark, the warmup and the double layer
architecture still provide a very significant improvement in term of convergence
speed.

4.7 Conclusion

In this work, we introduced a new initialization procedure, called warmup, that
improve the ability of recurrent neural networks to learn long time dependen-
cies. This procedure is motivated by recent work that showed the importance
of fixed points and attractors for the prediction process of trained RNNs. More
precisely, we introduced a lightweight measure called VAA, that can be opti-
mized at initialization in few gradient steps to endow RNNs with multistable
dynamics. Warmup can be used with any type of recurrent cell and we show
that it vastly improves their performance on problems with long time dependen-
cies. In addition, we introduced a new architecture that combines transient and
multistable dynamics through partial warmup. This architecture was shown to
reach a better performance than both classic and warmed-up cells on several
tasks, including information restitution and sequence classifications tasks.

This work also motivates several future works. First, it can be noted that the
double-layer architecture might be worth exploring with different types of cell.
We showed here that there are benefits of using different types of initialization
for the same type of cell. This might hint at the possibility of having similar
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set. Mean and standard deviation are reported after 50 epochs.
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Figure 4.23:
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benefits when combining different types of cell that have different dynamical
properties in a single recurrent neural network. Furthermore, in this paper we
have aimed at maximizing the number of attractors through warmup before
training. We noticed however that in some rare cases, networks loose multi-
stability properties when training. Using VAA as a regularization loss to avoid
this could be interesting. For online reinforcement learning too, a regularization
loss throughout the learning procedure might make more sense than warming
up a priori on random trajectories. Moreover, we note that not all benchmarks
would benefit from warming up. In fact, it is likely that for several benchmarks,
having only a few attractors could be better. In this regard, it would be in-
teresting to try to warm up in order to reach a specific number of attractors,
rather than for maximizing them. Finally, the warmup procedure maximizes
reachable multistability for a particular dataset of input sequences. Warming
up on totally random input sequences would result in a simpler procedure that
might still provide a good initialization for reaching multistability.

This work also present some limitations. First, the VAA is not discriminating
limit cycles from fixed point attractors. In addition, states that are on the same
limit cycles but far from each others are not considered in the basin. Moreover,
the warmup maximizes the number of attractors present in all hidden states,
while we might want the hidden states from a same input sequence to belong
to a single basin of attraction. Finally, the stability of the RNN is measured
for a stable input, an assumption that is unrealistic in our experiments and in
general. It might be worth exploring those problems in future works.
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4.A Recurrent Neural Network Architectures

Formally, an RNN architecture is defined by its update function f, its output
function ¢ and its initialization function h that are parameterized by a vector

6 € R4, Given a sequence of inputs uy.7 = [u1,...,ur], with T € Nand u; € R?,
the RNN maintains a hidden state z; and output a prediction o; according to,
Tt :f(xt,l,ut;e), t= ].,...,T‘7 (410)
op =g(x;0), t=1,...,T, (4.11)

RNNs can be composed of L layers that are linked sequentially through ui =
oi ™! with u} = u; and o; = of, where 0! denotes the output of layer i and u! its
input. In this case, each layer i has its own update function f?, output function
¢* and initialization function h’.

In the following, we give the update function f and output function g of a
single layer for each architecture considered in this work. As far as the initial
hidden state is concerned, it is always chosen to zero, i.e., h(f) = 0. Note

that o(z) = H% denote the sigmoid activation function, and ® to denote the

Hadamard product.

Long short-term memory. The LSTM update and output functions are
defined from the following intermediate values,
ft = o(Weyus + Wephe—q + by),
iy = o(Wiyus + Winhe—1 + b;),
Ty = J(Wouut + Wohht—l + br);
¢t = tanh(Weyug + Wephe—1 + be),
¢t =ft©ci1+it OC,
he =7 © tanh(cy).
The hidden state is given by z; = f(z1—1, us; 0) = [he, ¢¢], and the output is given

by o = g(x;0) = hy. The parameters of the LSTM network are 8 = (Wy,,
th7 Wiu7 Wih7 Wou; Woha Wcua Wcha bta bia bm b(‘)

Gated recurrent unit. The GRU update and output functions are defined
from the following intermediate values,

2t = U(quut + Wenhi—1 + bz)a (419)
Ty = U(Wruut + thht—l + br>7 (420)
ht =2z ® htfl + (1 — Zt) ® tanh(Whuut +re ® Whhhtfl + bh) (421)

The hidden state is given by z; = f(x¢—1,us;60) = he, and the output is given
by o; = g(x¢;0) = ht. The parameters of the GRU network are 6 = (W,,,, W,
Wrua tha Whu7 Whha bzv br, bh)

Bistable recurrent cell. The BRC update and output functions are defined
from the following intermediate values,

¢t = o(Weyus + we © hy—q + be), (4.22)
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ar = 1+ tanh(Wyus + we @ he—1 + by), (4.23)
ht =c © ht,1 + (1 — Ct) O) tanh(Whu +a; ® ht,1 + bh) (424)
The hidden state is given by z; = f(x¢—1,us;0) = hy, and the output is given

by o; = g(x¢;0) = hy. The parameters of the BRC network are 8 = (We,, w,,
Waus Wa, Wha, be, ba, bh)

Neuromodulated bistable recurrent cell. The NBRC update and output
functions are defined from the following intermediate values,

Ct = O'(Wcuut + Wchhtfl + bc)7 (425)
ar = 1+ tanh(Wyup + Wophi—1 + ba), (4.26)
hi =ct @ hi—1 + (1 — ¢) © tanh(Why, + ar @ he—1 + by). (4.27)

The hidden state is given by z; = f(x1—1,us;60) = he, and the output is given
by o = g(x¢;0) = hy. The parameters of the NBRC network are § = (W,
Wcha Wau; Waha Whu; bc» bav bh)

Minimal gated unit. The MGU update and output functions are defined
from the following intermediate values,

fr=o(Wrwur + Winhe—1 + by), (4.28)
he = tanh (Whuue + Wan (fe © he—1) + bn), (4.29)
he=fiOh+ 1= fi)Ohi 1. (4.30)

The hidden state is given by z; = f(zi—1,us;0) = he, and the output is given
by o; = g(x¢;0) = hy. The parameters of the MGU network are 0 = (W, Wiy,
Whus Whi, bf, by).

4.B Partially Observable Markov Decision Pro-
cesses

Formally, a POMDP P is a tuple P = (S, A4,0,T,R,O, P,~) where S is the
state space, A is the action space, and O is the observation space. The initial
state distribution P gives the probability P(sg) of s € S being the initial
state of the decision process. The dynamics are described by the transition
distribution T' that gives the probability T'(si+1 | s¢,at) of si11 € S being the
state resulting from action a; € A in state s; € S. The reward function R gives
the immediate reward r; = R(s¢, at, St+1) obtained after each transition. The
observation distribution O gives the probability O(o: | s:) to get observation
o, € O in state s, € S. Finally, the discount factor v € [0,1[ weights the
relative importance of future rewards.

Taking a sequence of ¢ actions (ap.;—1) in the POMDP conditions its execution
and provides a sequence of t + 1 observations (0g.t). Together, they compose
the history h: = (0., a0:t—1) € H: until time step ¢, where H; is the set of
such histories. Let h € H denote a history of arbitrary length sampled in the
POMDP, and let H = Ufi o H¢ denote the set of histories of arbitrary length.
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A policy n € H in a POMDP is a mapping from histories to actions, where
H =H — A is the set of such mappings. A policy n* € H is said to be optimal
when it maximizes the expected discounted sum of future rewards starting from
any history h € H,

oo
n* € arg max E" Z YR,
neH t=0

Hy = h] ,VheH. (4.31)

The history-action value function, or Q-function, is defined as the maximal
expected discounted reward that can be gathered, starting from a history h € ‘H
and an action a € A,

Q(h,a) = max E" [Z V'R | Hy=h, Ay = a|, (4.32)

cH
K t=0

The Q-function is also the unique solution of the Bellman equation [Smallwood
and Sondik, 1973, Kaelbling et al., 1998, Porta et al., 2006],

Q(h,a) =E R—l—’yn}gﬁQ(H’,A') ‘ H:h,A:a}7 Vh e H, Va e A, (4.33)

where H' = (H,A,0') and R is the immediate reward obtained when taking
action A in history R. From (4.31) and (4.32), it can be noticed that any optimal
policy satisfies,

n*(h) € argmax Q(h,a), Vh € H. (4.34)
acA

4.C Deep Recurrent Q-learning

The DRQN [Hausknecht and Stone, 2015] algorithm aims at learning a para-
metric approximation Qg of the Q-function, where § € R% is the parameter
vector of a recurrent neural network. This algorithm is motivated by equation
(4.34) that shows that an optimal policy can be derived from the Q-function.
The strategy consists of minimising with respect to 6, for all (h,a), the distance
between the estimation Qg(h,a) of the LHS of equation (4.33), and the esti-
mation of the expectation E[r + ymaxac4 Qo(h',a’)] of the RHS of equation
(4.33). This is done by using transitions (h, a,r, o', h’) sampled in the POMDP,
with b’ = (h,a,0’).

In practice, this algorithm interleaves the generation of episodes and the update
of the estimation QJy. Indeed, in the DRQN algorithm, the episodes are gen-
erated with the e-greedy policy derived from the current estimation QQp. This
stochastic policy selects actions according to argmax,e 4 Q¢(-,a) with proba-
bility 1 — €, and according to an exploration policy with probability . This
exploration policy is defined by a probability distribution £(A) € P(A) over
the actions, where P(.A) is the set of probability measures over the action space
A. The DRQN algorithm also introduces a truncation horizon H such that the
histories generated in the POMDP have a maximum length of H. Moreover,
a replay buffer of histories is used and the gradient is evaluated on a batch
of histories sampled from this buffer. Furthermore, the parameters 6 are up-
dated with the Adam algorithm [Kingma and Ba, 2014]. Finally, the target
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r¢ + ymaxge 4 Qo (hit1,a) is computed using a past version Qg of the estima-
tion Qg with parameters 6’ that are updated to 6 less frequently, which eases
the convergence towards the target, and ultimately towards the Q-function.

Algorithm 4.4: Deep recurrent Q-learning.

parameters: N € N the buffer capacity,
C € N the target update period in term of episodes,
E € N the number of episodes,
H € N the truncation horizon,
I € N the number of gradient steps after each episode,
€ € R the exploration rate,
E(A) € P(A) the exploration policy probability distribution,
a € R the learning rate,
B € N the batch size,
0 € R% the initial parameters of the network,
0’ € R% the initial parameters of the target network.
Initialize weights 6 randomly.
Fill replay buffer B with transitions from the exploration policy £(A).
if warmup then
Let D be the set of histories h (input sequences) in replay buffer B.
Warmup the parameters of the RNN using Warmup(D, 6).
fore=20,...,E—1do
if e mod C' = 0 then
| Update target network with 6" « 6.
Draw an initial state so according to P and observe og.
Let hg = (00).
fort=0,...,H—1do
Select a; ~ £(A) with probability e, otherwise select
a; = argmax,c 4 {Qo(he,a)}.
Take action a; and observe r; and o¢41.
Let hty1 = (00,G0,01,...,0t41).
if |B| < N then add (h¢, at, ¢, 0t41, hey1) in replay buffer B
else replace oldest transition in replay buffer B by (h¢, at, 7, 0141, ht1)-
if o¢41 is terminal then
‘ break
for i =0,...,] —1do
Sample B transitions (h?,a?,r?, oi’+1, hf;_l) uniformly from the replay
buffer B.
Compute targets

r? otherwise.

b {rf + ymaxaeA {le(hi’ﬂ,a)} if o’ZH is not terminal.
y =
B-1( b b by\2
Compute loss L=","" (y — Qo(h?, at)) .
Compute direction g using Adam optimizer.
Perform gradient step 6 < 6 + ag.

The DRQN training procedure is detailed in Algorithm 4.4. In this algorithm,
the output of the RNN is y; = g(z;6) € R4l and it gives Qq(hs,a), Va € A.
The hidden states are given by zx = f(xr—1,ux;0), Yk € Ny, with the inputs
given by ug = (ax—1,0r), vVt € Nand ug = (0,00). From the approximation Qy,
the policy 7y is given by ng(h) = argmax,c 4 Qo(h, a).

In the experiments, the following hyperparameters have been chosen: N = 8192,
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C=20,I=10,e=02,a=1x10"3, B =32. The exploration policy and
truncation horizon depend on the environment and are thus detailed in the
following appendix.

4.D Generalization to Other Hyperparameters

In this section, we study the generalization of the results of this work to other
hyperparameters. More precisely, we vary the number of recurrent layers, the
number of neurons in each layer, the batch size, and the learning rate. In
Subappendix 4.D.1, we study if the VAA increases when learning occurs for the
copy first input benchmark with 7" = 50. In Subappendix 4.D.2, we study if
the warmup procedure and the double layer architecture improve learning for
the permuted row sequential MNIST benchmark with N = 472. Finally, in
Subappendix 4.D.3, we study the impact of the warmup procedure on the copy
first input benchmark with 7" = 300 for different values of k. All averages and
standard deviations reported were computed over three different trainings.

4.D.1 Correlation Between Multistability and Learning

In Figure 4.25 and Figure 4.26, we see the evolution of the loss on the validation
set and of the VAA for different hyperparameters. There is a clear correlation
between learning and multistability, for all choices of hyperparameters. More
precisely, it can be seen that learning loss decrease generally starts when the
VAA starts increasing. Moreover, the loss is highly correlated with the VAA.

4.D.2 Learning Improvements with the Warmup Proce-
dure

In Figure 4.27 and Figure 4.28, we can see the evolution of the loss on the
validation set and the test set accuracy for different hyperparameters. It can
be seen from those figures that the warmup procedure and the double layer
architecture with partial warmup both improve on the classically initialized
GRU architecture. Those improvements are consistent over all hyperparameters
choices. It can be noted that the warmup procedure is sometimes better than
the double layer architecture in terms of speed of convergence, notably when
using a single RNN layer and a small hidden size.

4.D.3 Impact of the Parameter k£ in the Warmup Proce-
dure

In Figure 4.29, we can see the impact of the target VAA™ k used in the warmup
procedure on the final test loss, for the copy first input benchmark for different
sequence lengths 7. It can be seen that for this benchmark with long time
dependencies, the higher k, the lower the MSE.

4.E Hyperparameters Optimization

In this section, we report the best hyperparameters obtained for each cell version
and the final test loss obtained for those hyperparameters, in Table 4.1 for the
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Figure 4.25: Evolution of the validation loss (left) and of the VAA (right) of
LSTM, GRU and MGU networks, for the copy first input benchmark.
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Figure 4.27: Evolution of the validation loss (left) and test set accuracy after
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benchmark with N = 472.
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Figure 4.28: Evolution of the validation loss (left) and test set accuracy after
50 epochs (right) of GRU networks, for the permuted line-sequential MNIST
benchmark with N = 472.
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L H a B MSE
Classical 3 512 1x107% 32  0.9970 & 0.0089
LSTM  Double 3 256 5x10"* 64 0.0004 -+ 0.0001
Warmup 3 256 1x107° 64  0.0010 + 0.0009
Classical 1 512 1x107% 32  0.2656 & 0.4593
GRU Double 2 256 1x10™% 32 0.0002 =+ 0.0001
Warmup 1 512 5x107* 64 0.0002 4 0.0001
Classical 3 512 1x107% 32  0.3356 + 0.5695
MGU Double 2 256 5x10"%* 32 0.0003 + 0.0000
Warmup 1 256 1x107% 32 0.0003 + 0.0002
Classical 1 512 1x10™% 32 0.0003 &+ 0.0002
Chrono Double 1 512 1x107% 32  0.0004 =+ 0.0003
Warmup 1 512 1x107% 32  0.0004 £ 0.0002
BRC  Classical 3 256 1x107® 32 0.0006 =+ 0.0001
NBRC Classical 1 512 1x10~° 32 0.0001 + 0.0000

Table 4.1: Test mean squared error after hyperparameter selection in the de-
noising benchmark.

denoising benchmark with N = 100 and in Table 4.2 for the line-sequential
MNIST benchmark with N = 472. The hyperparameter selection procedure is
described hereafter. First, the dataset is split into the learning set and the test
set. Then, the learning set is split into three sets: the training set, the validation
set and the selection set. The network is then trained according to the standard
procedure: the final weights are those that have obtained the lowest loss on the
validation set, throughout the training on the training set. Those weights are
then evaluated on the selection set. This procedure is repeated five times for
each set of hyperparameters, with different splits of the learning set each time.
Note that those 5 different splits are the same for all cell versions. The set of
hyperparameters having obtained the lowest loss on average on the selection
set is selected. Using those hyperparameters, the cells are then trained 5 times
on the learning set, using a standard training-validation split, and the average
score obtained on the test set is reported. The sets of hyperparameters that are
considered are given by a grid search.

4.F Double-Layer Architecture without Partial
Warmup

In this section, we show the performance of all cells on the copy first input and
denoising benchmarks including the double-layer architecture without partial
warmup. As can be seen from Figure 4.30 and Figure 4.31 the double-layer
architecture without partial warmup generally performs worse than the classic
architecture. This ablation study confirms that the partial warmup is the most
important factor for the double-layer architecture performance.
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L H « B Accuracy
Classical 2 512 1x107% 64  0.6693 + 0.4807
LSTM Double 2 256 5x107% 32 0.9519 4 0.0058
Warmup 3 256 5x107% 32  0.9475 4+ 0.0008
Classical 3 512 5x107* 32 0.9578 + 0.0087
GRU Double 2 512 1x107* 32  0.9549 +0.0011
Warmup 1 512 1x107* 32  0.9555+ 0.0053
Classical 2 512 5x107* 64 0.9576 + 0.0085
MGU Double 2 512 5x107* 64  0.9562 + 0.0045
Warmup 2 256 5x107% 32  0.9485+0.0073
Classical 1 256 1x107% 32  0.9545+ 0.0020
Chrono Double 1 256 1x10~% 32 0.9575+ 0.0029
Warmup 1 256 1x107° 32  0.9562 =+ 0.0017
BRC  Classical 2 512 5x107* 32 0.9589 4 0.0064
NBRC Classical 2 512 5x107* 64 0.9600 + 0.0006

Table 4.2: Test accuracy after hyperparameter selection in the line-sequential
MNIST benchmark.
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Figure 4.30: Test MSE loss for the copy first input benchmark with different
sequence lengths T. Mean and standard deviation are reported after 50 epochs.
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Figure 4.31: Test MSE loss for the denoising benchmark with different forgetting
periods N and T = 200. Mean and standard deviation are reported after 50
epochs.
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Part 11

Leveraging Additional
Information
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Leveraging Additional
Information

In this part, we question the learning paradigm for reinforcement learning in
partially observable Markov decision processes. First, we study how eventual
additional information about the environment can be leveraged at training time
for learning to memorize relevant information. It is achieved by adapting an
existing world model to learn predicting future information about the environ-
ment instead of future observations, which is shown to learn a sufficient statistic
of the history. Second, we question the theoretical foundations of asymmetric
reinforcement learning algorithms, by studying why leveraging additional infor-
mation would improve learning. More precisely, we show that the asymmetric
actor-critic algorithm does not suffer from aliasing in the agent state when eval-
uating the policy, compared to its symmetric counterpart.
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Chapter 5

Remembering by Predicting
Additional Information

Informed POMDP: Leveraging Additional Information in Model-Based RL. Gas-
pard Lambrechts, Adrien Bolland and Damien Ernst.

From the paper presented at the Reinforcement Learning Conference and pub-
lished in the Reinforcement Learning Journal.

Abstract

In this work, we generalize the problem of learning through interaction in a
POMDP by accounting for eventual additional information available at training
time. First, we introduce the informed POMDP, a new learning paradigm offer-
ing a clear distinction between the information at training and the observation
at execution. Next, we propose an objective that leverages this information for
learning a sufficient statistic of the history for optimal control. We then adapt
this informed objective to learn a world model able to sample latent trajectories.
Finally, we empirically show a learning speed improvement in several environ-
ments using this informed world model in the Dreamer algorithm. These results
and the simplicity of the proposed adaptation advocate for a systematic con-
sideration of eventual additional information when learning in a POMDP using
model-based RL.
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5.1 Introduction

Reinforcement learning (RL) aims to learn to act optimally through interaction
with environments whose dynamics are unknown. A major challenge in this field
is partial observability, where only a partial observation o of the Markovian state
of the environment s is available for taking action a. Such an environment can
be formalized as a partially observable Markov decision process (POMDP). In
this context, an optimal policy n(a|h) generally depends on the history & of all
observations and previous actions, which grows linearly with time. Fortunately,
it is theoretically possible to find a statistic f(h) of the history h that is updated
recurrently and that summarizes all relevant information to act optimally. Such
a statistic is said to be recurrent and sufficient for optimal control. Formally, a
statistic f(h) is recurrent when it is updated according to f(h') = u(f(h),a,0’)
each time an action a is taken and a new observation o’ is received, with A’ =
(h,a,0"). And a statistic f(h) is sufficient for optimal control when there exists

an optimal policy n(alh) = g(a|f(h)).

In view of the existence of recurrent and sufficient statistics, many approaches
have relied on learning a recurrent policy 1g,¢(alh) = g¢(a|fo(h)) using a recur-
rent neural network (RNN) fy for the statistic. These policies are simply trained
by stochastic gradient ascent of a RL objective using backpropagation through
time [Bakker, 2001, Wierstra et al., 2007, Hausknecht and Stone, 2015, Heess
et al., 2015, Zhang et al., 2016, Zhu et al., 2017]. In this case, the RNN learns a
sufficient statistic fp(h) as it learns an optimal policy [Lambrechts et al., 2022,
Hennig et al., 2023]. Although these approaches theoretically allow implicit
learning of a sufficient statistic, sufficient statistics can also be learned explicitly.
Notably, many works [Igl et al., 2018, Buesing et al., 2018, Guo et al., 2018, Gre-
gor et al., 2019, Han et al., 2019, Guo et al., 2020, Lee et al., 2020, Hafner et al.,
2019, 2020] focused on learning a recurrent statistic that encodes the reward and
next observation distribution given the action: p(r,o’|h,a) = p(r,o'|f(h),a), a
property known as predictive sufficiency [Bernardo and Smith, 2009]. A recur-
rent and predictive statistic is indeed proven to be sufficient for optimal control
[Subramanian et al.; 2022]. The sufficiency objective is usually pursued jointly
with the RL objective.

While these methods can learn sufficient statistics and optimal policies in the
context of POMDPs, they learn solely from the observations. However, assum-
ing the same partial observability at training time and execution time is too
pessimistic for many environments, notably for those that are simulated. We
claim that additional information about the state s, be it partial or complete,
can be leveraged during training for learning sufficient statistics more efficiently.
To this end, we generalize the problem of learning from interaction in a POMDP
by proposing the informed POMDP. This formalization introduces the training
information ¢ about the state s, which is only available at training time. Impor-
tantly, this training information is designed such that the observation is condi-
tionally independent of the state given the information. Note that it is always
possible to design such an information 4, possibly by concatenating the observa-
tion o with the eventual additional observations o*, such that ¢ = (0,0"). This
formalization offers a new learning paradigm where the training information is
used along the reward and observation to supervise policy learning.
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In this context, we prove that recurrent statistics are sufficient for optimal con-
trol when they are predictive sufficient for the reward and next information given
the action: p(r,i'|h,a) = p(r,'|f(h),a). We then derive a learning objective for
finding a predictive sufficient statistic, which amounts to approximating the con-
ditional distribution p(r,i’|h,a) through likelihood maximization using a model
qo(r, | fo(h),a), where fy is the recurrent statistic. Compared to the classic ob-
jective for learning sufficient statistics [Igl et al., 2018, Buesing et al., 2018, Han
et al., 2019, Hafner et al., 2019], this objective approximates p(r,i’|h, a) instead
of p(r,0’|h,a). Next, we show that this learned model go(r,#'|fo(h),a) can be
adapted to provide a world model from which latent trajectories can be sampled
without explicitly reconstructing the observation. This approach boils down to
adapting latent world models such as those of PlaNet or Dreamer [Hafner et al.,
2019, 2020, 2021, 2023] by relying on a model of the information instead of a
model of the observation. Our claims are supported by experiments in several
environments that we formalize as informed POMDPs (Mountain Hike, Veloc-
ity Control, Pop Gym, Flickering Atari and Flickering Control). The informed
adaptation of Dreamer exhibits an improvement in terms of convergence speed
and policy performance in many environments, while sometimes hurting perfor-
mance in others.

This work is structured as follows. In Section 5.2, we present some related
works in asymmetric learning and multi-agent RL. In Section 5.3, the informed
POMDP is presented with the underlying execution POMDP. In Section 5.4,
we provide a learning objective for sufficient statistics in this context. In Sec-
tion 5.5, we adapt the Dreamer algorithm to informed POMDPs using this
informed objective. In Section 5.6, we compare the Uninformed Dreamer and
the Informed Dreamer in several environments.

5.2 Related Works

In RL for POMDPs, asymmetric learning consists of exploiting state information
during training. These approaches usually learn policies for the POMDP by imi-
tating a policy conditioned on the state [Choudhury et al., 2018]. However, these
heuristic approaches lack a theoretical framework, and the resulting policies are
known to be suboptimal for the POMDP [Warrington et al., 2021, Baisero et al.,
2022]. Intuitively, optimal policies in POMDP might indeed need to consider
actions that reduce state uncertainty. Warrington et al. [2021] addressed this
issue by constraining the expert policy so that its imitation results in an op-
timal policy in the POMDP. Alternatively, asymmetric actor-critic approaches
use a critic conditioned on the state [Pinto et al., 2018]. These approaches were
proven to provide biased gradients by Baisero and Amato [2022], who also pro-
posed an unbiased actor-critic approach by introducing the history-state value
function V'(h, s). Baisero et al. [2022] adapted this method to value-based RL,
where the history-dependent value function V'(h) uses the history-state value
function V'(h, s) in its temporal difference target. Alternatively, Nguyen et al.
[2021] proposed to enforce that the statistic f(h) encodes the belief p(s|h), a
sufficient statistic for optimal control [Astrém, 1965]. It makes the strong as-
sumption that beliefs b(s) = p(s|h) are available at training time. Finally, in
a concurrent work, Avalos et al. [2024] learns a statistic f(h) that encodes the
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belief distribution p(s|h) by leveraging the states during training.

In multi-agent RL, exploiting additional information available at training time
was extensively studied under the centralized training and decentralized execu-
tion (CTDE) framework [Olichoek et al., 2008]. In CTDE, it is assumed that the
histories of all agents, or even the environment state, are available to all agents
at training time. To exploit this additional information, several asymmetric
actor-critic approaches have been developed by leveraging an asymmetric critic
conditioned on all histories, including COMA [Foerster et al., 2018], MADDPG
[Lowe et al., 2017], M3DDPG |[Li et al., 2019] and R-MADDPG [Wang et al.,
2020]. While efficient in practice, Lyu and Xiao [2022] showed that these asym-
metric actor-critic approaches provide biased gradient estimates, which general-
izes results developed for asymmetric learning in POMDP [Baisero and Amato,
2022] to the multi-agent setting. In the cooperative CTDE setting, another
line of work focuses on value decomposition to learn a utility function for each
agent, including QMIX [Rashid et al., 2018], QVMix [Leroy et al., 2021] and
QPLEX [Wang et al., 2021]. These approaches use the additional information to
modulate the contribution of each utility function in the global value function,
while ensuring that maximizing the local utility functions also maximize the
global value function, a property known as individual global max (IGM). Other
methods relax this IGM requirement but still condition the value function on
all histories, including QTRAN [Son et al., 2019] and WQMix [Rashid et al.,
2020]. Recently, Hong et al. [2022] established that the IGM decomposition is
not attainable in the general case.

In contrast to the existing literature on asymmetric learning in POMDP, we
introduce an objective that provides a sufficient statistic for optimal control, and
that leverages the additional information only through the objective. Moreover,
our new learning paradigm is not restricted to state supervision, but supports
any level of additional information. Finally, to the best of our knowledge, our
method is the first to exploit additional information for learning an environment
model of the POMDP. While our approach is probably applicable to the CTDE
setting for learning sufficient statistics of the local histories of each agent, we
leave it as future work.

5.3 Informed Partially Observable Markov De-
cision Processes

In this section, we introduce the informed POMDP and the associated training
information, along with the underlying execution POMDP and the RL objective
in this context.

5.3.1 Informed Partially Observable Markov Decision Pro-
cesses

An informed POMDP P is defined as a tuple P = (S, 4,Z,0,T,R, 1,0, P,),
where S is the state space, A is the action space, Z is the information space,
and O is the observation space. The initial state distribution P gives the prob-
ability P(sg) of so € S being the initial state of the decision process. The dy-
namics are described by the transition distribution 7" that gives the probability
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Figure 5.1: Bayesian network of an informed POMDP execution.

T(st+1|8¢,a¢) of sg11 € S being the state resulting from action a; € A in state
sy € §. The reward distribution R gives the probability density R(r:|s¢, ar)
of the immediate reward r; € R after taking action a; € A in state s; € S.
The information distribution I gives the probability I(i;|s;) to get information
i; € T in state s; € S, and the observation distribution O gives the probability
O(o¢]is) to get observation o, € O given information i;. Finally, the discount
factor v € [0, 1] weights the relative importance of future rewards. The main
assumption about an informed POMDP is that the observation o; is condition-
ally independent of the state s; given the information i;: p(otlit, s¢) = 6(ot|it).
In other words, the random variables s;, i; and o; satisfy the Bayesian network
sy — iy — 0;. In practice, it is always possible to define such a training
information #;. For example, the information i; = (o, 0] ) satisfies the afore-
mentioned conditional independence for any o/. Taking a sequence of ¢ ac-
tions in the informed POMDP conditions its execution and provides samples
(0,00, a0, T0s - - - 11, 0¢) at training time, as illustrated in Figure 5.1.

For each informed POMDP, there is an underlying execution POMDP that
is defined as P = (S, A4,0,T, R, O, P,v), where O(o¢|s¢) fI (o¢]d) 1 (i]sy) di.
Taking a sequence of ¢ actions in the execution POMDP conditions its execution
and provides the history h; = (09, ag, . ..,0:) € H, where H is the set of histories
of arbitrary length. Note that information samples i, .. ., i; and reward samples
ro,...,Tt—1 are not included, since they are not available at execution time.

5.3.2 Reinforcement Learning Objective

A policy n € H is a mapping from histories to probability measures over the
action space, where H = H — A(A) is the set of such mappings. A policy is
said to be optimal for an informed POMDP when it is optimal in the underlying
execution POMDP, i.e., when it maximizes the expected return,

(5.1)

=LK [i YR,
t=0

The RL objective for an informed POMDP is thus to find an optimal policy
n* € argmax,cy J(n) for the execution POMDP from interaction with the
informed POMDP.
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5.4 Optimal Control with Recurrent Sufficient
Statistics

In this section, we introduce the notion of sufficient statistic for optimal control
and derive an objective for learning such a statistic in an informed POMDP.
For the sake of conciseness, we simply use = to denote a random variable at the
current time step and z’ to denote it at the next time step. Moreover, we use
the composition notation g o f to denote the history-dependent policy g(-| f(-)).

5.4.1 Recurrent Sufficient Statistics

Let us first define the concept of sufficient statistic, and derive a necessary
condition for optimality.

Definition 5.1 (Sufficient statistic). In an informed POMDP P and in its un-
derlying execution POMDP P, a statistic of the history f: H — Z is sufficient
for optimal control if, and only if,

J = J(n). 5.2
g:énji((.A) (go.f) n:??ljz(A) ) (5:2)

Corollary 5.1 (Sufficiency of optimal policies). In an informed POMDP P and
in its underlying execution POMDP P, if a policy n = go f is optimal, then the
statistic f: H — Z is sufficient for optimal control.

In this work, we focus on learning recurrent policies, i.e., policies n = g o f for
which the statistic f is recurrent. Formally, we have,

U(a\h) = g(a|f(h)), V(h,a), (5.3)
f(W) =u(f(h),a,0), Vh' = (h,a,0). (5.4)

This enables the history to be processed iteratively each time that an action is
taken and an observation is received. According to Corollary 5.1, when learning
a recurrent policy n = go f, the objective can be broken down into two problems:
finding a sufficient statistic f and an optimal distribution g,

S oax J(go f). (5.5)
g: Z—A(A)

5.4.2 Learning Recurrent Sufficient Statistics
Below, we provide a sufficient condition for a statistic to be sufficient for optimal
control.

Theorem 5.1 (Sufficiency of recurrent predictive sufficient statistics). In an
informed POMDP P, a statistic f: % — Z is sufficient for optimal control if it
is (i) recurrent and (ii) predictive sufficient for the reward and next information
given the action,

(i) f(0') = u(f(h),a,0), YA = (h,a,0), (5.6)
(i) p(r,i'|h,a) = p(r,i'|f(h),a), Y(h,a,r,i). (5.7)
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The proof for this theorem is in Appendix 5.A, generalizing earlier work by
Subramanian et al. [2022].

Now, let us consider a distribution over the histories and actions whose density
function is denoted as p(h,a). For example, we consider the stationary distri-
bution induced by the current policy 1 in the informed POMDP P. Let us also
assume that the density function p(h,a) is non-zero everywhere. As shown in
Appendix 5.B, under mild assumptions, any statistic f satisfying the objective,

E 1 ;! .
f:H%'lai{Z p(h,a,r,i’) qu(r’ ! |f(h)’ a) (5 8)
q: ZXA—-ARXT)

also satisfies (ii). This variational objective jointly optimizes the statistic func-
tion f: H — Z with a conditional probability density function ¢: Z x A —
A(R x 7). According to Theorem 5.1, a statistic that is recurrent and that
satisfies objective (5.8) is sufficient for optimal control.

In practice, both the recurrent statistic and the density function are imple-
mented with neural networks fy and gy respectively, both parametrized by
6 € R% In this case, the objective can be maximized by stochastic gradient
ascent. Regarding the statistic function fy, it is implicitly implemented by the
update function z; = ug(z¢—1;2¢) of an RNN. The inputs are z; = (az—1,0¢),
with a_; the null action that is typically set to zero. The hidden state of the
RNN z; = fo(hy) is thus a statistic of the history that is recurrently updated
using ug. Regarding gy, it is implemented by a parametrized probability density
function estimator. In such a context, we obtain the objective,

max E IOg QQ(T, Z.l|.f9(h)7a) . (59)
0  p(h,a,rz’)

L(fo)

We might wonder whether this informed objective is better than the classic
objective, where ¢ = o. In this work, we hypothesize that approximating the
information distribution instead of the observation distribution is a better ob-
jective in practice. This is motivated by the data processing inequality applied
to the Bayesian network s’ — i/ — o/, which concludes that the information
1/ is more informative than the observation o’ about the Markovian state s’ of
the environment,

I(s',i'|h,a) > I(s',0'|h,a), (5.10)

where I denotes the conditional mutual information. We thus expect the statis-
tic fyp(h) to converge faster towards a sufficient statistic, and the policy to
converge faster towards an optimal policy. It is however important to note that
the information ¢ might contain irrelevant state variables. In practice, the con-
ditional distribution p(i’|h, @) may thus be much more difficult to approximate
than p(o'|h,a), while not being much more useful to the control task. While
we consider this study out of the scope of this work, ensuring that the suffi-
cient representations of the histories are also necessary for the control task is a
promising avenue for future work.
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5.4.3 Optimal Control with Recurrent Sufficient Statistics

As seen from Corollary 5.1, sufficient statistics are needed for optimally control-
ling POMDPs. Moreover, as we focus on recurrent policies implemented with
RNNs, we can exploit objective (5.9) to learn a sufficient statistic fy. In prac-
tice, we jointly maximize the RL objective J(1g.4) = J(ge o fo) and the statistic
objective L(fp). This enables one to use the information i to guide the statistic
learning through L(fy). This joint maximization results in the objective,

tax J (g, © fo) + L{fo). (5.11)

Note that a policy maximizing (5.11) also maximizes the return J(gq o fp) if fo
and gy are expressive enough, such that this objective provides optimal policies
in the sense of objective (5.5).

5.5 Model-Based RL with Informed World Mod-
els

Model-based RL focuses on learning a model of the dynamics p(r, o'|h,a) of
the environment, known as a world model, that is exploited to derive a near-
optimal policy. Since the approximate model usually allows one to generate
trajectories, many works derive a near-optimal policy by online planning (e.g.,
model-predictive control) or by optimizing a parametrized policy based on these
trajectories [Sutton, 1991, Ha and Schmidhuber, 2018, Chua et al., 2018, Zhang
et al., 2019, Hafner et al., 2019, 2020]. In this section, we first modify the model
qo(r,i'|fo(h),a) in order to get a world model from which trajectories can be
sampled. We then adapt the DreamerV3 [Hafner et al., 2023] algorithm using
this world model, resulting in the Informed Dreamer algorithm.

5.5.1 Informed World Model

We implement the informed world model with a variational RNN (VRNN) as
introduced by Chung et al. [2015], also known as a recurrent state-space model
(RSSM) in the RL context [Hafner et al., 2019]. It is worth noticing that such
a model performs its recurrent update using a latent stochastic representation
of the observation. When generating trajectories, it also samples latent rep-
resentations of the observations without explicitly reconstructing them, which
we refer to as latent trajectories. This key design choice enables the sampling
of trajectories without explicitly learning the observation distribution, but the
reward and information distribution only. Formally, we have,

e~ qg(‘z7 a)a (prior, 512)
Frgy(clz,e), (reward decoder, 5.13)
i~ gz, @), (information decoder, 5.14)

where € is the latent variable of the VRNN when generating trajectories. The
prior ¢ and the decoders ¢j and g} are jointly trained with the encoder,

e~ qg(-|z,a,0), (encoder, 5.15)
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to maximize the likelihood of reward and next information samples. The latent
representation e ~ ¢j(+|z, a, 0') of the next observation o’ can be used to update
the statistic to 2/,

2 =wup(z,a,€). (recurrence, 5.16)
Note that the statistic z is no longer deterministically updated to 2z’ given a and
o', instead we have z ~ fp(-|h), which is induced by ug and gj. In practice, we
maximize the evidence lower bound (ELBO), a variational lower bound on the

likelihood of reward and next information samples given the statistic [Chung
et al., 2015],

E  logge(r,i'lz,a) > E E  [logqy(i'|z, ) +log gy (r|z,e)]
p(harri’) p(ha,mi’o) | ag(elza,0)
fo(z|h) fo(zlh)

—KL(g5(]z,a,0) [l g5(|2,0)) | (5.17)

As illustrated in Figure 5.2 for a trajectory sampled in the informed POMDP, the
ELBO objective maximizes the conditional log-likelihood ¢} (7|2, e) and ¢} (i|z, €)
of r and ¢’ for a sample of the encoder e ~ ¢§(-|z, a,0’), and minimizes the KL
divergence from g§(-|z, a, 0’) to the prior distribution ¢} (-|z,a). Note that when
i = o, it corresponds to Dreamer’s world model and learning objective.

Figure 5.2: Variational recurrent neural network loss for a given trajectory at
training time. Dependence of ¢ and g on z is omitted.

As can be noticed from Equation 5.17 and Figure 5.2, the encoder is condi-
tioned on the observation and not on the information. While this is required for
the encoder to be used at execution time, it certainly loosen the lower bound
and limits the quality of the conditional information distribution that can be
learned. Future work may improve the quality of the information reconstruc-
tion by considering an additional information encoder, also conditioned on the
statistic of the history, whose samples are not used in the recurrence.

5.5.2 Informed Dreamer

As explained above, while our informed world model does not learn the observa-
tion distribution, it is still able to sample latent trajectories. Indeed, the VRNN
only uses the latent representation e ~ gj(+|z, a, o) of the observation o, trained
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to reconstruct the information ¢’, in order to update z to z’. Consequently, we
can use the prior distribution é ~ ¢} (+|z,a), trained according to (5.17) to min-
imize the KL divergence from e ~ ¢} (-|2,a,0") in expectation, to sample latent
trajectories.

The Informed Dreamer algorithm leverages such trajectories to learn a latent
critic vy (2) and a latent policy a ~ g4(+|2). Figure 5.3a illustrates the generation
of a latent trajectory, along with estimated rewards # ~ gj(-|2,e) and values
0 = vy (2). The actions are sampled according to the latent policy, and any RL
algorithm can be used to maximize the estimated return. Moreover, note that
the estimated return is given by a function that is differentiable with respect
to ¢, and it can be directly maximized by stochastic gradient ascent. In the
experiments, we use an actor-critic approach for discrete actions and direct
maximization for continuous actions, following DreamerV3 [Hafner et al., 2023].
Finally, as shown in Figure 5.3b, when deployed in the execution POMDP the
encoder ¢ is used to compute the latent representations of the observations and
to update the statistic. The actions are then selected according to a ~ gg(-|2).

\/\/\

’e/'

uH

(a) Imagination of a trajectory using policy g, with estimated rewards and values.
Dependence of gy and vy on z is omitted.

DL

[111

(b) Execution of the policy on a trajectory of the POMDP using the encoder ¢§ to
condition the latent policy g4.

Figure 5.3: Bayesian graph of a VRNN evaluation during imagination and exe-
cution.

A pseudocode for the adaptation of the DreamerV3 algorithm using this in-
formed world model is given in Appendix 5.C. We also detail some divergences
of our formalization with respect to the original DreamerV3 algorithm. As in
DreamerV3, we use symlog predictions, a discrete VAE, KL balancing, free bits,
reward normalization, a distributional critic, and entropy regularization.

5.6 Experiments

In this section, we compare Dreamer to the Informed Dreamer on several in-
formed POMDPs, all considered with a discount factor of v = 0.997. For
reproducibility purposes, we use the implementation and hyperparameters of

106



DreamerV3 released by the authors at github.com/danijar/dreamerv3, and re-
lease our adaptation to informed POMDPs using the same hyperparameters at
github.com/glambrechts/informed-dreamer.

5.6.1 Varying Mountain Hike

In the Varying Mountain Hike environments, the agent should walk through-
out a mountainous terrain to reach the mountain top as fast as possible while
avoiding the valleys. There exists four versions of this environment, depend-
ing on the agent orientation (north or random) and on the observation that is
available (position or altitude). More formally, the agent has a position x and a
fixed orientation ¢ in each episode. The orientation c is either always north or a
random cardinal orientation, depending on the environment version. It can take
four actions to move relative to its orientation (right, forward, left and back-
ward). The orientation is not observed by the agent, but it receives a Gaussian
observation of its position, or its altitude, depending on the environment version
(0o = 0.1 in both cases). The reward is given by its altitude relative to the
mountain top, such that the goal of the agent is to obtain the highest cumula-
tive altitude. Around the mountain top, states are terminal and the trajectories
are truncated at ¢ = 160 in practice. We refer the reader to Lambrechts et al.
[2022] for a formal description of these environments, strongly inspired by the
Mountain Hike of Tgl et al. [2018].

For this environment, we first consider the position and orientation to be avail-
able as additional information at training time. In other words, we consider the
state-informed POMDP with ¢ = s. As can be seen in Figure 5.4a, the speed of
convergence of the policies is improved in all four environments when using the
Informed Dreamer. Moreover, as shown in Table 5.1 in Appendix 5.D, the final
performance of the Informed Dreamer is better in 3 out of 4 environments.
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(a) Uninformed Dreamer and Informed (b) Informed Dreamer with ¢ = (&, &) with po-
Dreamer with ¢ = s in the four environments. sition observation and random orientation.

Figure 5.4: Varying Mountain Hike environments: minimum, maximum and
average returns over five trainings.

We also experiment with other types of information in the Varying Mountain
Hike with position observation and random orientation. More precisely, we
consider an information i = (Z,¢) about the state s = (z,¢), where Z is an
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observation of the position = with Gaussian noise of standard deviation o; €
[0,0,], and ¢ is a noisy observation of the orientation ¢ replaced by a random
orientation with probability e; € [0, 1]. Note that when o; = 0, the position z is
encoded in the information, while when o; = o,, the observation o is encoded
in the information. As shown in Figure 5.4b, without confidence intervals for
the sake readability, the better the information, the faster the policy converges.
It supports the idea that the more information about the state is exploited, the
faster an optimal policy for the POMDP is learned. Moreover, we observe that
the Informed Dreamer with ¢; = 1 and o; = 0.1 performs even worse than the
Uninformed Dreamer. It suggests that considering additional information that
is not informative about the state (i.e., I(s,4|o) = 0), such as é with &; = 1, can
degrade learning. Similar results are obtained for the other three environments
in Subappendix 5.E.1.

5.6.2 Velocity Control

In the Velocity Control environments, we consider the standard DeepMind Con-
trol tasks [Tassa et al., 2018], where only the joints velocities are available as
observations and not their absolute positions, which is a standard benchmark in
the partially observable RL literature [Han et al., 2019, Lee et al., 2020]. These
environments consists of controlling different multi-joints robots to achieve sev-
eral tasks. We consider the absolute positions to be available at training time
along with the velocities, which results in a Markovian information ¢ = s.
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Figure 5.5: Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Velocity Control environments: minimum, maximum and average returns over
five trainings.

Figure 5.5 shows that the convergence speed of the policies is improved in this
benchmark, for nearly all of the considered games. Moreover, the final returns
are given in Table 5.2 in Appendix 5.D, and show that policies obtained after
one million time steps are better in 13 out of 18 environments when considering
additional information.

5.6.3 Pop Gym

The Pop Gym environments have been specifically designed to benchmark the
ability of handling partial observability [Morad et al., 2023]. The latter notably
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includes memory games, board games, or control problems involving partial
observability and noise. For these environments, we consider the state to be
available as additional information.

—— Uninformed Informed
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Figure 5.6: Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Pop Gym environments: minimum, maximum and average returns over five
trainings.

Figure 5.6 shows that learning in those POMDPs sometimes benefits from the
exploitation of additional information as proposed in the Informed Dreamer.
The learning of the Informed Dreamer seems to suffer from the approximation
of the information distribution in 2 out of those 10 environments (Concen-
tration and Higher Lower). The final returns are given in Table 5.3 in Ap-
pendix 5.D, showing a better final performance in 7 out of 10 environments,
even though returns have a high variability. In particular, we observe that the
Informed Dreamer converges to a significantly higher return for the Repeat First
and Repeat Previous environments, that both require discovering long time de-
pendencies. The exploitation of additional information seems crucial in these
environments, and we study this in depth on harder instances of the Repeat
Previous environment in Subappendix 5.E.2. This analysis shows that the In-
formed Dreamer can learn near-optimal policies in environments for which the
Uninformed Dreamer does not learn at all.

5.6.4 Flickering Atari and Flickering Control

While arguably not constituting a relevant benchmark for measuring the abil-
ity of handling partial observability [Shao et al., 2022, Avalos et al., 2024], the
Flickering Atari and Flickering Control environments have become standard
benchmarks in the partially observable RL literature [Hausknecht and Stone,
2015, Zhu et al., 2017, Igl et al., 2018, Ma et al., 2020]. For completeness, the
results for these environments are reported in Appendix 5.FE. We observe that
the speed of convergence and final performance of the agent is sometimes greatly
improved when considering additional information (e.g., Asteroids, Pong, Break-
out). However, we also observe that the performance is lower in some environ-
ments. As far as the Flickering Atari environments are concerned, the Informed
Dreamer only outperforms Dreamer in 6 out of 12 environments. In the Flicker-
ing Control environments, the Informed Dreamer tends to systematically under-
perform the Uninformed Dreamer, attaining a better performance in only 2 out
of 18 environments. It suggests that additional state information is not useful
for these tasks. We furthermore hypothesize that the conditional information
distribution is difficult to approximate, which may cause learning to degrade. It
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shows that not all information is worth exploiting, particularly when the level
of uncertainty due to partial observability is low.

5.7 Conclusion

In this work, we introduced a new formalization for considering additional in-
formation available at training time for POMDP, called the informed POMDP.
In this context, we proposed a learning objective and proved that it provides
sufficient statistic for optimal control. Next, we adapted this objective to pro-
vide an environment model from which latent trajectories can be sampled. We
then adapted a successful model-based RL algorithm, known as Dreamer, with
this informed world model, resulting in the Informed Dreamer algorithm. By
considering several environments from the partially observable RL literature,
we showed that this informed learning objective often improves the convergence
speed and quality of the policies. This work also presents several limitations.
First, a formal justification for the use of the information instead of the ob-
servation is still lacking. Future work may consider the notion of approximate
information states to bound the suboptimality of the policy for a given error on
the information distribution instead of the observation distribution. Second, we
observed that this informed objective hurts performance in some environments,
motivating further work in which particular attention is paid to the design of
the information. It would be worth drawing connection to the exogenous RL
literature that complements this work by focusing on discarding irrelevant in-
formation. Third, the proposed ELBO learning objective is probably a loose
lower bound on the information likelihood. Future work may improve the qual-
ity of the information distribution by considering informed world models with
a dedicated information encoder.
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5.A Proof of the Sufficiency of Recurrent Pre-
dictive Sufficient Statistics

In this section, we prove Theorem 5.1, that is recalled below.

Theorem 5.1 (Sufficiency of recurrent predictive sufficient statistics). In an
informed POMDP P, a statistic f: % — Z is sufficient for optimal control if it
is (i) recurrent and (ii) predictive sufficient for the reward and next information
given the action,

(i) f(B') =u(f(h),a,0"), Vh' = (h,a,0"), (5.6)
(H) p(T’, i,|ha a) = p(?} Z/‘f(h)7 a)a V(h, a,T, i/)' (57)

Proof. From Proposition 4 and Theorem 5 by Subramanian et al. [2022], we
know that a statistic is sufficient for optimally controlling an execution POMDP
if it is (i) recurrent and (ii’) predictive sufficient for the reward and next obser-
vation given the action: p(r, o'|h,a) = p(r,o'|f(h),a). Let us consider a statistic
f: H — A satisfying (i) and (ii). Let us show that it satisfies (ii’). We have,

p(r,0'|f(h), ) = / p(r, o, ¢ f (1), a) (5.18)
- / p(ol|r, &, (), a)p(r | (h),a) 4, (5.19)

using the law of total probability and the chain rule. As can be seen from
the informed POMDP formalization of Section 5.3 and the resulting Bayesian
network in Figure 5.1, the Markov blanket of o’ is {i’}. As a consequence,
o' is conditionally independent of any other variable given i’. In particular,
p('|i',r, f(h),a) = p(o|i’), such that,

p(r,0'|f(h), ) = / p(d|i)p(r, ¥ £ (1), a) i (5.20)
T
From hypothesis (ii), we can write,
p(r, 0| f(h), a) = /I (@ |)p(r, |1, a) i (5.21)

Finally, exploiting the Markov blanket {i'} of o/, the chain rule and the law of
total probability again, we have,

p(r, o' |f(h),a) :/Ip(0’|i',r,h,a)p(7“, i'|h, a) di’ (5.22)
- / (o7, |h, a) i’ (5.23)

I
= p(r,0'|h,a). (5.24)

This proves that (ii) implies (ii’). As a consequence, any statistic f satisfying
(i) and (ii) is a sufficient statistic of the history for optimally controlling the
informed POMDP. O
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5.B Proof of the Predictive Sufficient Objective

First, let us consider a fixed history h and action a. Let us recall that two
density functions p(r,i’|h,a) and p(r, | f(h),a) are equal almost everywhere if,
and only if, their KL divergence is zero,

p(r,i'|h,a)

E log-2 07 5.25
piritfha) © p(r,i'|f(h), a) (5:25)

Now, let us consider a probability density function p(h,a) that is non zero

everywhere. We have that the KL divergence from p(r,i’|h,a) to p(r,i'|f(h),a)

is equal to zero for almost every history h and action « if, and only if, it is zero
on expectation over p(h,a) since the KL divergence is non-negative,

r, 7 h,a a.e. T, i’ hva

Pl 710) ey p(r,#|h,a)

AL og ——————=0. (526
prittna) © p(r, i’ f(h), a) pinairi) o p(r, | f(h), ) (5.26)

Rearranging, we have that p(r,4'|h, a) is equal to p(r, | f(h), a) for almost every
h, a, r and 4’ if, and only if,

E  logp(r,i'lh,a)= K )1ogp(r,i’|f(h),a). (5.27)

p(h,a,ri’) p(h,a,r;i’

Now, we recall the data processing inequality, enabling one to write, for any
statistic f/,

logp(r,i'lh,a) > I logp(r,i|f (h),a). (5.28)

p(h,a,r,i") p(h,a,r,i")

the differential entropy of random variable x. Assuming that there exists at
least one f: H — Z for which the inequality is tight, we obtain the following
objective for a predictive sufficient statistic f,

since h(r,i'|h,a) = h(r,|h, f(h),a) < h(r,i'|f(h),a), Y(h,a), where h(z) is

./
ff?{afzp(h,@m/) log p(r,i'[f(h), ). (5.29)

Unfortunately, the probability density p(r,i'|f(h),a) is unknown. However,
knowing that the distribution that maximizes the log-likelihood of samples from
p(r,i'|f(h),a) is p(r,i'| f(h), a) itself, we can write,

E 1 /1 f(h),a) = E 1 /1 f(Rh),a). (5.30
s ogp(r,i'|f(h),a) v 2 PO ) ) ogq(r,i'[f(h),a). (5.30)

By jointly maximizing the probability density function ¢: Z x A — A(R x ),
we obtain,

E 1 /! : 31
f%aiz p(h,a,ri’) og4(r 7f (k). ) (531
q: ZXA-ARXI)

This objective ensures that the statistic f(h) is predictive sufficient for the
reward and next information given the action. If f(h) is a recurrent statistic,
then it is also sufficient for optimal control, according to Theorem 5.1.

112



5.C Informed Dreamer

The Informed Dreamer algorithm is presented in Algorithm 5.1. Differences with
the Uninformed Dreamer algorithm [Hafner et al., 2020] are highlighted in blue.
In addition, it can be noted that in the original Dreamer algorithm, the statistic
z¢ encodes hy = (0g,ag,.-.,0:) and aq, instead of h; only. As a consequence,
the prior distribution e; ~ ¢4(-|2;) can be conditioned on the statistic z, only,
instead of the statistic and last action. Similarly, the encoder distribution e; ~
qh(-|z¢, 0441) can be conditioned on the statistic z; only, instead of the statistic
and last action. On the other hand, the latent policy a;y1 ~ g(-|zt, ;) should
be conditioned on the statistic z; and the new latent e; to account for the
last observation, and the same is true for the value function vy (2, e;). In the
experiments, we follow the original implementation for both the Uninformed
Dreamer and the Informed Dreamer, according to the code that we release at
github.com/glambrechts/informed-dreamer.

Following Dreamer, the algorithm introduces the continuation flag ¢;, which
indicates whether state s; is terminal. A terminal state s; is a state from
which the agent can never escape, and in which any further action provides
a zero reward. It follows that the value function of a terminal state is zero,
and trajectories can be truncated at terminal states since we do not need to
learn their value or the optimal policy in those states. Alternatively, ¢; can be
interpreted as an indicator that can be extracted from the observation o, but
we made it explicit in the algorithm.

5.D Final Returns

We provide the final returns obtained by Dreamer and the Informed Dreamer for
the Varying Mountain Hike environments in Table 5.1, for the Velocity Control
environments in Table 5.2, and for the Pop Gym environments in Table 5.3.

5.E Additional Experiments

In this section, we provide results for non-Markovian information in the Varying
Mountain Hike environments, for harder Pop Gym environments, along with the
results of the flickering environments.

5.E.1 Non-Markovian Information

We experiment with other levels of information in the Varying Mountain Hike
environments. More precisely, we consider an information ¢ that contains an ob-
servation Z of the position z (or an observation § of the altitude y) with Gaussian
noise of standard deviation o; € [0,0,]. In addition, in the case of environments
with random orientation, we consider an information that also contains a noisy
observation of the orientation c replaced with a random orientation with prob-
ability €; € [0,1]. Note that when o; = 0, the exact position x (or altitude y) is
encoded in the information, while when o; = o,, the observation o is encoded
in the information.

As shown in Figure 5.7, without confidence intervals for the sake of readability,
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Algorithm 5.1: Informed Dreamer.

parameters: S the number of environment steps, F' the number of steps before
training,
R the train ratio,
W the backpropagation horizon,
K the imagination horizon,
N the batch size,
B replay buffer capacity.
1 Initialize parameters 0, ¢, ¢ randomly, and empty replay buffer B.
2 Let g=0,1=0,a-1=0,7r—1 =0, 21 =0.
3 Reset the environment and observe op and ¢o (true at reset).
4 fors=0...5—-1do

5 Encode observation o¢ to eq—1 ~ g§(+|zt—1,at—1,0¢).
6 Update z: = ug(zt—1,at—1,€t—-1).
7 Given the current statistic z¢, take action as ~ gg(-|2¢).
8 Observe reward 7, information 41, observation o:+1 and continuation flag
Ct41-
9 if ciq1 is false (terminal state) then
10 Reset t = 0.
11 Reset the environment and observe og and co (true at reset).
12 Update t =t + 1.
13 Add trajectory of W steps (Gw—1,Tw—1, lw, Ow, Cw)fuzt_vvﬂ to buffer B.
14 while |B| > F A g < Rs do Nt
15 Draw N trajectories of length W {(a{f,,l, Tey—1, 1y Oy cﬁ))y:_ol o
uniformly from replay buffer B.
16 Compute statistics and encoded latents
w—2 \N-1 w—1 V-1
{(Zuu ew)w—fl n=0 = Encode (uqugv {(a’w 1 Ow)w 0 n:O) .
17 Update 6 using Vg Zn —0 Zw_ﬂ Ly, where a”; = 0 and,
Ly, = log qy(in1] 2w, ew) 4108 g5 (Cror1 |20, €w) +10g g (riy |2, €w)
— KL (g5 (‘|2w» @ 0wy 1) || 45 (2w, aw)) -
18 Sample latent trajectories
N-1
A K—1(W-2 . w-2 \N-1
{{(z: v ez w)k:() w:—l} . = Imagine (ua, qg, [ {(Zw, €5 Gag ) iom 1 ne0 )
n=
19 Predict rewards r;"" ~ gp(-|z," éZ ), continuations flags ¢} ~
a5 (|2, €0, and values v = vy (27").
20 Compute value targets using A-returns, with G, = v", and
G:’w = lel’w + VCZ’“’ ((1 )‘)Uk+1 + AGZ:;)
. K—-1 ~n,w
21 Update ¢ using V4 Z Zw——l ko, Gy
22 Update v using Vy Z Zw_ﬂ Z ||v¢ o) —sg(G™)|1?, where
sg is the stop-gradient operator.
23 Count gradient steps g = g + 1.
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Algorithm 5.2: Trajectory encoding.

inputs: up the update function,
q¢ the encoder,
{(azfl, OZ)YUV;Ol 2:01 the histories.
Let 2, = 0.
forw=0...W—-1do
Let 6:7[),1 ~ q§(~|zﬁ,,1, ayulzfla OZ,)
Let zy, = ua(Zy—1, Gry—1,Cp—1)-

w—2 (N-1

n n
return {(zw,ew)w:_l o -

Algorithm 5.3: Trajectory imagination.

inputs: ug the update function,
gy the prior,
ge the policy,
n o _n nyWw—2 V-1 . . s .
(zas €y Ay ) i1 0 the statistics, encoded latents and actions.
n=
Let 2™ = z3, €™ = e, ™" = ay.
for k=0...K —1do
naw __ n,w n,aw  An,w
Let 2" = ug (2", a7, €57%)-
AT, W D n,aw _n,w
Let &7 ~ gy (|2, a;7").
n,w n,w
Let a;7" ~ go(-|2;").

wog N-1

return {(z”’w gyl
k0% Jk=0 Jue :
w n=0

Altitude Random Uninformed Informed
False False —13.70 £ 03.32 —13.35 +02.93
False True —18.32 4+ 06.04 —17.72 +04.19
True False —14.78 + 02.44 —14.98 +04.73
True True —67.05 £ 21.76 —45.94 + 32.77

Table 5.1: Average final return and standard deviation over five trainings in the
Mountain Hike environments.

the better the information, the faster the policy converges. These results hold
in all environments except that with altitude observation and fixed orientation,
for which the results are more mixed. As said in Subsection 5.6.1, it supports
the hypothesis that the more informative about the state the information is,
the faster an optimal policy is learned. Moreover, it can be observed that when
an additional information ¢ is not informative about the state, convergence is
slower than for the Uninformed Dreamer. This highlights again the importance
of the quality of the additional information.

5.E.2 Harder Pop Gym Environments

Despite the performance of the informed policy being equal to the performance
of the uninformed policy at optimum, there may exists environments for which
the optimum is never reached in practice without considering additional infor-
mation at training time. We observe it to be the case for environments with long
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Task

Uninformed

Informed

Acrobot Swingup
Cartpole Balance
Cartpole Balance Sparse
Cartpole Swingup
Cartpole Swingup Sparse
Cheetah Run
Cup Catch
Finger Spin
Finger Turn Easy
Finger Turn Hard
Hopper Hop
Hopper Stand
Pendulum Swingup
Reacher Easy
Reacher Hard
Walker Run
Walker Stand
Walker Walk

113.73 £108.03
511.60 4= 01.95
491.07 £ 00.00
347.58 +18.30
36.98 +42.83
315.40 + 39.64
465.23 £ 28.77
186.66 £ 39.34
359.32 £ 76.13
347.91 £ 81.80
91.05 £ 29.62
350.77 £ 88.92
301.01 + 39.80
463.30 £ 17.78
391.94 + 148.99
238.07 4= 76.42
462.81 +18.20
429.65 £ 27.06

112.49 £ 54.67
513.22 + 00.82
485.34 £ 49.39
371.24 + 05.62
102.44 £139.79
305.91 + 103.62
468.32 +£12.53
245.77 + 61.99
414.82 + 46.09
398.38 +63.40
97.50 +29.83
384.44 +74.34
233.66 = 199.66
477.51 +£14.02
466.35 £+ 25.94
271.72 +63.37
460.51 £ 41.87
440.85 + 49.87

Table 5.2: Average final return and standard deviation over five trainings in the
Velocity Control environments.

Task Uninformed Informed
Concentration 00.01 +£00.16 —0.24 4+ 00.09
Count Recall —0.66 = 00.17 —0.58 £00.24
Higher Lower 00.39 + 00.07 00.31 £00.12
Mine Sweeper —0.06 £00.32 —0.07£00.38

Noisy Position Cart Pole 00.21 £ 00.19 00.23 £ 00.27
Noisy Position Pendulum  00.54 4 00.06 00.55 + 00.05
Position Cart Pole 00.75 £ 00.00 00.75 £+ 00.00
Position Pendulum 00.64 £ 00.07 00.65 + 00.04
Repeat First 00.24 £ 00.87 00.56 = 01.00
Repeat Previous —0.01 £ 00.18 00.44 £00.13

Table 5.3: Average final return and standard deviation over five trainings in the
Pop Gym environments.

time dependencies, such as the Repeat Previous environment of the Pop Gym
suite. In this subsection, we study in depth this failure case of the Uninformed
Dreamer for this particular environment. In the Repeat Previous environment,
the agent is observing random noise, and is rewarded for outputting the obser-
vation that it got k time steps ago. While in Subsection 5.6.3 we only considered
the default Pop Gym environments, where k = 4 for the Repeat Previous envi-
ronment, we here consider the Medium (k¥ = 32) and Hard (k = 64) versions of
this environment.

In Figure 5.8, we see that the Uninformed Dreamer is not able to improve the
performance of its policy at all in these harder environments, while the In-
formed Dreamer still seems to converge towards a near-optimal policy. It once
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Figure 5.7: Varying Mountain Hike environments: average return of the In-
formed Dreamer with various level of information over five trainings.
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Figure 5.8: Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Repeat Previous environments: minimum, maximum and average returns over
five trainings.

again validates empirically the assumption that exploiting additional informa-
tion about the state improves the speed of convergence towards an optimal
policy. Even more, it shows that exploiting additional information about the
state can lead to convergence in environments where traditional approaches fail,
such as those with long time dependencies. The additional supervision provided
by this Markovian information (the last k observations) certainly endows the
statistic z ~ f(-|h) with a useful encoding of the last k observations, which is
then decoded by the policy. Table 5.4 provides the final return obtained by the
Uninformed Dreamer and the Informed Dreamer for these environments.

5.E.3 Flickering Atari

In the Flickering Atari environments, the agent is tasked with playing the Atari
games [Bellemare et al., 2013] on a flickering screen. The dynamics are left
unchanged, but the agent may randomly observe a blank screen instead of the
game screen, with probability p = 0.5. While the classic Atari games are known
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Task Uninformed Informed

Repeat Previous Easy —0.01 £00.18 00.44 +00.13
Repeat Previous Medium —0.41 £00.06 00.46 £+ 00.16
Repeat Previous Hard —0.36 +00.07 00.33 +00.19

Table 5.4: Average final return and standard deviation over five trainings in the
Repeat Previous environments.

to have low stochasticity and few partial observability challenges [Hausknecht
and Stone, 2015], their flickering counterparts have constituted a classic bench-
mark in the partially observable RL literature [Hausknecht and Stone, 2015, Zhu
et al., 2017, Tgl et al., 2018, Ma et al., 2020]. Moreover, regarding the recent
advances in sample-efficiency of model-based RL approaches, we consider the
Atari 100k benchmark, where only 100k actions can be taken by the agent for
generating samples of interaction.

For these environments, we consider the RAM state of the simulator, a 128-
dimensional byte vector, to be available as additional information for supervi-
sion. This information vector is indeed guaranteed to satisfy the conditional
independence of the informed POMDP: p(oli, s) = p(o|i). Moreover, we post-
process this additional information by only selecting the subset of variables that
are relevant to the game that is considered, according to the annotations pro-
vided by Anand et al. [2019]. Depending on the game, this information vector
might contain the number of remaining opponents, their positions, the player
position, etc.

—— Uninformed Informed
Asteroids Battle Zone Bowling Boxing Breakout Frostbite
i 20001 10 109 " 200
500 i
‘ \ / 1 "‘"/ T e
w0V \—— \ : > N
T T 0+ T 04 T 10+ T 04 T 04
Hero Ms Pacman Pong Private Eye Qbert Seaquest
750 0] 2504 100 —
2500 R B 0 5004 |
250 7 ,57,/ () o p— — /
0+ T T T T 0+ T 04

0.0 0.1 0.0 0.1 0.0 0.1 0.0 0.1 0.0 0.1 0.0 0.1

Environment steps (M)
Figure 5.9: Uninformed Dreamer and Informed Dreamer with ¢ = ¢(RAM) in
the Flickering Atari environments: minimum, maximum and average returns
over five trainings.

Figure 5.9 shows that the speed of convergence and the performance of the
policies is greatly improved by considering additional information for six envi-
ronments, while degraded for four others and left similar for the rest. The final
returns are given in Table 5.5, offering similar conclusions.

5.E.4 Flickering Control

In the Flickering Control environments, the agent performs one of the standard
DeepMind Control tasks from images but through a flickering screen. As with
the Flickering Atari environments, the dynamics are left unchanged, except
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Task Uninformed Informed
Asteroids 362.17 +112.95 580.92 + 95.61
Battle Zone 706.67 & 776.00 849.61 + 357.35
Bowling 07.89 £+ 02.00 09.17 £ 01.24
Boxing 03.54 +12.33 —0.06 £ 05.66
Breakout 02.06 + 01.32 02.59 +£01.47
Frostbite 174.96 + 84.31 115.43 £ 30.20

Hero 2864.66 + 1054.84 2033.51 4 226.50
Ms Pacman 534.67 +117.97 455.02 4+ 155.17
Pong —3.49 £ 01.19 —0.90 £01.78
Private Eye 74.27 +42.00 29.66 + 67.47
Qbert 401.27 +£117.26 574.70 + 26.92
Seaquest 91.44 +13.60 83.95 +£21.11

Table 5.5: Average final return and standard deviation over five trainings in the
Flickering Atari environments.

that the agent may randomly observe a blank screen instead of the task screen,
with probability p = 0.5. For these environments, we consider the state to be
available as additional information, as for the Velocity Control environments.

—— Uninformed Informed

Acrobot Swingup Cartpole Balance Cartpole Balance Sparse Cartpole Swingup ~ Cartpole Swingup Sparse Chectah Run

2004 5001 500 1 =5
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Cup Catch Finger Spin Finger Turn Easy Finger Turn Hard Hopper Hop Hopper Stand
00 500 4 ;] 5009
[ 2501 /.,,a-/-'-‘“ ///-’—‘ I/v-” 100 4 /-/" 250 4 /"_
f / "
0+ T 04 T 0’( T 04= T 0 T 045 T
Pendulum Swingup Reacher Easy Reacher Hard Walker Run Walker Stand Walker Walk
500 — 500 1 U p——— R
250 r_/__,,,./*-' / /// 200 / veo | / /’_’
ol ‘ rJ—/ SR dolf ‘ . ool ‘
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Environment steps (M)
Figure 5.10: Uninformed Dreamer and Informed Dreamer with ¢ = s in the
Flickering Control environments: minimum, maximum and average returns over
five trainings.

Regarding this benchmark, considering additional information seems to degrade
learning, generally resulting in worse policies. This suggests that not all infor-
mation is good to learn, some might be irrelevant to the control task and hinders
the learning of optimal policies. The final returns are given in Table 5.6, and
offer similar conclusions.
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Task

Uninformed

Informed

Acrobot Swingup
Cartpole Balance
Cartpole Balance Sparse
Cartpole Swingup
Cartpole Swingup Sparse
Cheetah Run
Cup Catch
Finger Spin
Finger Turn Easy
Finger Turn Hard
Hopper Hop
Hopper Stand
Pendulum Swingup
Reacher Easy
Reacher Hard
Walker Run
Walker Stand
Walker Walk

104.87 £ 54.88
508.01 + 00.92
507.94 + 03.04
384.37 + 14.66
347.07 £ 27.63
372.96 + 30.98
478.61 +£12.53
349.85 +123.88
441.53 £47.13
323.19 + 200.67
126.72 £ 37.89
420.38 £57.48
329.35 + 82.31
479.25 +£18.15
433.40 + 214.42
239.22 +92.40
485.78 + 46.26
447.03 £ 26.83

141.49 £ 72.53
499.95 £ 24.87
495.14 £ 69.63
377.60 &+ 32.62
284.53 +72.05
296.70 + 23.34
455.59 £ 13.58
303.03 = 76.30
441.16 £ 66.91
392.48 + 85.25
81.92 £+ 19.90
331.48 £27.61
286.53 +102.18
457.72 £19.31
412.97 £ 27.10
180.63 £ 27.73
457.36 £ 37.65
409.72 £ 68.67

Table 5.6: Average final return and standard deviation over five trainings in the

Flickering Control environments.
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Chapter 6

Learning Faster with
Additional Information

A Theoretical Justification for Asymmetric Actor-Critic Algorithms. Gaspard
Lambrechts, Damien Ernst and Aditya Mahajan.

From the paper to appear at the International Conference on Machine Learning.

Abstract

In reinforcement learning for partially observable environments, many successful
algorithms have been developed within the asymmetric learning paradigm. This
paradigm leverages additional state information available at training time for
faster learning. Although the proposed learning objectives are usually theoreti-
cally sound, these methods still lack a precise theoretical justification for their
potential benefits. We propose such a justification for asymmetric actor-critic
algorithms with linear function approximators by adapting a finite-time conver-
gence analysis to this setting. The resulting finite-time bound reveals that the
asymmetric critic eliminates error terms arising from aliasing in the agent state.
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6.1 Introduction

Reinforcement learning (RL) is an appealing framework for solving decision
making problems, notably because it makes very few assumptions about the
problem at hand. In its purest form, the promise of an RL algorithm is to learn
an optimal behavior from interaction with an environment whose dynamics are
unknown. More formally, an RL algorithm aims to learn a policy — which is
defined as a mapping from observations to actions — from interaction samples,
in order to maximize a reward signal. While RL has obtained empirical suc-
cesses for a plethora of challenging problems ranging from games to robotics
[Mnih et al., 2015, Schrittwieser et al., 2020, Levine et al., 2015, Akkaya et al.,
2019], most of these achievements have assumed full state observability. A more
realistic assumption is partial state observability, where only a partial obser-
vation of the state of the environment is available for taking actions. In this
setting, the optimal action generally depends on the complete history of past
observations and actions. Traditional RL approaches have thus been adapted
by considering history-dependent policies, usually with a recurrent neural net-
work to process histories [Bakker, 2001, Wierstra et al., 2007, Hausknecht and
Stone, 2015, Heess et al., 2015, Zhang et al., 2016, Zhu et al., 2017]. Given
the difficulty of learning effective history-dependent policies, various auxiliary
representation learning objectives have been proposed to compress the history
into useful representations [Igl et al., 2018, Buesing et al., 2018, Guo et al.,
2018, Gregor et al., 2019, Han et al., 2019, Guo et al., 2020, Lee et al., 2020,
Subramanian et al., 2022, Ni et al., 2024]. Such methods usually seek to learn
history representations that encode the belief, defined as the posterior distri-
butions over the states given the history, which is a sufficient statistic of the
history for optimal control.

While these methods are theoretically able to learn optimal history-dependent
policies, they usually learn solely from the partial state observations, which can
be restrictive. Indeed, assuming the same partial observability at training time
and execution time can be too pessimistic for many environments, notably for
those that are simulated. This motivated the asymmetric learning paradigm,
where additional state information available at training time is leveraged dur-
ing the process of learning a history-dependent policy. Although the optimal
policies obtained by asymmetric learning are theoretically equivalent to those
learned by symmetric learning, the promise of asymmetric learning is to im-
prove the convergence speed. Early approaches proposed to imitate a privileged
policy conditioned on the state [Choudhury et al., 2018], or to use an asymmet-
ric critic conditioned on the state [Pinto et al., 2018]. These heuristic methods
initially lacked a theoretical framework, and a recent line of work has focused
on proposing theoretically grounded asymmetric learning objectives. First, im-
itation learning of a privileged policy was known to be suboptimal, and it was
addressed by constraining the privileged policy so that its imitation results in
an optimal policy for the partially observable environment [Warrington et al.,
2021]. Similarly, asymmetric actor-critic approaches were proven to provide bi-
ased gradients, and an unbiased actor-critic approach was proposed by introduc-
ing the history-state value function [Baisero and Amato, 2022]. In model-based
RL, several works proposed world model objectives that are proved to provide
sufficient statistics of the history, by leveraging the state [Avalos et al., 2024]
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or arbitrary state information [Lambrechts et al., 2024a]. Finally, asymmetric
representation learning approaches were proposed to learn sufficient statistics
from state samples [Wang et al., 2023, Sinha and Mahajan, 2023]. It is worth
noting that many recent successful applications of RL have greatly benefited
from asymmetric learning, usually through an asymmetric critic [Degrave et al.,
2022, Kaufmann et al., 2023, Vasco et al., 2024].

Despite these methods being theoretically grounded, in the sense that policies
satisfying these objectives are optimal policies, they still lack a theoretical jus-
tification for their potential benefit. In particular, there is no theoretical justifi-
cation for the improved convergence speed of asymmetric learning. In this work,
we propose such a justification for an asymmetric actor-critic algorithm, using
agent-state policies and linear function approximators. Agent-state policies rely
on an internal state, which is updated recurrently based on successive actions
and observations, from which the next action is selected. This agent state can
introduce aliasing, a phenomenon in which an agent state may correspond to
two different beliefs. Our argument relies on the comparaison of two analogous
finite-time bounds: one for a symmetric natural actor-critic algorithm [Cayci
et al., 2024], and its adaptation to the asymmetric setting that we derive in this
paper. This comparison reveals that asymmetric learning eliminates error terms
arising from aliasing in the agent state in symmetric learning. These aliasing
terms are given by the difference between the true belief (i.e., the posterior dis-
tribution over the states given the history) and the approximate belief (i.e., the
posterior distribution over the states given the agent state). This suggests that
asymmetric learning may be particularly useful when aliasing is high.

A recent related work proposed a model-based asymmetric actor-critic algo-
rithm relying on belief approximation, and proved its sample efficiency [Cai
et al., 2024]. Tt also considered agent-state policies, and studied the finite-time
performance by providing a probably approximately correct (PAC) bound, in-
stead of an expectation bound as here. While the algorithm was restricted to
finite horizon and discrete spaces, notably for implementing count-based explo-
ration strategies, it tackled the online exploration setting and its performance
bound did not present a concentrability coefficient. This related analysis thus
provides a promising framework for future works in a more challenging setting.
However, it did not study the existing asymmetric actor-critic algorithm, and
did not provides a direct comparison with symmetric learning. In contrast, we
focus on providing comparable bounds for the existing model-free asymmetric
actor-critic algorithm and its symmetric counterpart.

In Section 6.2, we formalize the environments, policies, and Q-functions that
are considered. In Section 6.3, we introduce the asymmetric and symmetric
actor-critic algorithms that are studied. In Section 6.4, we provide the finite-
time bounds for the asymmetric and symmetric actor-critic algorithms. Finally,
in Section 6.5, we conclude by summarizing the contributions and providing
avenues for future works.

123



6.2 Background

In Subsection 6.2.1, we introduce the decision processes and agent-state policies
that are considered. Then, we introduce the asymmetric and symmetric Q-
function for such policies, in Subsection 6.2.2 and Subsection 6.2.3, respectively.

6.2.1 Partially Observable Markov Decision Process

A partially observable Markov decision process (POMDP) is a tuple P =
(S, A,0,P, T,R,0,v), with discrete state space S, discrete action space A,
and discrete observation space O. The initial state distribution P gives the
probability P(sg) of s9 € S being the initial state of the decision process. The
dynamics are described by the transition distribution 7" that gives the probabil-
ity T'(s¢11]8¢, ar) of s;11 € S being the state resulting from action a; € A in state
st € S. The reward function R gives the immediate reward r; = R(s¢, at, St41)
of the reward r; € [0, 1] resulting from this transition. The observation distribu-
tion O gives the probability O(o¢|s;) to get observation o; € O in state s; € S.
Finally, the discount factor v € [0, 1) weights the relative importance of future
rewards. Taking a sequence of ¢ actions in the POMDP conditions its execution
and provides the history h; = (09, ag, . ..,0:) € H, where H is the set of histories
of arbitrary length. In general, the optimal policy in a POMDP depends on the
complete history.

However, in practice it is infeasible to learn a policy conditioned on the full
history, since the latter grows unboundedly with time. We consider an agent-
state policy m € IIpq that uses an agent-state process M = (Z,U), in order
to take actions Dong et al. [2022], Sinha and Mahajan [2024]. More formally,
we consider a discrete agent state space Z, and an update distribution U that
gives the probability U(zi41|2t, at, 0e41) of zi41 € Z being the state resulting
from action a; € A and observation 0;11 € O in agent state z; € Z. Note that
the update distribution U also describe the initial agent state distribution with
z_1 ¢ Z the null agent state and a_; ¢ A the null action. Some examples
of agent states that are often used are a sliding window of past observations,
or a belief filter. Aliasing may occur when the agent state does not summa-
rize all information from the history about the state of the environment, see
Appendix 6.A for an example. Given the agent state z;, the policy m samples
actions according to a; ~ 7(-|2¢). An agent-state policy 7* € Il r is said to be
optimal for an agent-state process M if it maximizes the expected discounted
sum of rewards: 7* € argmax_cp,, J(m) with J(7) = E7[>;° 7' Ry].

In the following, we denote by S;, O, Z;, Ay and R; the random variables
induced by the POMDP P. Given a POMDP P and an agent-state process M,
the initial environment-agent state distribution P is given by,

1':)(807 Zo) = P(So) Z O(Oo‘SQ)U(Zo|Z_1, a_1q, 00). (61)
00O

Furthermore, given an agent-state policy m € Iy, we define the discounted
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visitation distribution as,

d™(s,z) =(1—7) Z P(sg, 20) Z’yk Pr(S; = s, 2y = z|So = s0, Zo = 20).

50,20 t=0

(6.2)

Finally, we define the visitation distribution m steps from the discounted visi-
tation distribution as,

dr (s,z) = Z d™(so,20) Pr(Sm = 8, Zm = 2|So = S0, Zo = 20)- (6.3)

80,20

In the following, we define the various value functions for the policies that we
defined. Note that we use calligraphic letters @™, V™ and A" for the asymmetric
functions, and regular letters @™, V™ and A™ for the symmetric ones.

6.2.2 Asymmetric Q-function

Similarly to the asymmetric Q-function of Baisero and Amato [2022], which is
conditioned on (s, h,a), we define an asymmetric Q-function that we condition
on (s, z,a), where z is the agent state resulting from history h. The asymmetric
Q-function QT of an agent-state policy m € Il is defined as the expected
discounted sum of rewards, starting from environment state s, agent state z,
and action a, and using policy 7 afterwards,

Q7 (s,z,a) =E" lz YRSy = 5,70 = 2, A0 = a. (6.4)

t=0

The asymmetric value function V™ of an agent-state policy m € IIx4 is defined
as V™(s,2) = > ,ca7(alz)Q7 (s, z,a). We also define the asymmetric advantage
function A” (s, z,a) = Q™ (s,z,a) — V™ (s, 2).

Let us define the m-step asymmetric Bellman operator as,

SOZS,ZOZZ,A(JZG .

m—1
Q" (s,2,a) =7 lz V' Re + 4" Q™ (S Zin Arm)

t=0

(6.5)

Since this m-step asymmetric Bellman operator is v™-contractive, equation (6.5)
has a unique fixed point Q™. Notice that, when using an agent-state policy, the
environment state and agent state (S;, Z;) are Markovian. Therefore, it can be
shown that the fixed point O is the same as the asymmetric Q-function Q7.

6.2.3 Symmetric Q-function

The symmetric Q-function Q™ of an agent-state policy 7 € Il in a POMDP P
is defined as the expected discounted sum of rewards, starting from agent state
z and action a, and using policy 7 afterwards,

Qw(zv a) =E" [Z ’Yth

t=0

ZQ = Z,AO = a‘| . (66)
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The symmetric value function V™ of an agent-state policy m € 1l is defined
as V7(z) = > ,cam(alz)Q™(z,a). We also define the symmetric advantage
function A™(z,a) = Q7 (z,a) — V7 (2).

Let us define the m-step symmetric Bellman operator as,

m—1

Q" (2,0) =E™| Y "' R + 7" Q" (Zim, Am)

t=0

ZO = Z,A() =aj. (67)

It can be verified that the m-step symmetric Bellman operator is y"-contractive.
Therefore, equation (6.7) has a unique fixed point Q™. However, because the
agent state is not necessarily Markovian, in general Q™ # Q™.

6.3 Natural Actor-Critic Algorithms

In this section, we present the asymmetric and symmetric natural actor-critic
algorithms, which make use of an actor, or policy, and a critic, or Q-function.
The asymmetric variant will use an asymmetric critic, learned using asymmetric
temporal difference learning, while the symmetric variant will use a symmetric
critic, learned using symmetric temporal difference learning. These temporal
difference learning algorithms are presented in in Subsection 6.3.1 and Subsec-
tion 6.3.2, respectively. Then, Subsection 6.3.3 presents the complete natural
actor-critic algorithm that uses a temporal difference learning algorithm as a
subroutine.

For any Euclidean space X, let B2(0, B) be the ¢5-ball centered at the origin
with radius B > 0, and let I'c: X — C be a projection operator into the closed
and convex set C C X in fy-norm: I'¢c(x) € argmin ¢ |lc — :E||§ CC, Vz e k.
Finally, let us define the u-weighted ¢o-norm, for any probability measures p €
A(X) as,

Il = [ D ) |f @) (6.8)

rzeX

In the algorithms, we implicitly assume to be able to directly sample from the
discounted visitation measure d”. When it is unrealistic, it is still possible to
sample from d™ by sampling an initial time step ¢y ~ Geom(l — ) from a
geometric distribution with success rate 1 —~, and then taking ¢y — 1 actions in
the POMDP. The resulting sample (s¢,, 2¢,) follows the distribution d”.

6.3.1 Asymmetric Critic

Suppose we are given features ¢: S x Z x A — R% . Without loss of generality,
we assume sup, . ,[|¢(s,z,a)[|2 < 1. Given a weight vector 8 € R%, let Q
denote the linear approximation of the asymmetric Q-function Q™ that uses
features ¢ with weight 3,

Q5(s.2,a) = (8, (s, 2,)). (6.9)
Given an arbitrary projection radius B > 0, we define the hypothesis space as,
F§ ={(s,z,0) = (8,6(s,2,a)) : B € Bx(0, B)}. (6.10)
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We denote the optimal parameter of the asymmetric critic approximation by
BT € argmingeg, o,p) [|(8,9()) — Q"(-)|l4, and denote the corresponding ap-

s

proximation by OT(-) = (87, ¢(+)). The corresponding error is,

f-Qr

Eapp = mmin

6.11
i (6.11)

e

d’
with d(s, z,a) = d™(s, z)m(a|z) the sampling distribution.

In Algorithm 6.1, we present the m-step temporal difference learning algorithm
for approximating the asymmetric Q-function Q™ of an arbitrary agent-state
policy 7 € IInq. At each step k, the algorithm obtains one sample (sg.0, 2k,0) ~
d™ from the discounted visitation distribution. Then, m actions are selected
according to policy 7 to provide samples (a ¢, 7k t; Sk,t4+15 Ok,t+1, 2k t+1) for 0 <
t < m. Next, the temporal difference J; and semi-gradient g are computed,
based on a last action agm ~ 7(-|2k,m),

m—1

o = Z Vi + 7" QF, (Skons Zeims Weom) — OB, (k.05 2,05 Ak,0),5 (6.12)
i=0

g = 0k V9%, (Sk.0, 24,0, Ak 0)- (6.13)

Then, the semi-gradient update is performed with 8, ; = Bk + agx and the
parameters are projected onto the ball of radius B: Br41 = I'g,(0,8)(By1). At
the end, the algorithm computes the average parameter 3 = % Zf:_ol B and
returns the average approximation Q7 = @g

Algorithm 6.1: Multistep temporal difference learning algorithm.
parameters: m the bootstrap time step,
a the step size,
K the number of updates,
B the projection radius.
inputs: m € IIx the policy.
for k=0...K—1do
Initialize (sk,0, zk,0) ~ d".
fori=0...,m—1do
Select action ag,; ~ 7(-|zk,i).
Get environment state sgi+1 ~ T(:|Sk,i, Gk,i)-
Get reward 1k, = R(Sk,i, Qk,iy Sk, it1)-
Get observation og,i+1 ~ O(-|sk,i+1)-
Update agent state zx,i+1 ~ U(‘|2k,i, Gk iy Ok it1)-
Sample last action ax,m ~ 7(-|2k,m)-
Compute semi-gradient gj according to equation (6.13) or equation (6.17).
Update Bry1 = I'ny0,5)(Br + agr).
Compute average parameter 3 = % Zf;ol Br.

return average estimate @”() = @g() = <BO()> or Cjﬁ() = Q%() = (B, x())-

6.3.2 Symmetric Critic

Similarly, we suppose that we are given features x: Z x A — R%. Without loss
of generality, we assume sup, ,[|x(z,a)|l2 < 1. Given a weight vector 5 € R,
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let @g denote the linear approximation of the symmetric Q-function Q™ that
uses features x with weight 3,

Q7(z,a) = (8,x(2,0)). (6.14)

The corresponding hypothesis space for an arbitrary projection radius B > 0 is
denoted with .FXB . The optimal parameter is also denoted by 5 € argmingep, o p)

s

18, x(-)) — Q™ ()|l ;> the corresponding optimal approximation is QT = (87, x()),
and the corresponding error is,

f-Q

e

(6.15)

€ = min
P jeFn

d,

with d(z,a) = > d™(s, z)7(a|]z) the sampling distribution.
sES

Algorithm 6.1 also presents the m-step temporal difference learning algorithm

for approximating the symmetric Q-function. The latter is identical to that of

the asymmetric Q-function except that states are not exploited, such that the

temporal difference J; and semi-gradient g are given by,

m—1

o = Z VT + vm@Ek (2k,ms Qlm) — @Ek (2,05 @k,0)5 (6.16)
i=0
9k = 0,V 5Q%, (25,0, ak0)- (6.17)

At the end, the algorithm returns the average symmetric approximation Q" =
Qg. Note that this symmetric critic approximation and temporal difference

learning algorithm corresponds to the one proposed by Cayci et al. [2024].

6.3.3 Natural Actor-Critic Algorithms

For both the asymmetric and symmetric actor-critic algorithms, we consider a
log-linear agent-state policy mg € IIxq. More precisely, the policy uses features
¢: Zx A — R%, with sup, ,[¢(z,a)|2 < 1 without loss of generality, and a
softmax readout,

ro(arlze) = 22U Ve, ar)))
> aca exp((0,¥(z, a)))

(6.18)

In this work, we consider natural policy gradients, which are less sensitive to
policy parametrization [Kakade, 2001]. Instead of computing the policy gradient
in the original metric space, the idea is to compute the policy gradient on a
statistical manifold, defined by the expected Fisher information metric. The
natural policy gradient is thus given by the standard policy gradient multiplied
by a preconditioner Fisher information matrix. Natural policy gradients are at
the core of many effective modern policy-gradient methods [Schulman et al.,
2015].

The natural policy gradient of policy mp € Il is defined as follows [Kakade,
2001],

w™ = (1 —y)E} Vo J (), (6.19)
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where F_is the pseudoinverse of the Fisher information matrix, which is defined
as the outer product of the score of the policy,

Fry =B [Vglogmg(A|Z) ® Vglogmg(A|Z)]. (6.20)

As shown in Theorem 6.1, the natural policy gradient w(¢ is the minimizer of
the asymmetric objective (6.22).

Theorem 6.1 (Asymmetric natural policy gradient). For any POMDP P and
any agent-state policy mg € I, we have,

wi® =(1- ’}/)F;BVQJ(WQ) € arg min £(w), (6.21)
weR™
with,
£(w) = B [(Vologme(A12),w) — A™ (8,2, )] (6.22)

The proof is given in Appendix 6.B. In practice, since the asymmetric advantage
function is unknown, the algorithm estimates the natural policy gradient by
stochastic gradient descent of £(w) using the approximation A™(S,Z, A) =
Qre(S,Z,A) — V™ (S, Z) with V™ = Y aca 70(alZ2)Q(S, Z, a).

Our natural actor-critic algorithm generalizes the one of Cayci et al. [2024] to the
asymmetric setting and is detailed in Algorithm 6.2. For each policy gradient
step 0 < ¢t < T, the natural policy gradient wlt is first estimated using N
steps of stochastic gradient descent. At each natural policy gradient estimation
step 0 < n < N, the algorithm samples an initial state (s; ., 2;,n) ~ d™ from
the discounted distribution d™ and an action a;, ~ m(+|2,) according to the
policy m = mp,. Then, the gradient v, of the natural policy gradient estimate
Wy, is computed with,

77_( 2
Vt,n = vw (<v0 108; 7-‘—19(at,n|zt,n); wt,n> - A o (St,'ru Zt,ny at,n)) 5 (623)

The gradient step is performed with Wy i1 = Wen — (v, and the parameters
are projected onto the ball of radius B: wy nt1 = I's,(0,8)(w;,,41). Finally, the
algorithm computes the average parameter w; = % Zg:_ol Wy, and performs
the policy gradient step: ;11 = 0; + nw;. After all policy gradient steps, the
final policy is returned.

As shown in Theorem 6.2, the natural policy gradient w]? is also the minimizer
of the symmetric objective (6.25).

Theorem 6.2 (Symmetric natural policy gradient). For any POMDP P and
any agent-state policy my € IInq, we have,

wl® = (1 —7)F} VgJ(mg) € argmin L(w), (6.24)
weR%w
with,
L(w) = B |((Vglog me(A| Z), w) — A™ (Z, A))?]. (6.25)
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Algorithm 6.2: Natural actor-critic algorithm.

parameters: 1" the number of updates,
N number of gradient estimation steps,
¢ the gradient estimation step size,
n the step size,
B the projection radius.
Initialize 69 = 0.
fort=0...T—1do
Obtain Q™ or Q™ using Algorithm 6.1.
Initialize w0 = 0.
forn=0...N—-1do
Initialize (St,n, 2t,n) ~ d™.
Sample ai,n ~ o, (|2¢,n).
Compute the gradient v, of the policy gradient using equation (6.23) or
equation (6.26).
Update w; ,, 11 = wen — (Ut n.
Project wy py1 = FBz(O,B)(wt_,n+1)-
Update 0,41 = 0 + n% 25;01 W, p -
return final policy mr = 7o,

The proof is given in Appendix 6.B. As in the asymmetric case, the symmetric
advantage function is unknown, and the algorithm estimates the natural gradi-
ent by stochastic gradient descent of equation (6.25) using the approximation
A™0(Z,A) = Q™ (Z,A) = V™ (Z) with V™ =3 m9(a|Z)Q™ (Z, a).

Algorithm 6.2 also presents the symmetric natural actor-critic algorithm, ini-
tially proposed by Cayci et al. [2024]. The latter is similar to the asymmetric
algorithm except that it uses the symmetric advantage function, such that the
gradient of the policy gradient is given by,

Vi = Vw((Vg log mp(at.n|2t.n), wen) — A™ (zt’n,at,n))z. (6.26)

While Theorem 6.1 and Theorem 6.2 show that w[¢ is the minimizer of both
the asymmetric and the symmetric objectives, the next section establishes the
benefit of using the asymmetric loss. More precisely, asymmetric learning is
shown to improve the estimation of the critic and thus the advantage function,
which in turn results in a better estimation of the natural policy gradient.

6.4 Finite-Time Analysis

In this section, we give the finite-time bounds of the previous algorithms in both
the asymmetric and symmetric cases. The bounds of the asymmetric and sym-
metric temporal difference learning algorithms are presented in Subsection 6.4.1
and Subsection 6.4.2, respectively. In Subsection 6.4.3, the bounds of the asym-
metric and symmetric natural actor-critic algorithms are given.

We use ||p — v||py to denote the total variation between two probability mea-
sures p, v € A(X) over a discrete space X,

[ = vllpy = sup [u(A) — v(A)] (6.27)
ACx
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= >3 i) — w()]. (6.28)

6.4.1 Finite-Time Bound for the Asymmetric Critic

Our main result is to establish the following finite-time bound for the Q-function
approximation resulting from the asymmetric temporal difference learning al-
gorithm detailed in Algorithm 6.1.

Theorem 6.3 (Finite-time bound for asymmetric m-step temporal difference
learning). For any agent-state policy m € IIx, and any m € N, we have for
Algorithm 6.1 with o« = \/% and arbitrary B > 0,

N HEE T ——— (629)

where the temporal difference learning, function approximation, and distribu-
tion shift terms are given by,

2
4B2 + (ﬁ + 23)
et — 6.30
L A -
Eapp = 7 o frg]l% If=Qml, (6.31)

1 2rym
Eanitt = (B + = 7) \/1 i\l — dl, (6.32)

with d(s,z,a) = d"(s,z)m(a|z) the sampling distribution, and d,,(s, z,a) =
dr (s, z)m(a|z) the bootstrapping distribution.

The proof is given in Appendix 6.C, and adapts the proof of Cayci et al. [2024] to
the asymmetric setting. The first term e¢q is the usual temporal difference error
term, decreasing in K /4. The second term €app Tesults from the use of linear
function approximators. The third term egpie arises from the distribution shift
between the sampling distribution d™®m (i.e., the discounted visitation measure)
and the bootstrapping distribution df, ® 7 (i.e., the distribution m steps from
the discounted visitation measure). It is a consequence of not assuming the
existence of a stationary distribution nor assuming to sample from the stationary
distribution.

6.4.2 Finite-Time Bound for the Symmetric Critic
Given a history h; = (0g, ag, - - ., 0t), the belief is defined as,

b(se|he) = Pr(Sy = s¢|Hy = hy). (6.33)
Given an agent state z;, the approximate belief is defined as,

bi(si|z) = Pr(Sy = 84| Zy = ). (6.34)

We obtain the following finite-time bound for the Q-function approximation
resulting from the symmetric temporal difference learning algorithm detailed in
Algorithm 6.1.
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Theorem 6.4 (Finite-time bound for symmetric m-step temporal difference
learning [Cayci et al., 2024]). For any agent-state policy m € IIx, and any
m € N, we have for Algorithm 6.1 with a = \/17, and arbitrary B > 0,

\/E |:HC27T - Qﬂuz} < €td + €app + Eshift + Ealias; (635)

where the temporal difference learning, function approximation, distribution
shift, and aliasing terms are given by,

2
1
482+ (L +2B)
2VE(1 —m)

| -
177mf§%”f_Q|b (6.37)

1 2ym
ot = (B+ 12 ) Tl =l (6.39)

o DRRU e

with d(z,a) = >, sd"(s,z)m(alz) the sampling distribution, and d,,(z,a) =
> scs dn (s, z)m(alz) the bootstrapping distribution.

Erd = (6.36)

€app =

Zy =

€alias =

2
1—7

, (6.39)
d

The first three terms are identical or analogous to the asymmetric case. The
fourth term e,)ias results from the difference between the fixed point Q™ of the
symmetric Bellman operator (6.7) and the true Q-function Q7.

We note some minor differences with respect to the original result of Cayci et al.
[2024] that appear to be typos and minor mistakes in the original proof." We
provide the corrected proof in Appendix 6.D.

The results of Theorem 6.3 and Theorem 6.4 can be straightforwardly general-
ized to any other sampling distribution. However, obtaining bounds in term of
d™ ® 7 is useful for bounding the performance of the actor-critic algorithm.

6.4.3 Finite-Time Bound for the Natural Actor-Critic

Following Cayci et al. [2024], we assume that there exists a concentrability
coefficient C'o, < 0o such that supy<, 7 E[C}] < U with,

| (s, 2)7 (al2)
Cr = 59 | o (s, =)o (al2) |

(6.40)

Roughly speaking, this assumption means that all successive policies should
visit every agent states and actions visited by the optimal policy with nonzero
probability. It motivates the log-linear policy parametrization in equation (6.18)
and the initialization to the maximum entropy policy in Algorithm 6.2. We ob-
tain the following finite-time bound for the suboptimality of the policy resulting
from Algorithm 6.2.

1The authors notably wrongly bound the distance H@\f — @W |la by €app at one point, which
nevertheless yields a similar result.
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Theorem 6.5 (Finite-time bound for asymmetric and symmetric natural ac-

tor-critic algorithm). For any agent-state process M = (Z,U), we have for
Algorithm 6.2 with o = \/%, ¢= BFV;];V, n= ﬁ and arbitrary B > 0,

- i ) — < .
(1 ’Y) 02%51<HTIE [J(ﬂ- ) J(ﬂ.t)] S €nac + 2€1nf

T-1
_ 1 .
+Co <5act0r + 2€graa + 2\/6? ;_0: 5critic> ) (6.41)

where the different terms may differ for asymmetric and symmetric critics,

B? +21
Enac = i o8 |A| (642)
2T
2—~)B
Eactor — ( 7) (643)
(1-y)VN
€inf,asym = 0 (644)
oo
_ TR k|7
Einf,sym — E [Z Y bk — kaTV‘| (645)
k=0
Egrad,asym — Sup min ‘Ct (U)) (646)
0<t<T w
€grad,sym = Sup min Lt(w)a (647)
0<t<T w
and el is given in Theorem 6.3 and Theorem 6.4.

The first term e,,. is the usual natural actor-critic term decreasing in T —1/2

[Agarwal et al., 2021]. The second term eiy,s is the inference error resulting from
use of an agent state in a POMDP [Cayci et al., 2024]. This term is zero for
the asymmetric algorithm. The third term e,¢t0r is the error resulting from the
estimation of the natural policy gradient by stochastic gradient descent. The
fourth term egraq is the error resulting from the use of a linear function ap-
proximator with features Vg log m(a|z) for the natural policy gradient. Finally,
the fifth term EtT;Ol Entiic 18 the error arising from the successive critic ap-
proximations. Inside of each €7}, terms, the aliasing term is thus zero for the
asymmetric algorithm. The proof, generalizing that of Cayci et al. [2024] to the
asymmetric setting, is available in Appendix 6.F.

6.4.4 Discussion

As can be seen from Theorem 6.3 and Theorem 6.4, compared to the symmetric
temporal difference learning algorithm, the asymmetric one eliminates a term
arising from aliasing in the agent state, in the sense of equation (6.39). In
other words, even for an aliased agent-state process, leveraging the state to
learn the asymmetric Q-function instead of the symmetric Q-function does not
suffer from aliasing, while still providing a valid critic for the policy gradient
algorithm. That said, these bounds are given in expectation, and future works
may want to study the variance of the error of such Q-function approximations.
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From Theorem 6.5, we notice that the inference term (6.45) in the subopti-
mality bound vanishes in the asymmetric setting. Moreover, the average error
* tT;()ls’CT;itic made in the evaluation of all policies 7, ..., 7,1 appears in the
finite-time bound that we obtain for the suboptimality of the policy. Thus, the
suboptimality bound for the actor also improves in the asymmetric setting by

eliminating the aliasing terms with respect to the symmetric setting.

By diving into the proof of Theorem 6.5 at equations (6.232) and (6.233), we
understand that the Q-function error impacts the suboptimality bound through
the estimation of the natural policy gradient (6.19). Indeed, this error term
in the suboptimality bound directly results from the error on the advantage
function estimation used in the target of the natural policy gradient estimation
loss of equations (6.23) and (6.26). This advantage function estimation is derived
from the estimation of the Q-function, such that the error on the latter directly
impacts the error on the former, as detailed in equations (6.232) and (6.233).
This improvement in the average critic error unfortunately comes at the expense
of a different residual error e4raq on the natural policy gradient loss. Indeed,
as can be seen in equation (6.47), we obtain a residual error €grad,asym using
the best approximation of the asymmetric advantage A™ (s, z,a), instead of a
residual error €gradsym using the best approximation of the symmetric critic
A™(z,a). Since both natural policy gradients are obtained through a linear
regression with features Vg logm:(a|z), it is clear than the asymmetric residual
error may be higher than the symmetric residual error, even in the tabular case.

We conclude that the effectiveness of asymmetric actor-critic algorithms notably
results from a better approximation of the Q-function by eliminating the aliasing
bias, which in turn provides a better estimate of the policy gradient.

6.5 Conclusion

In this work, we extended the unbiased asymmetric actor-critic algorithm to
agent-state policies. Then, we adapted a finite-time analysis for natural actor-
critic to the asymmetric setting. This analysis highlighted that on the con-
trary to symmetric learning, asymmetric learning is less sensitive to aliasing
in the agent state. While this analysis assumed a fixed agent-state process,
we argue that it is useful to interpret the causes of effectiveness of asym-
metric learning with learnable agent-state processes. Indeed, aliasing can be
present in the agent-state process throughout learning, and in particular at
initialization. Moreover, it should be noted that this analysis can be straight-
forwardly generalized to learnable agent-state processes by extending the action
space to select future agent states. More formally, we would extend the action
space to AT = A x A(Z) with a;f = (as,a?), the agent state space to Z+ =
Z x O with 2 = (2,2¢), and the agent-state process to U(z; |2, at, 0141) o
exp(atzt“)dzgﬂ,ot .- This alternative to backpropagation through time would
nevertheless still not reflect the common setting of recurrent actor-critic algo-
rithms. We consider this as a future work that could build on recent advances
in finite-time bound for recurrent actor-critic algorithms [Cayci and Eryilmaz,
2024a,b]. Alternatively, generalizing this analysis to nonlinear approximators
may include recurrent neural networks, which can be seen as nonlinear approxi-
mators with a sliding window as agent state. Our analysis also motivates future
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work studying other asymmetric learning approaches that consider representa-
tion losses to reduce the aliasing bias [Sinha and Mahajan, 2023, Lambrechts
et al., 2022, 2024a).
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6.A Agent State Aliasing

In this section, we provide an ex- Swap,/Enter Swap/Enter
ample of aliased agent state, and (+1) (+0)
discuss the corresponding aliasing

bias. For this purpose, we in- Treasu

troduce a slightly modified ver- (Dark) (Dark)

sion of the Tiger POMDP [Kael-

bling et al., 1998], see Figure 6.1.
In this POMDP, there are two
doors: one opening on a room
with a treasure on the left, and
another opening on a room with a
tiger on the right. There are four
states for this POMDP: being in
the treasure room (Treasure), be-
ing in the tiger room (Tiger), be-
ing in front of the treasure door (Left) or being in front of the tiger door (Right).
The rooms are labeled outside (Left or Right), but inside it is completely dark
(Dark), such that we do not observe in which room we are. When outside of
the rooms, the agent can switch to the other door (Swap) or it can open the
door and enter the room (Enter). Once in a room (Treasure or Tiger), the agent
stays locked forever, and gets a positive reward (+1) if if it is in the treasure
room (Treasure) whatever the action taken (Swap or Enter). We consider the
agent state to be simply the last observation (Left, Right, or Dark). Notice
that the optimal agent-state policy conditioned on this agent state is also an
optimal history-dependent policy. In other words, the current observation is a
sufficient statistic for optimal control in this POMDP. We consider a uniform
initial distributions over the four states.

Enter Enter
(+0) (
Swap

(+0)

Figure 6.1: Aliased Tiger POMDP.

For a given agent state (Dark), there exist two different underlying states (Trea-
sure or Tiger). We call this phenomenon aliasing. Now, let us consider a
simple policy 7 that always takes the same action (Enter). It is clear that
the symmetric value function defined according to equation (6.6) is given by
V7™ (z = Dark) = ﬁ, V™ (z = Left) = ﬁ, and V™(z = Right) =0. How-
ever, when considering the unique fixed point of the aliased Bellman opera-

tor of equation (6.7) with m = 1, we have instead V™ (z = Dark) = 51—

o N 2(1—7)°
V™ (z = Left) = ﬁ, and V7 (z = Right) = ﬁ We refer to the distance

between V7 and ‘N/”, or similarly Q™ and @“, as the aliasing bias. In the anal-
ysis of this paper, this distance appears as the weighted ¢y-norm ||Q™ — Q7|4
where d(s, z,a) = d™(s,z)m(alz). In the analysis, we also define the aliasing
term e,)ia5 as an upper bound on this aliasing bias, see Lemma 6.D.1 for a
detailed definition.

6.B Proof of the Natural Policy Gradients

In this section, we prove that the natural policy gradient is the minimizer of
analogous asymmetric and symmetric losses.
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6.B.1 Proof of the Asymmetric Natural Policy Gradient

In this section, we prove that the natural policy gradient is the minimizer of an
asymmetric loss.

Theorem 6.1 (Asymmetric natural policy gradient). For any POMDP P and
any agent-state policy my € IInq, we have,

wl® = (1 —7)F} VgJ(mg) € argmin L(w), (6.21)
weRw
with,
Lw) =B [(Vologmo(A|2),w) - A™(5,2,4)°].  (6.22)

Proof. Let us note that,

VoL(w) = 2B [Vylogme(A|Z) ((Vglog me(A|Z), w) — A™ (S, Z, A))].
(6.48)

Therefore, for any w7 € R% minimizing £(w), we have V,L(w) = 0, such
that,

E™ [V logmo(A|Z)A™ (S, Z, A)]
=B (Vg log m(412)(Vo log mo(A] Z), wi”)] (
=E"[(Vologmo(412) @ Vologmp(AIZ2)uw] (650
=E¥ [Vylog me(A|Z) ® Vg log me(A|Z)] wT™ (
= Frwl’. (

which follows from the definition of the Fisher information matrix F;, in equa-
tion (6.20). Now, let us define the policy 7 (A]S, Z) = my(A|Z), which ignores
the state S. From there, we have,

Frow™ =B [Vylogmg(A|Z)A(S, Z, A)] (6.53)

B [Volog ) (AlS, Z)A(S, Z, A)] (6.54)

= Ed”+ [Vologm (AlS, Z) (A(S, Z, A) + V(S, Z) — V(S, Z))]  (6.55)
_E [vg log 7} (A]S, 2)Q(S, Z, A)]

_EY d [Vologmy (AlS, 2)V(S, Z)] (6.56)

=E"" [Vology (AlS, 2)Q(S, Z, 4)]

at
—E"7|V(8,2) > 78 (alS. Z)Vylog ) (alS, Z) (6.57)
a€A
a7t
=E"" [Vglogmy (AlS, 2)Q(S, Z, A)]
_
—E* |\V(S,2)> " Vorg (alS. 2) (6.58)
a€A
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71_Jr
=E*" [Vologry (AlS, 2)Q(S. Z, A)]

at
—EY V(8. 2)Ve Y 7 (alS. 2) (6.59)
acA

_E [Volog ) (AlS, 2)Q(S, 2, A)] — o V(S, Z)Vel]  (6.60)
_g" [Vologmj (A|S, Z2)Q(S, Z, A)]. (6.61)

Using the policy gradient theorem [Sutton et al., 1999] and equation (6.61),
Frw?® = (1 —7)VoJ(r]), (6.62)

From there, we obtain using the definition of 7T;r ,

Fr,wi® =(1— 'y)VgJ(w‘;") (6.63)
= (1—=7)VeJ(mp). (6.64)
This concludes the proof. O

6.B.2 Proof of the Symmetric Natural Policy Gradient

In this section, we prove that the natural policy gradient is the minimizer of an
asymmetric loss.

Theorem 6.2 (Symmetric natural policy gradient). For any POMDP P and
any agent-state policy my € I, we have,

wl® = (1 —7)F} VoJ(mg) € argmin L(w), (6.24)
weR%w
with,
L(w) =B | ((Vglog mg(A|Z),w) — A™(Z, A))?]. (6.25)

Proof. Similarly to the asymmetric setting, for any w7® minimizing L(w), we
have V,,L(w) = 0, such that,

EY Vg logm(A|Z)A(Z, A)]

=B [Vylog mo(A|Z)(Vylog mo(A|Z)w]?)] (6.65)
=E""[(Vologmo(A|Z) ® Vg log mo(A|Z))wD) (6.66)
=E¥ [Vylogme(A|Z) @ Vg log me(A|Z)] wT (6.67)
— P, (6.68)

which follows from the definition of the Fisher information matrix F;, in equa-
tion (6.20). From there, we have,

Fryw™ =R [Vylogmg(A|Z)A(Z, A)] (6.69)
Fryw™ =K [vg log mo(A|Z)EY [A(S, 2, A)|Z, A] (6.70)
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Fryw™ =K [Ed"" (Vo log 7 (A|Z2)A(S, Z, A)|Z, A] (6.71)
Fpw™ =K [Vylogmg(A|Z)A(S, Z, A)], (6.72)

which follows from the law of total probability. From there, by following the
same steps as in the asymmetric case (see Subappendix 6.B.1), we obtain,

Fryw® = (1 —7)VeJ(m). (6.73)

This concludes the proof. O

6.C Proof of the Finite-Time Bound for the Asym-
metric Critic

In this section, we prove Theorem 6.3, that is recalled below.

Theorem 6.3 (Finite-time bound for asymmetric m-step temporal difference
learning). For any agent-state policy m € IIx, and any m € N, we have for

Algorithm 6.1 with a = \/% and arbitrary B > 0,

VE[I127 @I < cua-+ ann + o 629)

where the temporal difference learning, function approximation, and distribu-
tion shift terms are given by,

2
482+ (L +2B)

Erd = (6.30)
2VK (1 —ym)
14™
- _ o 6.31
Sapp = T frggql? 1f— Q"4 (6.31)

1 2rym
Eshift = <B + 11— 7) \/1 —amV i — dll v, (6.32)

with d(s,z,a) = d"(s,z)m(a|z) the sampling distribution, and d,, (s, z,a) =
dr (s, z)m(a|z) the bootstrapping distribution.

Proof. To simplify notation, we drop the dependence on 7 and § and use Q
as a shorthand for Q™, Q* as a shorthand for Q7, Q as a shorthand for Q
and @k as a shorthand for @gk, where the subscripts and superscripts remain
implicit but are assumed clear from context. When evaluating the Q-functions,
we go one step further by using Q; to denote Q(Sk.i, Zk.i, Ak.i), sz to de-
note Q\*(Zk’i,Ak’i) or @;” to denote @k(Skﬁi,Zk,i,Akyi), and ¢,; to denote
&(Skis Zkis Ak,i). In addition, we define d as a shorthand for d™ ® =, such
that d(s,z,a) = d™(s, z)m(alz), and d,, as a shorthand for d7, ® 7, such that
dm (s, z,a) = dI (s, z)m(alz).

First, let us define Ay, as,

a= B [Jo-a] = VE[le0 - otniE]. o
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Using the linearity of Q in f1,...,Sx—1, the triangle inequality, the subaddi-
tivity of the square root, and Jensen’s inequality, we have,

— [ = 2
E|lle-al] = |E[|le0) - (% ;mm-)} j (6.75)
[ | Kl 27
= {5 3 @0 - (o) (6.76)
L k=0 d|
MK —1 1 27
= |E e (Q() = (Br,o())) (6.77)
LI k=0 d
[K-1
<\E| X 72 190) = <ﬂk;¢(')>|3] (6.78)
L k=0
| K=l
=\ 7= 2 E[120) = (B, 6] (6.79)
k=0
=% A (6.80)
K\ *
| K1
<= A7 (6.81)
K 2 VA
| K-l
== A (6.82)
Lt ’
| K1
== ) (A =1 +1 (6.83)
K= ’
| Kl 2
Shl {7 2o —l)> +1 (6.84)
(R Ze
| K1 ,
Sh| 7w 2n A =D)7+1 (6.85)
K= *
where [ is arbitrary.
Now, we consider the Lyapounov function £(8) = ||8x — BH; in order to find

a bound on ZkK;()l (A —1)>. Since B, € By(0, B), with By(0, B) a convex
subset of R%, and the projection I'¢ is non-expansive for closed and convex C,
we have for all k£ > 0,

L(Brr1) = 1B« — Brsalls (6.86)
<8 - 512+1||§ (6.87)
=18« — (B + agi)3 (6.88)
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= 1B+ = Br) — agill3 (6.89)
= ((B« Bk) — agk, (B« — Br) — agr) (6.90)

= (Bs = Br Be — Br) — 20(Bs — Br, gk) + &> {9k 9k) (6.91)
= L(Br) = 20(Bs — Br, k) + & || gll3 (6.92)

= L(Br) +20Br — Bus gi) + 0 [l a3 - (6.93)
Let us consider the Lyapounov drift E [£(8k+1) — £(Bk)], and exploit the fact
that environments samples used to compute g; are independent and identically
distributed. Formally, we define &, = o(S;;,Z;;, A, < k,j < m) and
Sk = 0(Sk,0, Zk,0, Ak,0), where o(X; : © € Z) denotes the o-algebra generated

by a collection {X;: i € T} of random variables. We can write, using to the law
of total expectation,

E[L(Br+1) — L(Br)]
E [E[£(Brr1) — L(Br)|Gr-1]] (6.94)
< 2aE [E (8, — o g1)|6x1]] + 0°E [E [lgull3|er-1]]. (6.95)

Let us focus on the first term of equation (6.95) with E [(gk, Bk — Bx)|Bk—1].
First, since V3 Q.0 = ¢x,0, the semi-gradient g, is given by (see equation (6.13)),

m—1
9k = (Z Y Ryt + 4" Qkeym — Qk,O) k,0- (6.96)

t=0

By conditioning on the sigma-fields &;_; and §x, we have,

E[(Br — B, 91) |8 k> Br—1]

m—1

= (E [Z Y Rkt + 7" Qoo [ Bk G | — @k,()) (Br = Be, Or0)  (6.97)
=0
m—1

= (E [Z v Ri.t “F’Ym@k,m Sk Bp—1| — @k,()) (@k,o - éz,o)- (6.98)
=0

Note that according to the Bellman operator (6.5) we have,

m—1
]E [Z "}/tRkvt

t=0

Tk, Gket1| = Qo — V" E [Qpm [Tk, Br_1). (6.99)

By substituting equation (6.99) in equation (6.98), we obtain,

E [(Br — B, 9) S k> Br—1]
m—1

= (@k,o — @Z@) (E [Z v Rt

t=0

Sk, Or_1

+4"E {@k,m’gka (’51@—1} - @k,@) (6.100)
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= (@k,o - @Z7O> (Qk,o —v"E [Qk m|Fk, Br—1]
+~"E {Qk,m‘gkz 051@71} - ék,O) (6.101)
= ((@k,o — Qko)+ (Qro — @Zo)) ((Qk,o - @k,o)

—y"E {Qk,m - @k,m‘gka 6]@1}) (6.102)
= —(Qk0— Ok0)* + (0 — Ck0)(Qko — o)
++"E {ékm - Qk,m‘gka 951@71} (@k,o — Qk,0)
++"E {@km - Qk,m‘%k, ij—l} (Qr,0 — @270)- (6.103)

Let us now take the expectation of (6.103) over i given &_1, for each term
separately,

e For the first term, we have,
~ 12
E [—(Qk,o - Qk0) ‘61@71} = - HQ - QkHd- (6.104)

e For the second term, we have, using the Cauchy-Schwarz inequality,

E [(Qk,o — 04,0)(Qryo — @Zyo)’ﬁkq}

= [[(@-dne-91, (6.105)
clo-alfe-of.  wwm
Before proceeding to the third and fourth terms, let us notice that,
E {@k,m - Qk,m‘qﬂ;q}

= Z dm(s,2,a) (@k(s, z,a) — 9Q(s, z, a)) (6.107)

= Z(d(s,z,a) +dn(s,z,a) —d(s, z,a)) (@k(s,z,a) - Q(s,z,a)) .
(6.108)
Remembering that sup, , , Oi(s,z,a) < B and sup, , , Q(s,2,a) < ﬁ7 we

have,

E [(@k,m - Qk,m>2

®k—1}

= Z (d(s,z,a) + dm(s,z,a) —d(s, z,a)) (@k(s, z,a) — Q(s, 2, a))2

S,2,a
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~ 2 ~ 2
=10 -0 . + Z(dm(s,z,a) —d(s,z,a)) (Qk(s,z,a) — Q(s,z,a))

~ 2 ~ 2
< || Q= 9|, + lldm = dllpy sup (Qu(s.2,0) = Qs. 2, )

$,2,a

~ 2 1 2
< |9k —Q .t ldm — dllpv (B + _7) , (6.109)

1

where (B + ﬁ) is an upper bound on sup, , , ‘@k(s, z,a) — Q(s, z, a)‘. Now,

using Jensen’s inequality and the subadditivity of the square root, we have,
E {Qk,m - Qk,m‘@kq}

< ]E |: (@k,m - Qk,m)2

~ 2
< B[ (i~ 0un)
< Hék - QHd + (B + 1_17> lldm = - (6.112)

With this, we proceed to the third and fourth terms (without the multiplier y™)
and show the following.

esk_l} (6.110)

®k1:| (6.111)

1

o For the third term, we have by upper bounding |@\k’0 — Qk.ol by B+ T

E [(ékm - Qk,m)(ék,o - Qk:,())‘qﬂcfl}
<for-of e (m4 ) Vi diny. 6113

o For the fourth term, we have by upper bounding |Qy, o — @Z,o| by ﬁ + B,

E [(Qtm — Q) (Quo — O 0) |G-

1 2
B+ —— o . (6.114
(B ) Vi = dly @

By taking expectation over &;_; of the four terms and using the previous upper
bounds, we obtain,

E (B = Be, gr)] = E [E [(Brk — B, gk)|Gr-1]] (6.115)
o[- o]+ o+ e[ o -,

<[] fe-@

1 2
= (1= y™MAL+ (149 [0 -
1 2
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Let us now focus on the second term of equation (6.95) with E [||gk||§’®k,1}.
Since sup, , , ¢(s,2,a)|l, < 1 and [|Bx]l, < B for all k > 0, and r4; < 1 for
all kK > 0 and for all ¢ < m — 1, the norm of the gradient (6.96) is bounded as
follows,

1—Am 1
su < +(1+~+y™")B < —— +2B. 6.118
sup el < T+ (1477)B < (6.118)
We obtain, for the second term of equation (6.95),
E [llgul] = E [E [lignl3|®x-1]] (6.119)

1 2
<|—+2B). 6.120
_<1—7+ > ( )

By substituting equations (6.117) and (6.120) into the Lyapounov drift of equa-
tion (6.95), we obtain,

E[£(31) = £(B1)] < ~2a(1 = y™)AL +20(1 +9M)A [ @ - 0
2
+a? (1 +2B>
I—v
1 2
+ day™ (B + 1—7) Vldm = dll gy (6.121)

By setting | = =22 min,. 5 ||f — Q| ,, we can write,
y g 2(1—~™) feFE d

E[L(Bry1) — L(Br)]

2
< —2a(1 —4™) (A7 = 21Ay) + o (11 + 23)
-

2
1
+ day™ (B . 17) Sl — dlloy (6.122)

1 2
= —20((1 - ’ym) (Ai - 2lAk: + l2) + 2(1(1 - ’Ym)ZQ + 0(2 (1_7 + 2B>
1 2
+ day™ (B + 1_7> | — dl|py (6.123)
2
m 2 my72 2 1
=—=2a(1 =) (Ar = 1)" +2a(1 —7y™)I* + « (1_7+2B>

1 2
+ day™ (B n M) dum — d - (6.124)

By summing all Lyapounov drifts ZkK:_Ol E[L(Br+1) — L(Br)], we get,

E[£(BK) — L(Bo)]
< —2a(1 —4™) 3 (Ar — 1) +2aK(1 — ™) + oK (1 + 2B>2
>~ P k 1_ ~

[y
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1 2

By rearranging and dividing by 2a K (1—+™), we obtain after neglecting L(Sx) >
0,

1> 2 EIL) ~LBK)] o, o 1 ?
?kzzo(Ak_l) = T2aK(1-7m) ! 2(17’")(17+2B>
(B ) ldn =iy (6126)
180 — Ba| ) a 1 ?
SzaKuwif+l+2unm>(1v+zB>
+ 2" (gt 2 dum — d| (6.127)
1—qm 1—7 m Tv: ’

The bound obtained through this Lyapounov drift summation can be used to
further develop equation (6.85), using the subadditivity of the square root,

K-

,_.

E[|le-2J3] < (A —1)? (6.128)
k=0
||60 - B*HQ a < 1 >
<102 g 2B
- \/2aK(1—fym)+ Vea—ym \i=5 "
1 2rym
+ (B +t1- 7) \/1 — ldm — dllpy (6.129)
B0 — Belly 14+9™

min - Q
S i 1~ @l

« 1
T %ﬂB)
2(1—~m) (1 -

* (B + 1-— fy> \/1 — ,ym ”dm - d”TV' (6130)

\/1? and upper bounding |8y — B«|| by 2B, we get,
=12 2B 1 + ™
JElle-al] < o i I - @,
/9, /K(]_i,-ym) " reFl

2¢Ku—ww<1i”+ﬂa

1 2ym \/7

2
2 1
o [4B + (5 +28) TSN
2VK (1 —~m) 1 —™ feFp d

By setting oo =
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1 2y
B dm —d . 132
(5 ) il e 6132

This concludes the proof. O

6.D Proof of the Finite-Time Bound for the Sym-
metric Critic

~ 12
Let us first find an upper bound on the distance HQ“ — Q™|| between the Q-
~ d

function Q™ and the fixed point Q™.

Lemma 6.D.1 (Upper bound on the aliasing bias [Cayci et al., 2024]). For any
agent-state policy m € Il\(, and any m € N, we have,

E |39 e b

1_
<

HQW*QW d 1—7':1

Zo = -

H . (6.133)
d

Proof. The proof is similar to the one of Cayci et al. [2024]. Let us first define
the expected m-step return,

m—1

Fm(s,z,a) = E" [Z v* Ry,

k=0

S() =S, ZO =S, AO = a]. (6134)

Using the expected m-step return and the definition of the belief b in equation
(6.33) and approximate belief b in equation (6.34), it can be noted that,

Q" (z,a) = K7 Z’ykm Z brem (8| Hiem )T (S5 Zkom, Akm) | Zo = 2, Ao = a‘|
Lk=0 s€S
(6.135)
Q" (z,a) =E" Z'ykm z:Bkm(s|ka)Fm(s7 Zkmy Akm)| Zo = 2, Ao = a].
Lk=0 SES

(6.136)

Indeed, bootstrapping at time step m based on the agent state only is equiv-
alent to considering the distribution of future states to be by, (:|Z,,) instead of
b (-|Hy,). As a consequence, we have,

Q"(210) = Q" (2. a)|

=E" lzvkm Z (bkm(s|Hkm) — Bkm(5|ka))
k=0

seS

T (8, Zkms Akm)|Zo = 2, Ao = a (6.137)

<E" [Zv’m SUD | D (5| Him) — Bkm<s|zkm)\
k=0 sES
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suglfm(s,ka,Akm)l Zy=z2A=a (6.138)
se
™ km 1—’ym
<E [y~ D [ (51 Hiem) = i (51 Zim) |
k=0 v
ZO = Z7A0 =a (6139)
1—ym [ .
= =BT 34 sup bt 51 Hiam) — B (51Z1m)|
- b—0 s€S
ZO = Z,AO =a (6140)
1—~™ [
< E™ MmN b (| Him) = bern ZmH To0= 2 Aq =
=1~ Z;)'Y k|k)k(|k)TV027oa
(6.141)
1—~m [ & .
< ™ ’“memfbmH Zo=zA0 = 6.142
=15 kz:;)’)/ k kTV0270 af, ( )

where we use by, and bg, to denote the random variables bim (-|Hgm) and
Bkm(~|ka), respectively. It illustrates that the aliasing bias can be bounded
proportionally to the distance between the true belief and the approximate
belief at the bootstrapping time steps. Then, we obtain,

B [ i i

This concludes the proof. O

S

-2,

H . (6.143)
d

Using Lemma 6.D.1, we can prove Theorem 6.4, that is recalled below. Note
that some notations used in Appendix 6.C will be reused with another meaning.

Theorem 6.4 (Finite-time bound for symmetric m-step temporal difference
learning [Cayci et al., 2024]). For any agent- state policy m € Ilnq, and any
m € N, we have for Algorithm 6.1 with o = f’ and arbitrary B > 0,

\/E |:H627T - Qﬂ“z} S €td + Eapp + Eshift + Ealiasy (635)

where the temporal difference learning, function approximation, distribution
shift, and aliasing terms are given by,

2
482+ (L +2B)

4 = 6.36

W\ T VR - (6:30)
14+~4™ -

€app = L—qm fe ]__B ”f Q ”d (6.37)
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1 2ym
conte = (B + 2 ) 1l — ey (6.38)
2 > .
< |E" vkabkm—bmH Zo = |, 6.39
SE L | A

with d( a) = Y .csd™(s,z)m(alz) the sampling distribution, and d,,(z,a) =
> ses dm (s, z)m(alz) the bootstrapping distribution.

€alias =

Proof. To ease notation as for the proof of Theorem 6. 3 in Appendix 6.C, we
use Q as a shorthand for Q7, Q* as a shorthand for Q as a shorthand
for Q’T, Q as a shorthand for Q™ and Qk as a 5horthand for @gw where the
subscripts and superscripts remain implicit but are assumed clear from context.
When evaluating the Q-functions, we go one step further by using Q) ; to denote
Q(Zk,is Ak,i), QF.; to denote Q* (Zk,i, Ag.i), Qk,i to denote Q(Zy i, Ax,i) and Qi
to denote C/Q\k(Zk,i, Ap.;), and X ; to denote x(Z s, A,;). In addition, we define
d as a shorthand for d™ ® m, such that d(z,a) = d™(z)w(a|z), and d,, as a
shorthand for df, ® m, such that d,,(z,a) = dF,(z)7(a|z). Using the triangle
inequality and the subadditivity of the square root, we have,

Jelio-ar] = & [lo-af] smlle-al] @
<(Ello-al]+yEflo-al]
<fo-al,«Eflo-al] 6w

We can bound the second term in equation (6.146) using similar steps as in the
proof for the asymmetric finite-time bound (see Appendix 6.C). We obtain,

9 =
E MQQM <\ = D@0+, (6.147)

k=0

where [ is arbitrary, and Ay is defined as,

s yE[lo-al] - e leo-oof]. e

Similarly to the asymmetric case (see Appendix 6.C), we consider the Lyapounov
function £(8) = ||B. — B3 in order to find a bound on & STrt (A, —1)%.
We define & = o(Z;;,Ai;,i < k,j < m) and §r = 0(Zk0,Arpo). As in
the asymmetric case (see Appendix 6.C), we obtain, using to the law of total
expectation,

E[£(Bis1) ~ £(8)] < 20E [E ({8 — B, 90)|84-1]] + 0B [E [l 3841 ] ]
(6.149)
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Let us focus on the first term of equation (6.149) with E [(8r — Sx, 9k)|Br—1].
By conditioning on the sigma-fields &;_; and §x, we have,

E[(Bk — B, 91) 1Tk Br—1]

m—1
= (E [Z V' Ri + " Qoo | Sy Bim1 | — @k,o) (@k,o - @Z,O)-
- (6.150)
Note that, according to the Bellman operator (6.7), we have,
m—1
E lz Y Riot |8k Or1| = Qro —7™E [@k,m‘sk, csk_l] (6.151)
t=0

It differs from the asymmetric case (see Appendix 6.C) in that we do not nec-
essarily have @ = @ here. By substituting equation (6.151) in equation (6.150),
we obtain,

E[(Bk — Be, g1) 1Tk Br—1]
m—1
= (@k,o - @2,0) (E lz 7' Ryt
=0

+1"E [@k,m‘%k, 61@—1} - @k,o) (6.152)

Sk Bp_1

= (@k,o - @72,0) (@k,o -"E {@k,m’&kv Qik—l}
+7"E [@km‘%k, 051@71} - @k,o) (6.153)
= ((@k,o — Qo) + (Qro — @Z,o)) ((ék,o - Qk,o)

=" E [Qkim — Qm B, 6“]) (6.154)
= —(Qro — Qr0)* + (Qro — Qr0)(Qro — @Z,o)
+~™E [@km — ék,m‘gk, 051@71} (@k,o - ék,())
+"E [@k,m - @k,m‘&, ®k—1} (Qr.o — @,’270). (6.155)
We now follow the same technique as in the asymmetric case (see Appendix 6.C)

for each of the four terms. By taking the expectation over §j, we get the
following.

e For the first term, we have,
~ ~ - 2
E |- (Qko— Qro) ‘61%1} =— HQ - QkHd. (6.156)
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e For the second term, we have,
E [(@k,o — Qr,0)(Qro — @Z,o)‘(’%—@
<[le-a,e-e

. (6.157)

e For the third term, we have,
E [(@k,m — Qi) (Qro — @k,o)‘ﬁkq]
~ 2 1 \?2
<|@.-a| + <B + 1_7) ldm — dllpy. (6.158)
e For the fourth term, we have,
E [@rm — Qran) @ro — Qi o) | ®1-1

1 2
B+ —— dm —d .
(B ) i dly

(6.159)

<f@-ef,Jo-e

By taking expectation over &;_; of the four terms and using the previous upper
bounds, we obtain,

E[(8: — e 9] < —(1—v™AF + (1 +79™)A: @ - Q]
2
+oym (B + 1_17> ldm — dllpy- (6.160)

The second term in equation (6.149) is treated similarly to the asymmetric case
(see Appendix 6.C), which yields,

E [Hngﬂ < (117 + 2B> ’ (6.161)

By substituting equations (6.160) and (6.161) into the Lyapounov drift of equa-
tion (6.149), we obtain,

E[£(Bi1) - L8] € ~20(1 = 7™)AL + 201+ ™A@ - Q]
o (1 +23)2
™ (B4 1;) dor —dly- (6162
We can upper bound |3 | as follows
jo-al, <l ol +Je-al, @
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By setting [ = 2(1 A{ (HQ* QH + HQ QH ), we can write, following a
similar strategy as in the asymmetric case (see Appendix 6.C),

E[L(Br+1) = L(Br)]

1 2
< —20(1 —9™) (A = 1)* + 2a(1 — ™)1 + o (1—v + 23)

1 2
+dany™ <B + 1—7) 1 — dllpy- (6.164)

By summing all drifts, rearranging, and dividing by 2aK (1 — ™), we obtain
after neglecting £L(8k) > 0,

ilf(ﬁ *1)2<7”ﬁ0_5*”§ 42+ 2 LI ’
K & = 2aK(1— ™) 2(1 — ™)

1—7

2ym 1 \?
B+ —— — . 1
c 2 () Vi dle (G109

The bound obtained through this Lyapounov drift summation can be used to
further develop equation (6.147), using the subadditivity of the square root,

]E . 2 1 K—-1 )
{HQQM S\ K ;; (B =)+ (6.166)
180 — /6*”2 a ( 1 )
<W 20 1_7m) 2B
2
_ HBO B*”Q « ( 1 )
= ek ATy (1o, TP

2ym \/7
+ <B T _7> \/1 — |dm — dl|l - (6.168)

Plugging equation (6.168) into equation (6.146), and substituting back I, we
finally have,

”ﬁO 6*”2 1 + "
20K (1

+ 2(1f )(1i +2B>

+ (B4 )J”M/ dla + Q-

(6.169)

Efle-all] < i (le-ef,+[le-4],)

||ﬁo—5*||2 14~
20K (1 —~m) 1—om

@ -,
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« 1 2 ~
28 eRell
* 2(1—7m)(1—7+ )+1_W Q Qd

B \/me 1
* ( + 1—7) \/1_,ym [dm — dl| v (6.170)

Using Lemma 6.D.1, we finally obtain,

E[|@-al]

B _B* ]-+ m Nk
180 [P . vm HQ _QH
20K (1 —~m) 1—v d

« 1
+ +2B>
2(1—+™) (1 -7
1 2ym
B Ay, —d
(o) Y il =l
2 1—Am = .
_|_ ]E v m

180 — Bl 1+9™
2 o min [|f — Q|
20K (1 —~™) 1 =7 rerp

« 1
+ + 2B>
2a—ww<1—w
1 2ym
B m—
(o) Yl =l

E |J€ZO 'Ykm Hl’;km - bkaTV

<

20:]

Ekm - bka
TV

d

(6.171)

IN

2
- Zo = -
+1—’7 0

H (6.172)
d

By setting a = LK and upper bounding ||fo — B«|| by 2B, we get,

2
E[HQ*QIIZ}S 4Bz+<ﬁ+23) 14Am w F - 2,
L4

mi
2VEK (1 — m) L—™ reF

1 2rym
B dm —d
(o) Y iVl =l

E LZ_O yFm Hi)km — bkm oy

This concludes the proof. O]

2
i Zoy = -
-‘rl_ 0

”<@Na
d

6.E Proof of the Finite-Time Bound for the Nat-
ural Actor-Critic

Let us first give the performance difference lemma for POMDP proved by Cayci
et al. [2024]. Note that this proof is completely agnostic about the critic used
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to compute w1, 7o € Il and is thus applicable both to the asymmetric setting
and the symmetric setting.

Lemma 6.E.1 (Performance difference [Cayci et al., 2024]). For any two agent-
state polices 71, mo € Il g,

1 ™ 2
V2 (ZO) — VY™ (ZO) < ﬁEd 2 [ATH (Z, A)‘ZO = Z()] + ﬁ{:‘mf(Z()) (6.174)

where,

it =B (34,

Proof. The proof is similar to the one of Cayci et al. [2024]. First, let us de-
compose the performance difference in the following terms,

0 = 20‘| (6175)

Vﬂ—Q (2’0) — ‘/ﬂ'1 (Z())

=E™ |Y v'Ri|Z0 = 20| — V™ (20) (6.176)
t=0

_E™ i V(R = VP (Z) + VP (Z) | Zo = 20| — Vi(z)  (6.177)
t=0
=E™ i’yt —V™(Z) + V™ (Z431))| Zo = 20 (6.178)
—E™ f: (Ry + V™ (Sea1, Zosr) — V7 (Z0))| Zo = ZO]
+E™ li "(Zig1) =YV (Str15 Zi11))| Zo = 201 (6.179)
t=0

— ™ [Z V(R + WV (St41, Zegr) = VT (Zh)
t=0

Z() = Z()‘|

+ E™ lz YTV (Ze1) =V (Se41, Ziy1))

t=0

Let us focus on bounding the first term in equation (6.180). We have, for any
T >0,

T
2
Z Rt + ’)/Vﬂl (St—i-h Zt+1) v (Zt)) < (1 — 7)2 < 00. (6181)
t=0
By Lebesgue’s dominated convergence, we have,
lZ (Re + V™ (St41, Zen) = VTH(Z4)) | Z0 = ZO]
0
oo
Z YPE™ [Ry + V™ (Sey1, Zig1) — V™ (Zy)| Zo = 20]. (6.182)
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Then, by the law of total expectation, we have at any time step ¢t > 0,
E™ [Ry + YWV (St41, Ziy1) — VT(Ze)| Zo = 20)
=E [E™ [R + V™ (St41, Zes1)|He, Zi) — VT (Z4)| Zo = 20]. (6.183)
And, we have,

E™ (R + YV™ (St41, Zegr)|He = hey Ze = 2]

= Z bt(st|ht)7r2(at\zt)Q”1 (st,zhat) (6184)
St,0¢
= Zﬂ? as|ze) Q™ (2, ar) + Z b (st he)ma(at|2e) Q™ (S¢, 2, at)
- Zﬂz ail2e) Q™ (21, ar) (6.185)

= Zﬂ? at|ze) Q™ (2, ar) + Z by(se|hi)ma(ar|z) Q™ (s, 2e, ar)

a St,at

- Z bi(stlz0)ma(ar|2) Q™ (st 24, ay) (6.186)

St,at

_Zﬂz at\Zt Ztaat)

+ 3 (belselhe) = bilsilz0) malarl 2) Q7 (50, 2 ,00). (6:187)

St,at

By noting that sup, . [3°, m2(a|z) Q™ (s, 2,a)| < sup, . ,[Q™ (s,2,0)] < 115,
we obtain,

E™ [Ry + V™ (St41, Zis1)|He = he, Zy = 2]

<Z7T2 at|ze)Q zt,at)—f—i by (- |ht)_bt( |Zt)

1—

(6.188)

Finally, the expectation at time ¢ > 0 can be written as,
E™ [Ry + V™ (St41: Ziy1) = V™ (Z)| Zo = 2]
== ]E« I:]Efﬂ2 [Rt + ’}/Vﬂl (St+1, Zt+1)‘Ht7 Zt} - Vﬂ-l (Zt)‘ZO = Zo} (6189)

1 .
<E™ Q™ (Z, Ay) + T be(-[Hy) — b (- Z4)

v V™ (Zy)

Z() = Zo]
(6.190)

e [ s -

Now, by using Lebesgue’s dominated theorem in the reverse direction, we have,

E™ 1> 4" (R + V™ (Se41, Zera) =V Zh)| 20 = ZO]
Lt=0
<E™ | "y A™(Z,, A) | Zo = 20

t=0
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5B [ -u,

= Eﬂ—Z [Z ")/tAﬂ—l (Zt7 At)

t=0

Zo = 29

1
+ ﬁ&‘mf(ZO) (6193)

Now, let us focus on bounding the second term in equation (6.180). We have,
for any 7' > 0,

2
<2 <. (6.194)

T
Z,yprl (V™ (Zig41) = V™ (St41, Zi41)) (1—7)2

t=0

Using Lebesgue dominated convergence theorem, we can write,

2 [Z VIV (Zeg1) = VT (Sti1, Zi41)) | Zo = ZO]
t=0
Z +1E7r2 Vﬂl (Zt+1) 4 (St+1, Zt+1)|Z0 = ZO] . (6195)
t=0

By the law of total expectation, we have at any time step ¢ > 0,
E™ [V™(Zi11) = V™ (Si11, Zi11)] Z0 = 20
=E [V™(Ziz1) = E™ V7 (Sta1, Zegr) [ Hig1, Zesa)| Zo = 20]. - (6.196)
And, we have,

E™ V™ (Set1, ze401) [Hegr = hugr, Zepr = 2e41,]

= Z bt+1(8t+1 |ht+1)Vﬂ1 (8t+1, Zt+1) (6197)
St41
=V (zer1) + D besa(sepalher )V (5141, 2041) = V7 (ze41)  (6.198)
St+41
= V™ (2441) + Z b1 (Seq1heg1) V™ (St41, Ze41)
St+1
- Z ber1(Ststlze41) V™ (Se41, 2e41) (6.199)
St+1
= V™ (z001) + ) (bt+1(5t+1|ht+1) - 5t+1(5t+1\2t+1)) VT (141, 2e41)-
St4+1
(6.200)
From there, by noting that sup, , [V™ (s, z)| < ﬁ, we obtain,

E™ V™ (Sig1, 2e41) [ Higr = hey1, Zopr = 241, ]

1 A
> V™ (241) — g Hbt+1('|ht+1) - bt+1('|2t+1)HTV- (6.201)

Finally, the expectation at time ¢ > 0 can be written as,

E™ [V (Zig1) = V™ (St415 Ze41)| Zo = 20]
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E [Vm(Zt—&-l) —E™ V™ (Sti1, Zt41)|Heg, Zt+1]|Zo = zo} (6.202)
< E{Vm(zHl) = V™ (Zi41)

N 1
1—7

<E {1—17 Hbt+1('|Ht+1) - Bt+1('|Zt+1)HTV

beaa(1Hen) = bea(\Zep) | | Zo=20]  (6:203)

Now, by using Lebesgue’s dominated theorem in the reverse direction, we have,

I lz YTV (Zig1) = V™ (Ser15 Zit))
t=0

< 1 R [Z L
t=0

Zy = ZO]

bey1(-[Hey1) — 5t+1('|Zt+1)”TV

1—7v
_ Hbo(-\Ho) _ 30(.|ZO)HTV Zo = ZO] (6.206)
= %EM [th be(-|Hy) — Bt('lzt) v Zy = 201
_E™ [Hbo(-mo) - 30(~|Z0)HTV‘ZO - zo] (6.207)
_ ﬁsﬁp(zo) B {|[poC1Ho) ~ Bo120)|| |20 = 20] (6.208)
< 7 i ,ysinf(ZO)- (6.209)

Finally, by substituting the upper bound (6.193) on the first term and the upper
bound (6.209) on the second term into equation (6.180), we obtain,

V7™ (20) = V™ (20)

oo
< E™ [Z ’}/tAﬂl (Zt,At) Zo = 20| + 11— ,yé“z:lzf(Z()) (6210)
t=0
= LR a7, 4) 2 = 2] + —— e (20) (6.211)
1~ ) 0 ol T 7  Cint 0)- .
This concludes the proof. O

Using Lemma 6.E.1, we can prove Theorem 6.5, that is recalled below. The
proof from Cayci et al. [2024] is generalized to the asymmetric setting.

Theorem 6.5 (Finite-time bound for asymmetric and symmetric natural ac-

tor-critic algorithm). For any agent-state process M = (Z,U), we have for
. . . ByI— .
Algorithm 6.2 with a = \/%, ¢ = \/217N7, n= ﬁ and arbitrary B > 0,

- " ) — < e .
(1—7) ogmtlfTE[J(W ) = J(7)] < Enac + 2€int
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+ éoo <5actor + 25grad + 2\[ Z ECrlt1C> (641)

where the different terms may differ for asymmetric and symmetric critics,

B? +21
€nac = +208 |A| (642)
2T
2—~v)B
Eactor — % (643)
(1-y)VN
€inf,asym — 0 (644)
) — ™ klp, —
Emf,sym E [Z ’7 ku bk HTV‘| (645)
k=0
Egrad,asym — SUp min £, (w) (646)
0<t<T w
€grad,sym — Sup min L; (w)7 (647)
0<t<T w
and ey is given in Theorem 6.3 and Theorem 6.4.

Proof. The proof is based on a Lyapounov drift result using the following Lya-
pounov function,

= 37 @ (KL (2) | 7(]2)): (6.212)
zEZ
The Lyapounov drift is given by,

A(msr) — =3 d"(2) Y 7*(al2) log _milalz) (6.213)

e Ry mer(al2)

= Zd“ 2, a) log L) (6.214)

7rt+1(a|z)

Since sup, , [|[¢(z,a)|l, < 1, we have that log 7g(a|2) is 1-smooth [Agarwal et al.,
2021], which implies,

1
log g, (a|z) < logmy, (a|z) + (Vg logme, (a|2),02 — 01) + 3 |62 — 91||§. (6.215)

By selecting 6o = 6; and 6 = 60441 and noting that 6,17 — 6, = nw, =
1 N—-1
NN 2ono Wt,n We obtain,

me(alz)

2
n _ 2 ~

men(alz) = 2 — Vel - 6.216

mir1(alz) — 2 [well5 = n{Velog m(alz), we) ( )

log

Now, we separately bound the Lyapounov drift for the asymmetric and sym-
metric settings. In the following, some notations are overloaded across both
setting when their meaning is clear from context. For the asymmetric setting,
we have,

A(m41) — A(me)
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- Zd” 2, a)log —L212)_ (6.217)

mi41(alz)
2
<l - 0 Y 47 (2.0) (Vo logm(al2). ) (6.218)
o *
= 53 —n Z d™ (s,z,a)A™ (s, z,a)
-7 Z d™ (s,z,a) ((Vglogm(alz), ) — A™ (s, z,a)) (6.219)

2
n 2 T T
< EB -7 E d™ (s,z,a)A™ (s, z,a)

$,2,a

03 d (5,20 (Vo log mi(al2), ) — A™ (s, ,0))%.  (6.220)

For the symmetric setting, we observe instead,
A(mig1) = A(my)
- Zd” (2, a) log —™L412)_ (6.221)

7Tt+1(a| )

2
< TRy Y () A7 (2r0)
z,a

+0 A (2, )\ (Vo log malz), @) — A7 (2,0)).  (6.222)

Now, let $); denote the sigma field of all samples used in the computation of 7
(which excludes the samples used for computing w; ), along with all the samples
used in the computation of Q™. We define the ideal and approximate loss
functions, both in the asymmetric and the symmetric setting,

£u(w) = E [((Volog m(A4]2), w) — A™(S, Z, 4))%| s (6.223)
Li(w)=E [( (Vo log m(A|Z), w) — A™ (S, Z, A))%J (6.224)
Luw) = E [(Volog m(A]2), w) — A™(Z, 4))°|] (6.225)
L(w)=E [( o logm(A|Z), w) — A™(Z, A)ﬂf)t] (6.226)

Because E [HV” - V”tHz,,t ﬁt} < E {HQM - Q”tHZM

the asymmetric advantage .4 and its approximation A is upper bounded by,

ﬁt}, the error between

\/E [(A7(5, 2, 4) - Am(5, 2, 4))° |3

— 2
— B[ - an

= JE[1@e -y - @m s vm

f)t} (6.227)

f)t:| (6.228)
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= \/IE [H@w — Qrt 4 Yt — VﬂtHfm f)t} (6.229)

— 2 — 2
< E[IZ - v + v =,

f)t] (6.230)

< \/IE ||@m —om 2., 554 + \/IE [va — v, yh} (6.231)
< 2€g1rtltu: ,asym? (6232)

Where <€Crltlc ,asym = Etd ,asym + ;rpp,asym + Egliift,asym iS given by the upper bOllIld
(6.29) in Theorem 6.3. Similarly, the error between the symmetric advantage A

and its approximation A is upper bounded by,

(6.233)

critic,sym>

\/E Am(z A) — A™(Z, A)) ‘gt] < 9em

where 6crl‘clc sym Etd ,sym + gapp Sym + 6:>h1ft ,Sym + 6dlldb ,sym is given by the upper
bound (6.35) in Theorem 6.4. By using the inequality (x + y)? < 222 + 292,

Liw) =E [(<v‘9 log m(A|Z), w) — A™(S, Z, A))z‘ﬁt} (6.234)

—E (<v0 log m(A|Z), w) — A™ (S, Z, A)

_ 2
+A™(S, Z, A) — A™(S, Z, A))

ﬁt] (6.235)

< 2E [(Vs log mi(4]2), w) — A™ (S, Z, 4))°|]
1ok [(A’” (S, Z, A) — A" (S, Z, A)ﬂ@t} (6.236)

< 2L4(w) + 2(26 10, asym) - (6.237)
Similarly, we obtain in the symmetric case,
Ly(w) < 2Ly(w) + 202 Thyie mym) (6.239)

Starting from the ideal objective and following a similar technique, we also
obtain,

‘Ct (w) < Q‘Et (w) + 2(2‘3:;1‘5113 asym)2 (6239)
L, (w) < QZt (w) + 2(2821:11;1(: sym)Q' (6240)

By using Theorem 14.8 in [Shalev-Shwartz and Ben-David, 2014] with step size

(=2 FVQN , we obtain for the average iterate w, under the asymmetric loss and

symmetric loss, respectively,

Li(wy) < €hetor + min L 6.241
t(wr) < t o ”21<B Ly (w) ( )
Li(w) € €540 + min L 6.242
t( t) t fwliz< t( ) ( )
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2 — _(@2=B
where €5.or = N

L, we obtain,

On expectation, for the ideal asymmetric objective

E[L:(w,)] < 2 [£4(@00)] + 2265 5ic,asym) (6.243)
S 2€§ctor + 2 min Zt (’LU) + 2(2€grtitic,asym)2 (6244)

lwll2<B

S 26gxctor + 2 (2 min ‘Ct (w) + 2(26grtitic,asym)2> + 2(2€<T;rrtitic,asym)2

lwll2<B
(6.245)
=2e2 0, +4 min Li(w) + 6(2eT515c asym) (6.246)
2
= 25gmtor +4 (ggﬁad,asym> + G(QEZ;itic,asym)2’ (6247)
where we define the actor gradient function approximation error as,
2
T _ .
(Eg;ad,asym> - erﬁlznng Ly ('LU) (6248)
Similarly, we obtain on expectation for the ideal symmetric objective Ly,
2
]E [Lt (wt)] S 2€§ctor +4 <€7gr1fad,sym) + 6(2€Z:rr'£itic,sym)2ﬂ (6249)
where we define the actor gradient function approximation error as,
2
i = in L . 6.250
(sgrad,sym) ||wn\|12H§13 t(w) ( )

Now, let us go back to the asymmetric and symmetric Lyapounov drift functions
of equation (6.220) and (6.222). First, we assume that there exists C' < 00
such that sup,>q E[C;] < U with,

d™ (s, z)n*(a|z)
&0 (s, 2)mp, (a]2)

Cy = sup . (6.251)

5,2,a

Second, we leverage the performance difference lemma to bound the advantage.
For the asymmetric setting, the performance difference lemma for MDP [Kakade
and Langford, 2002] holds because of the Markovianity of (S, Z;),

(1-7) (Vﬂ*(sov z0) — V™ (s0, Zo)) =E" [A™(S, Z, A)|So = s0, Zo = 20].
(6.252)

We note that E [V™ (So, Zo) — V™ (S0, Zo)| = E[J(7*) — J(m)], such that,
“ET A8, Z, A)] = —(1 - 7) (J(x*) — J(m)). (6.253)

=—(1 =) (J(7") = J(7t)) + Eint asym; (6.254)

where €inf asym = 0. For the symmetric setting, using Lemma 6.15.1 with my = 7*
and 7, = 7, we note that,

(1—=7) (V”* (20) = V™ (zO)) <E" [A™(Z, A)|Zo = 0] + 2T 4(20),  (6.255)
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which implies,

5

BT [AT (2, 4)|Z0 = 20] < —(1 =) (VT (20) = V™ (20)) + 26i(20).
(6.256)

We note that E [V™ (Zy) — V™ (Zy)] = E[J(7*) — J ()] and we denote E [eZ¢(Zo)]
with €infsym, S0 that,

Eintaym = E [Eﬂ* lz AV Hék - kaTV Zo = Zg (6.257)
k=0
_E™ lz A Hék — b ‘ ] . (6.258)
=0 ‘ TV
By rearranging, we have,
—EY [A™(2,A)) < —(1 = E[J(7*) = J(7)] + 2int sym- (6.259)

Note that -, d™ (s,z,a)f(s,z,a) = 3 4 (5:2:9) gmi (g 5 a) f(s, 2,a) <

sz T (5,2,0)
C,; ZS’Z’a d™(s,z,a)f(s,z,a) for positive f. Taking expectation over the asym-
metric Lyapounov drift of equation (6.220), we obtain using equation (6.251),

E (A7) — A(me)]

2
< LB -0y d ()4 (2,0)

2 z,a
ot _ 2
0 Y d (5,2, a0/ (Vo logm(al2), @) — A (s, 2,0))>  (6.260)
n? )
< 5B =01 = NEI(") = J(m)] + 20Eintasym
_ 2
+ 77COO 25§ctor +4 (‘Sgrtad,asym) + 6(2€(T:Frtitic,asym)2 (6261)

2
< B2 (1~ EL () — J(5)] + 2ty

+ 10 (x/iaactor + 2™ + zx/éeZ;ithym) : (6.262)

grad,asym

Similarly, taking expectation over the symmetric drift of equation (6.222), we
obtain a similar expression,

E [A(me1) — A(my)]

2
n 2 ™ T
< §B —n E d™ (z,a)A™(z,a)

z,a

+nY d" (2, a)\/(<V9 log 7 (a|2), W) — A7 (2, a))? (6.263)

2
%BQ —n(l—=E[J(7*) = J(m)] + 20€int,sym

IN
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+ 77600 (\f{;‘&cwr + 25grad sym + 2\[Ecr1t1c bym) (6264)

Given the similarity of equation (6.262) and equation (6. 264) in the following
we denote the denote the upper bounds using ej,¢, € gmd and &7, irrespectively
of the setting (i.e., asymmetric or symmetric).

cntlc’

By summing all Laypounov drifts, we obtain,

E[A(rr) — Amo))]
<STGB" =l =) 3 EL() — J(m)) + 2 e

T-1
+1Y Coe (Veuctor + 2200 + 26T (6.265)
t=0

< T%BZ —n(1=7) Y E[J(*) = J(m)] + 20T eins

t=0
+ 10 (f Teactor + 2 Z ertaa +2V6 Z Emm> . (6.266)

Since m is initialized at the uniform policy with 8y := 0, we have,

mo) = Y d" (2)KL(z"(|2) || mo(-]2) (6.267)
zEZ
= Z d™ (2) (Z 7 (a]z) logm*(alz) — Z 7 (alz) logwo(a|z)>
2€Z acA acA
(6.268)
=Y d"(2) [ > 7 (alz)logm*(alz) = Y 7" (alz)log — | (6.269)
2€Z acA acA ‘A|
= Z d™ (2) (Z 7" (a)z) log 7™ (alz) + log A|> (6.270)
zE€EZ acA
=) d" (2) (log| Al - H(m*(]2))) (6.271)
z€EZ
<) d7(2)log | Al (6.272)
z€EZ
<log|A], (6.273)

where H denotes the Shannon entropy. Rearranging and dividing by nT', we
obtain after neglecting £L(7r) > 0,

log[Al | 7 2
-B 2 in
T +2 + 2€int

(-7 S EUE) - Jm) <
t=0
(fgdctor +25 Z Egrad + 2\/> Z 6CI‘1th> (6274)
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It can also be noted that ming<;<p[x] < % ZtT:O 2, which implies that,

. . log |A] 71 o
_ _ < 2o 1 .
(1—7) 0213 E [J(7r ) J(ﬂ't)] T + 2B + 2¢€int

T—1 T—1
_ 1 1
+ Co (x/ieam +27 § Entad T 2\/% § gggim). (6.275)
t=0 t=0

Let us define the worse actor gradient function approximation error,

Egrad = SUD Eglig (6.276)
0<t<T

= sup Li(w), (6.277)

= min I,
o<t<T \/ llwl2<B

and let us note that,

N
L
3

et 4 < Egrad- (6.278)

el
o~
Il
o
®

By setting n = ﬁ, we obtain,

(=) OgEITE [J(7) = J(me)] < lo\g/|%4 + 2%

T-1 T-1
_ 1 1
+ O (x/ieam +27 > et 2\/% > gggmc> (6.279)
t=0 t=0

+ 2Einf

oo
- e | S,
+Cs ( CZDB e 2VEL Ti e ) . (6.280)
1-V8 T 2 e
This concludes the proof. O
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Part II1

Entangling Predictions and
Decisions
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Entangling Predictions and
Decisions

In this part, we introduce several architectural and algorithmic contributions
that result in an efficient generative sequence model. First, we introduce a
latent generative model based on parallelizable linear recurrent neural networks,
allowing parallel generation. We also show that this model presents several other
advantages such as its implicit recurrence, which allows resuming generation
without reprocessing the past. Second, we discuss the application of such world
models in combination with latent policies, for anticipating and learning from
the future without explicitly modeling it. More precisely, we introduce a world
model that allows parallel imagination using such latent policies.
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Chapter 7

Rolling the Dice First

Parallelizing Autoregressive Generation with Variational State Space Models.
Gaspard Lambrechts, Yann Claes, Pierre Geurts and Damien Ernst.

From the paper presented at the ICML Workshop on the Next Generation of
Sequence Modeling Architectures.

Abstract

Attention-based models such as Transformers and recurrent models like state
space models (SSM) have emerged as successful methods for autoregressive se-
quence modeling. Although both enable parallel training, none enable parallel
generation due to their autoregressiveness. We propose the variational SSM
(VSSM), a variational autoencoder (VAE) where both the encoder and decoder
are SSMs. Since sampling the latent variables and decoding them with the SSM
can be parallelized, both training and generation can be conducted in parallel.
Moreover, the decoder recurrence allows generation to be resumed without re-
processing the whole sequence. Finally, we propose the autoregressive VSSM
that can be conditioned on a partial realization of the sequence, as is common
in language generation tasks. Interestingly, the autoregressive VSSM still en-
ables parallel generation. We highlight on toy problems (MNIST, CIFAR) the
empirical gains in speed-up and show that it competes with traditional models
in terms of generation quality (Transformer, Mamba SSM).
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7.1 Introduction

Sequence modeling tasks, namely time-series forecasting and text generation,
have gained in popularity and various types of architectures were designed to
tackle such problems. Transformers were proven effective [Vaswani et al., 2017,
Radford et al., 2019], yet they nonetheless reprocess the complete sequence at
each time step, making generation less efficient. Recurrent neural networks
(RNN) [Graves, 2013, Cho et al., 2014b] update a hidden state based on new in-
puts at each time step, enabling efficient generation. SSMs [Gupta et al., 2022,
Gu et al., 2022a, Smith et al., 2023, Gu and Dao, 2023], a recently introduced
class of RNNs, enable parallel training thanks to their linear recurrence. Alter-
natively, several works adapt VAEs for sequential modeling. Some architectures
integrate Transformers [Liu and Liu, 2019, Jiang et al., 2020] and enable par-
allel training, although little work [Fang et al., 2021] proposes models that can
be conditioned on partial realizations (e.g., prompts). Conversely, variational
RNNs (VRNN) [Chung et al., 2015] loose parallelizability by making the model
both autoregressive and recurrent, allowing it to be conditioned on partial re-
alizations and to resume generation. However, all introduced autoregressive
models perform generation sequentially, as they are explicitly conditioned on
previously generated data.

Therefore, we propose the VSSM, a VAE whose encoder and decoder are SSMs.
Thanks to key architectural choices, both training and inference can be per-
formed in parallel and linear time with respect to the sequence length, while
still allowing generation to be to resumed without reprocessing the entire se-
quence. In contrast, a VAE with Transformer encoder and decoder, which we
call Transformer VAE (TVAE), would preserve parallel training and generation,
but would not be resumable. We then propose the autoregressive VSSM, that
can be conditioned on partial realizations of the sequence and still generates in
parallel. The VSSM combines all advantages of previous models, as observed in
Figure 7.1a, while producing results comparable to Transformers and SSMs on
simple tasks (MNIST, CIFAR). We highlight a recent work [Zhou et al., 2023]
that proposes a similar architecture, yet their prior and generative models are
explicitly autoregressive and do not exploit the parallelizability of SSMs. More-
over, they only consider generation from sampled latents, while we also propose
an approach to condition the model on partial realizations. We do not consider
diffusion models for sequences (e.g., [Gong et al., 2023]), but note that they
would not allow recurrent (i.e., resuming) generation.

7.2 Background

7.2.1 Variational Autoencoders for Time Series

We consider dynamical VAEs [Girin et al., 2021], that model sequential data
1.7 of length T through T latent variables zy.7. Given a target space X, they
define the joint distribution py(x1.7, 21.7) with,

o A latent space Z,
o A prior distribution py(z1.7) = H?:l Do (2t]21:4-1),
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Model | Training // Sampling //|Prompt Resume

Transformer | O(T?) v  O(T?) X v X
RNN ory x om x| v v
SSM ory v om x| v v

TVAE orT?* v oT*» v| X/ X
VRNN orT)y «x o(T) X v v
VSSM ory v om v| v v

(a) Time complexities and parallelizability at training time and sampling time, and
generation properties.

. Z1.c ) Totr1:wy TWy+1:Ws
777777777 - -
|
Decoder » RS » Decoder » hiy, > Decoder
- - -
zZ1:C ZC+1:Wq ZW141:Wo
- - -
Partial » he » Partial » Wiy, » Partial
- - -
T s s N T N
Zi:c Do1:wy I . DWWy +1:Wy |

(b) Parallel and recurrent sampling algorithm, given a contextual prompt z1.c.

Figure 7.1: Sequence models properties and variational state space model sam-
pling algorithm.

o A generative distribution pg(z1.7|21.7) = Hthl Po(Te|T1e—1, 21.7),

where ¢ denotes the parameters of these probability distributions. Unfortu-
nately, the likelihood of the data py(w1.7) = Ep, (2,..)P¢(T1.7|21.7) under this
model cannot be evaluated in practice. Nevertheless, we can show that the
log-likelihood is lower bounded by the evidence lower bound (ELBO), for any
conditional probability distribution g(z1.7|z1.7),

logpy(z1.r) > E logpg(z1:7|21:7) — KL(¢(21:7|21:7) || Po(21:7))  (7.1)

q(z1.7|z1.T)

= ELBOd)({ELT). (72)

Moreover, the ELBO becomes tight when ¢(z1.7|z1.7) corresponds to the true
posterior distribution pg(2z1.7|z1.7). Thus, the generative model py is usually
jointly optimized with,

A posterior distribution gy (21.7|z1.7) = Hle @y (2t|71:0-1, T1.1),

where 1 denotes the parameters of this distribution. These four components
compose the dynamical VAE. More details are provided in Appendix 7.A.

7.2.2 State Space Models

SSMs are linear and time-invariant dynamical systems that can be discretized
into hy = Ahy_1 + Buy, where ¢ = (A, B) are learnable parameters. Using the
prefix-sum algorithm [Blelloch, 1990], we can parallelize the computation of the
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state sequence hy = SSM¢(u1.4) along all time steps ¢ € [1,T]. Furthermore,
we can obtain effective sequence models of the form y; = fy(u1.¢) by stacking L
layers i = {1,..., L} of interleaved SSMs and time-step-wise feedforward neural
networks (FNN),

hi = SSM, (ul71), (7.3)

yt = FNN& (h;)7 (74)
where ui = yi ', ud = uy, yo = yF, and 6 = UL, ({;, &) includes all SSMs and
FNNs parameters. Indeed, it is believed that such stacking of SSMs and time-
step-wise FNNs is a universal approximator of sufficiently regular non-linear
sequence-to-sequence maps [Orvieto et al., 2023].

7.3 Method

7.3.1 Variational State Space Model

We introduce the VSSM as an instance of dynamical VAE, where we select,
given a target space X,

o A discrete latent space of Z components of cardinality N each,

Z={1,...,N}?, (7.5)

e A uniform prior distribution
T T
¢(21:1) Hqu zt|21:0-1 :de’(zt):l_[ﬁ’ (7.6)
t=1 t=1

e A generative distribution,

T

pg(x1r|21.T) Hp¢ Tt|21:4) = HP(xt\fgec(zl;t)% (7.7)
=1

where P(z;|w;)! is a distribution of parameters w; = fdec(zlzt) outputted
by a stacked SSM,

e A posterior distribution,

T
gp(zrrlrrr) = [[aw(zilare) = [[ Pl £ (214)), (7.8)

where D(z|vy) is a discrete distribution of probabilities vy = fi"“(z1:¢)
outputted by a stacked SSM.

The independence of the prior over all time steps z;, along with the conditional
independence between z; and z; given x1.; in gy, and between x; and x; given
z1.7 in pg enables the prior, posterior and generative models to be sampled in
parallel. Note that the discrete latent space requires the Gumbel reparametriza-
tion trick for computing V21,7 when maximizing the ELBO [Jang et al., 2017,
Maddison et al., 2016].

1Gaussian of mean ws and fixed variance for continuous X or discrete distribution of
probabilities w; for discrete X.
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7.3.2 Autoregressive Variational State Space Model

In some applications (e.g., language modeling), it is useful to learn a generative
model of the distribution p(x1.7|z1.c) conditioned on a partial realization x1.c.
Under the modeling assumptions of a trained dynamical VAE like the VSSM
prior and generative models of Subsection 7.3.1, we have,

p¢($1:T|SU1;C)=/ p¢($1:T|21:T)p¢(21:T\331:0)dZ1:T7 (7~9)
ZzT

where pg(z1.7|21.7) is our generative model, while py(z1.7|z1.¢) is the true par-
tial posterior, from which we cannot sample for a given x1.c. We thus propose to
learn an approximate partial posterior g, (z1.7|21.¢) of the true partial posterior
pe(z1.7|71.0), by exploiting samples p(x1.7|z1.c) from the dataset to construct
samples of py(z1.7|x1.c) (see details in Subappendix 7.A.2).

The partial posterior g, (z1.7|%1.¢) is implemented with a stacked SSM, where
the input z1.c is padded with empty tokens: Zi.p = (z1.¢,9,...,9). The
autoregressive VSSM is a VSSM with,

e A partial posterior distribution,

T

T
@ (217 |21:0) = H @ (2t]T1:min(cyt)) = HD(Zt|fEar(51:t))~ (7.10)
t=1 t=1

where D(z|v;) is a discrete distribution of probabilities v, = fP*"(Z1.4)
outputted by a stacked SSM.

Note that the partial posterior distribution ¢, should ideally correspond to the
prior when Z1.p = (&,...,9), and it will be used in practice for unconditional
generation.

The autoregressive VSSM generates in parallel, possibly conditioned on a partial
realization, and can resume generation, as illustrated on Figure 7.1 (see detailed
algorithms comparison in Appendix 7.B).

7.4 Experiments

In the following, we compare Transformer, SSM and VSSM on two toy sequence
modeling tasks: MNIST, for which we consider 28-dimensional sequences of
length 28, and CIFAR, for which we consider (32 x 3)-dimensional sequences of
length 32. Transformer and SSM both output the mean of a Gaussian distribu-
tion of fixed variance. For more details about model architectures, see Subap-
pendix 7.C.1. We report samples, generation times and likelihoods in Figure 7.2,
estimated by importance-sampling for the VSSM, see Subappendix 7.C.2. We
also report additional results in Appendix 7.D. It can be observed that the
VSSM arguably outperforms the SSM and Transformer in terms of generation
quality. The VSSM also outperforms the other methods in terms of estimated
log likelihood on the test set. These results should however be treated with
caution, as the log likelihood is a rather crude estimation of the quality of
a generative model. Moreover, we also observed in practice that it was very
sensitive to the standard deviation parameters are selected for the generative
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distribution pg(z1.7|21.7), for all three models. Finally, as expected by the par-
allelizability of its generation process, the VSSM generates in two to eight time
less time than the other methods, depending on the benchmark and the prompt.
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Figure 7.2: Samples, generation times and likelihoods of the Transformer, state
space model and variational state space model for MNIST and CIFAR datasets.
We report results over 5 runs of each model. Confidence intervals correspond
to the minimum and maximum values observed. In 7.2a, 7.2d, we plot the
median full and partial log-likelihood log py(z1.7) and log pg(zcy1.7 | Z1.c) on
the validation set throughout training. In 7.2b, 7.2e, we report the average full
and partial log-likelihood on the test set, along with mean execution times at
generation, in both cases. In 7.2¢, 7.2f, we report random qualitative examples
for all models, for unconditioned sampling (first three rows) and conditioned on
partial realizations (last three rows).

7.5 Conclusion

We introduce the VSSM, a dynamical VAE using SSMs as encoder and decoder.
Compared to other architectures, our model is the first one that can generate
in parallel while being recurrent, which allows generation to be resumed. Al-
though tested on simple tasks, we show that it produces decent results in only a
fraction of the time. The advantages of this architecture motivate further work
to scale and improve performance on more challenging tasks such as language
generation. It also motivates the investigation of its adaptation to more effec-
tive generative model such as hierarchical VAEs, discrete diffusion models, or
score-based diffusion models.
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7.A Mathematical Derivations

7.A.1 Learning Objective

Thanks to Jensen’s inequality, we can show for dynamical VAEs of Subsec-
tion 7.2.1 that,

q(ZI:T‘mI:T)

logpg(z1.7) =log E  pe(zi7|21: , 7.11
¢( IT) Pe(z1:7) ¢( 1T| IT)Q(ZLT\ILT) ( )
= log P¢>(961:T|21:T)P¢(21:T) 7 (7'12)

a(z1.7|w1.1) q(zrr|1T)
> B log Po(z1:7|21:m)py (21:7) ’ (713)

" g(zrr|@T) Q(Zl:T|x1:T)

> E logpg(z1.7|21:7) — KL(q(21:7|21:7) || g (21:7))-

T q(zurlTir)

ELBO¢(I1:T)
(7.14)

Note that the ELBO becomes tight when the inference model g(z1.7|x1.7) cor-
responds to the true posterior distribution pg(z1.7|z1.7). Indeed,

pqﬁ(Zl:T\ﬂfLT)p(ﬂULT)

ELBOy(z1.7) = E lo 7.15
s(@vr) q(z1.7|@1.7) & q(z1.7|T1:7) (7.15)
= log p(z1.7) — KL(q(z1.7|z1.7) || Po(21:7]21.7)), (7.16)

and KL(q(z1.7|21.7) || pg(21:7|21:7)) = 0ifand only if g(z1.7|21.7) = py(21:7|21:7)
almost everywhere. Hence, the dynamical VAE, composed of the prior pg(2z1.7),
generative model py (z1.7|21.7) and inference model gy (21.7|z1.7) can be trained
according to the objective function,

max [ E  [logps(zr.r|zir)] — KL(gy (zr]217) || po(21:7)) |-
oY p(xy.T) qy (z1:7|T1:T)
(7.17)

7.A.2 Approximate Partial Posterior

To learn the approximate partial posterior ¢, (z1.7|z1.c) of the true partial
posterior pg(z1.7|z1.c) introduced in Subsection 7.3.2, we propose to exploit
samples of the true partial posterior. Such samples are derived from samples
(z1.0,x1.7), constructed from the dataset of sequences x1.7 by taking random
cuts C' ~ U([0,T]). Indeed, these allow us to draw samples (z1.c, z1.7) such
that z1.p ~ py(z1.7]|%1:0), as suggested by the decomposition,

p¢(zlzT|I’1:C) = / p¢(zl:T|$1:T)p(-T1:T|l'1:c) dIBl:T, (718)
T1:T

where py(z1.7|z1.7) is the true posterior of this VAE, which we approximate by
the variational posterior gy (#1.7|%1.7) during the VSSM training. The training
objective for the approximate partial posterior ¢, (z1.7|%1.¢) is,
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argmin_ £ KL(pg(217|71:0) || gu(21:7]21:0)) (7.19)

w p(z1.c

—argmin | E  [logpy(z1.r|r1.0) — logqu(z1.r|21.c)]  (7.20)
w p(z1.0) pg(21.7|21:0

—argmax [E E [log qu, (z1.7|71:0)] (7.21)
w p(z1.0) pe(21:7|21:0)

=argmax [E E [ E [IOgQw(ZLT\l"l:C)]] (7~22)
w p(z1.c) p(x1.r|z1.0) P (21:7|21.T)

~argmax [ E [ E [log Qw(zl:T|x1:C)H~ (7-23)
w p(z1.c) p(zrr|r1.0) qu(21:7]|T1:7)

7.B Comparison of Autoregressive Generation

The VSSM sampling algorithm (Algorithm 7.1) can be compared to the RNN
(Algorithm 7.2), SSM (Algorithm 7.3), and Transformer (Algorithm 7.4) algo-
rithms. We also provide an algorithm for the chunk sampling method proposed
in Subsection 7.3.2 in Algorithm 7.5.

Algorithm 7.1: Variational state space model sampling.

inputs: x1.c the prompt,
T the final length.
Let 1_11:T = Edr(k)
Sample z¢ ~ D(z¢|ve), t =1,...,T.
Let wi.r = fgec(zltT).
Sample ¢ ~ P(z¢|we), t=C+1,...,T.
return final sequence x1.7.

Algorithm 7.2: Recurrent neural network sampling.

inputs: x1.c the prompt,
T the final length.
Let ho =0.
fort=1,...,C do
‘ Let hy = f¢(:vt,ht,1).
fort=C+1,...,T do
Let wy = gy (hi—1).
Sample z¢ ~ D(x¢|ws).
Let ht = f¢($€t,ht71).
return final sequence x1.7.

7.C Additional Details

7.C.1 Training Hyperparameters

We train all three architectures (Transformer, SSM, VSSM) with comparable
sizes for 200 epochs on the classical train set of the considered benchmarks
(MNIST, CIFAR). To prevent overfitting, we use 10% of the train set for com-
puting validation losses and likelihoods, as well as to select the final set of
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Algorithm 7.3: State space model sampling.

inputs: x1.c the prompt,
T the final length.

Let h() =0.

Let he = f¢(1‘1;c, ho).

fort=C+1,...,T do
Let wy = gg(hi—1).
Sample z¢ ~ D(x¢|ws).
Let ht = f¢(£t,ht71).

return final sequence xi.7.

Algorithm 7.4: Transformer sampling.

inputs: x1.c the prompt,
T the final length.
fort=C+1,...,T do
Let wy = fo(z1:4—1).
Sample z¢ ~ D(x¢|ws).
return final sequence x1.7.

Algorithm 7.5: Variational state space model chunk sampling.

inputs: z1.c the prompt,
T the final length,
W € [1,T — C] the chunk size.
Let (01:c, hZ") = f5* (z1:0).
Sample z¢ ~ D(z¢|ve), t=1,...,C.
Let (wi.c, hEC) = fgec(zljc).
while C < T do
Let (Vct1:.04w, hgrpw) = 8 (Dotrcrw, hg).
Sample z¢ ~ D(z¢|ve), t=C+1,...,C+W.
Let (woyrorw, hEw) = f3° (zo1:c4w, hES).
Sample z¢ ~ P(z¢|we), t=C+1,...,C+ W.
Update C =C + W.
return final sequence z1.7.
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weights for evaluation on the test set and generating samples. All three archi-
tectures use 4 layers of dimension 1024 (with a state size of 16 for the SSM and
VSSM, and with 8 heads of dimension 1024/8 = 128 for the Transformer). We
follow the attention block of GPT-2 for the Transformer, and the SSM block
of Mamba for the SSM and VSSM architectures. The SSM and Transformer
architectures output the mean of a Gaussian distribution with fixed variance
(o = 0.1), and are trained to maximize the log-likelihood. The VSSM gen-
erative model py also outputs the mean of a Gaussian distribution with fixed
variance (¢ = 0.1), and is trained along with the posterior ¢, to maximize the
ELBO (7.14). Note that the temperature of the Gumbel softmax for computing
Vyz1.r was fixed to 1. The partial posterior g, is trained jointly with the en-
coder and decoder according to objective (7.23) and does not require to perform
a subsequent training. All learning rates have been selected using a grid search
in (1x1072,5x1072,1 x 1073,5 x 1074,1 x 1074).

7.C.2 Evaluation

We evaluate the likelihood by sampling K = 100 latent variables [Burda et al.,
2015] from the posterior, and reweighting by the prior (resp. partial posterior),
in order to measure the likelihood (resp. the partial likelihood),

K
ps(2tir)
ZI:lT Z 1'1 T|ZlT m (724)

)q (ZlT|x1 C).

1
Po(Totrr|T10) ~ ¥7a o(Teqrr|zty qo (i) (7.25)
1.T

fie
]

where 2§ 1 ~ gy (2F 7 |z1.7) in both cases. This expression is known to be a lower
bound on the likelihood in expectation, and it tends towards the true likelihood
as K grows to infinity.

7.D Additional Results

We report additional samples from all models in Figure 7.3a and Figure 7.3b,
sampled randomly and using random prompts from the test set.
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Figure 7.3: Additional samples of the Transformer, state space model and vari-
ational state space model for MNIST and CIFAR datasets. We report random
qualitative examples for all models, for unconditioned sampling (first three rows)
and conditioned on partial realizations (last three rows).
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Chapter 8

Just Looking at the Dice

In this chapter, we expose the promise of future works based on the variational
state space model introduced in Chapter 7. By using a latent world model that
decodes the latent variables of a history in parallel, and by conditioning the
policy on the latent variables of that world model, we allow parallel imagination
in model-based reinforcement learning.

8.1 Variational State Space Model

In this section, we recall the variational state space model (VSSM) [Lambrechts
et al., 2024b], which is a structured variational autoencoder (VAE) [Kingma
and Welling, 2014] based on state space models (SSM) [Gu et al., 2022b], where
we select, given a target space X,

e A discrete latent space of Z components of cardinality N each,

Z=1{1,...,N}?, (8.1)

e A uniform prior distribution

T

T T
poteor) = [[poalzon ) = [Ipe(z0 = [[ 570 (82

=1

o A generative distribution,

T T
po(zor|zor) = [ [ Polilz0:0) = [ Pl@el 3 (200)), (8.3)
t=1 t=1
where P(z;|w;)* is a distribution of parameters w; = (‘;ec(zo;t) outputted

by a stacked SSM,

1Gaussian of mean ws and fixed variance for continuous X or discrete distribution of
probabilities w; for discrete X.
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e A posterior distribution,

T
gy (zo.r|T0.T) = HQw ze|To:t) = HD(Zt|f§,nC($o;t))7 (8.4)
=1

where D(z¢|vy) is a discrete distribution of probabilities v, = fe“C(mOZt)
outputted by a stacked SSM.

Because of the proposed conditional independences and thanks to the paralleliz-
ability of SSMs, the prior, posterior and generative models can be sampled in
parallel along the time dimension [Lambrechts et al., 2024b].

8.2 Variational State Space World Model

In this section, we introduce an interesting usage of the VSSM in reinforcement
learning (RL) for partially observable Markov decision processes (POMDP).
Let us consider a POMDP P = (S, 4,0,T, R, O, P,~v), with unobserved state
sy € S, actions a; € A and observation o; € O, as defined in Chapter 2. Given
the fact that the initial observation comes without reward nor previous action,
let us conveniently define r_; = 0 the null reward and a_; = 0 the null action.
Taking a sequence of ¢ actions in the POMDP conditions its execution and
provides the history h; = (0g, ag,-..,0:) € H, where H is the set of histories
of arbitrary length. A history-dependent world model aims at approximating
the distribution p(r, o’|h, a) for a given distribution p(h, a) over the histories and
actions. In practice, p(h, a) is often chosen to the empirical distribution obtained
when interacting with the POMDP using a policy that is jointly optimized with
the world model.

Let us now introduce the variational state space world model (VSSWM) as a
conditional VSSM with the following generative and posterior distributions,

e A generative distribution conditioned on the actions,

pe(r—1.7-1, 007 |20:T5 A—1:7—-1) = Hqu(?“t—l, 0t|20:t, A—1:4-1) (8.5)
=0
T

= HP(Tt71»0t|f£ec(Zo:t,a71:t71))> (8.6)
t=0

where P(ry_1, ot]w;) is a distribution of parameters w; = f (20045 G—1:4—1)
outputted by a stacked SSM,

e A posterior distribution conditioned on the actions,
T
gy (z0r|r—17-1, 001) = [ [ qw(2t|r-1:4-1, 004) (8.7)
t=0

= HD | enc T 1:t717002t))7 (88)

where D(2¢|v¢) is a discrete distribution of probabilities vy = fi*(r—1.1—1,
00.¢t) outputted by a stacked SSM.
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This can simply be viewed as a standard VSSM, where x; = (ri_1,0¢), but
where the decoder is also conditioned on the previous action a;—; together with
the latent z; at every time step.

8.3 Latent Policies and Parallel Imagination

Given a sequence of actions a_1.7—1, the VSSWM is able to generate all rewards
r_1.7—1 and observations og.7, all in parallel, like a SSM-based world model
[Samsami et al., 2024]. However, when training a policy in imagination [Hafner
et al., 2020, Samsami et al., 2024], the sequence of actions in not known in
advance. Indeed, we need the observation at time ¢ for choosing the action at
time ¢, which is in turn necessary for sampling the next observation at time
t+1. This intrinsic sequentiality is characteristic of closed-loop control and RL.

Counterintuitively, we propose to avoid this sequentiality by simply coupling a
latent policy implemented by an SSM with the parallelizable VSSWM. Let us
define the deterministic history-dependent latent policy n: H — A, such that,

act

ar = f5 (20:4), (8.9)

with fjft a stacked SSM. The parallelizability of SSMs allows obtaining the
complete sequence ag.r in parallel based on all latent variables zg.pr sampled
from the prior py(20.7). Since the latent variables encode all information about
the realization of the interaction, the policy can indeed be conditioned on these
sole variables. As a bonus, the rewards outputted by the world model are differ-
entiable with respect to the parameters of the policy, at the condition that the
actions are sampled in a differentiable way, for example with the reparametriza-
tion trick. It enables a direct reward maximization using stochastic gradient
ascent for optimizing the policy without relying on standard RL techniques.

8.4 Conclusion

These ideas and their implications motivates the empirical investigation of such
algorithms, that could unlock parallel imagination in model-based RL. More-
over, parallelizing the imagination could unlock new frontiers in terms of the
imagination horizon, which could help in learning policies that have a long plan-
ning horizon. Similarly, a more efficient imagination could unlock new frontiers
in meta-learning when we want to train the policy on many environments in
parallel. While not developed here, it would also be interesting to adapt the
autoregressive version of the VSSM, so as to be able to resume imagination
without reprocessing the complete history. This project probably also present
some limitations, since the results previously obtained with the VSSM were lim-
ited, and since this approach puts a heavy workload on the policy, which needs
to internally decode the latent variables of the world model.
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Chapter 9

A Matter of Abstractions

By considering perception as the inception of decision making, this thesis has
explored the intricate relationships between abstractions, memory, predictions
and decisions, when learning to act optimally. Rooting this research project in
the optimal control theory allowed a deep understanding of the desired solu-
tion, which motivated the analyses and contributions of this thesis. We notably
demonstrated the importance of explicitly considering the structure of the solu-
tion, moving beyond the simplistic view of the history Markov decision process.
We highlighted the similarity between the abstractions learned by such unin-
formed approaches and the sufficient representations prescribed by theory. We
also explored the possibility of fostering abstractions of the perception that are
as predictive as these sufficient representations. More broadly, our research
has argued in favor of entangling the task of processing of the past and the
task of planning for the future, but also in favor of their separate considera-
tion through different objectives, acknowledging their different nature. These
conclusions were developed in three thematic parts that studied reinforcement
learning (RL) in partially observable Markov decision processes (POMDP).

The first part of the thesis studied the role of memory when learning to act
optimally. We showed empirically that recurrent neural networks, when trained
to act optimally in a POMDP, implicitly learn representations that are related
to the belief, that is the posterior distribution over the states given the history.
The similarity of these learned representations with the belief also motivated
representations objectives that foster the memory to embed such information,
which was explored in the second part of this thesis. We also demonstrated the
ability of history-dependent RL in POMDP to learn to discard the belief of ir-
relevant state variables from their representations and to only focus on relevant
variables for optimal control. Furthermore, we also demonstrated the decisive
importance of memory for learning efficiently. More precisely, we introduced an
initialization procedure to maximize the multistability of a recurrent neural net-
work. We showed empirically that it could endow any recurrent neural network
with long-lasting memorization abilities, improving its ability to learn in the
presence of long time dependencies. In summary, these findings highlighted the
importance of learning good representations of the past, and motivated to ex-
plicitly learn such representations. It also highlighted the importance of having
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representations that encode a lot of information at the initial stages of learning.

The second part of the thesis addressed the challenge of explicitly learning
sufficient representations of the history, by leveraging eventual additional in-
formation about the state to learn from. We started by relaxing the usual
asymmetric learning formalization, by allowing any information about the state
to be considered for improving the learning process. Then, noticing that model-
based methods embed representation objectives by learning statistics that are
predictive of future observations, we extended these methods to learn statistics
that are predictive of all available state information. It resulted in the informed
Dreamer algorithm, allowing to predict information about the state, instead of
explicitly predicting observations, while still allowing to learn latent policies in
imagination with the informed world model. By leveraging both the additional
information and the efficiency of model-based RL, it touched on the state-of-the-
art for learning policies in POMDPs. Then, convinced by the empirical merits
of the asymmetric RL approach, we questioned its theoretical foundations. Ex-
isting methods were theoretically sound in the sense that they provide optimal
history-dependent policies after convergence, but they still lacked a justification
for their potential benefits. By analyzing a simple version of the asymmetric
actor-critic algorithm, we demonstrated a possible reason for the effectiveness
of such an algorithm, compared to its symmetric counterpart. The finite-time
convergence analysis of the asymmetric algorithm showed that it eliminates an
error arising from insufficient history representations when performing temporal
difference learning, compared to the symmetric algorithm.

The third part of the thesis explored future avenues where the interplays between
representations, memory, predictions and decisions are completely entangled.
We first introduced the variational state space model, a novel sequence model-
ing architecture that enables parallel generation while retaining the benefits of
recurrent models. This model was shown to compete with classical autoregres-
sive models such as transformers and state space models on toy benchmarks,
while generating samples in a fraction of the time, thanks to its parallelizabil-
ity along the time dimension. We then proposed its use as a world model in
model-based RL, by presenting the theoretical advantages of such a method,
but without studying it empirically. By conditioning parallelizable policies on
latent representations of past and future realizations of such world models, this
line of research could eliminate the sequential nature of the closed-loop control
paradigm of RL. It goes in the direction motivated by this thesis, which is to
entangle the processing of the past and the prediction of the future, by shar-
ing representations between the world model and the policy, while still keeping
distinct learning objectives to exploit the structure of the solution.

As a conclusion, this thesis established a clear motivation for the particular at-
tention that should be given to the problem of abstracting the past, for then
forming its decision. For this purpose, this thesis has studied, and improved a
variety of RL methods, humbly improving the intelligent behaviors that can be
learned from interaction with a POMDP. This thesis also motivates many un-
explored future works, such as (i) learning sufficient statistics in an asymmetric
setting using contrastive learning or mutual information maximization, (ii) de-
signing recurrent neural networks that have nonlinear and multistable dynamics
while being parallelizable along the time dimension, (iii) improving asymmetric
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world models with contrastive representation learning to design minimal repre-
sentations of the additional information that are relevant to the control task,
(iv) empirically studying the aliasing in symmetric and asymmetric recurrent
actor-critic algorithms, and (v) improving variational state space models using
more expressive generative models and considering their usage as a world model,
to quote only one idea from each paper.

As a closing remark, I want to highlight that we did not considered the ultimate
decision making problem that RL aims at solving, which is the problem of
acting optimally across the distribution of all problems that can be encountered.
This generalization problem, which consists in learning to act for any situation,
can elegantly be formalized as a POMDP. Intuitively, the problem of acting
optimally over a distribution of unknown decision processes indeed amounts to
inferring the current control problem from perception, for then adjusting its
decisions and acting optimally in the future. More formally, the parameters
characterizing the actual process we are currently tasked with controlling can
be seen as a state variable, whose belief can be inferred from perception. It
should moreover be noted that the solution of this particular POMDP probably
has an interesting structure, where the state variables that describe the current
control problem have a particular dynamic. We view as a wonderful future work
the application of the findings of this thesis, and more broadly the findings of
the literature on partial observability, to this generalization problem.
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Appendix A

Belief Recurrence

In this appendix, we demonstrate the recurrence of the belief update [Ho and
Lee, 1964]. More formally, we consider a partially observable Markov decision
process (POMDP) P = (S, A,0,T, R, O, P,v) with discrete state space S, dis-
crete action space A and discrete observation space O. Let bi11 € B be the
belief of a history h;y; € H. The belief b;11 = f(her1) can be written as,

biv1(se+1) = Pr(ses1lhis1) (A1)
= Pr(st+1\ht,at70t+1) (A2)
_ Pr(8t+130t+1|ht7at) (A 3)

Pr(0t+1 |ht, at)
_ Pr(siy1,0e41/he, ar) (A4)
Zstﬂ es Pr(se+1, 0e41|he, ar)

Pr(ogy18e+1, hes ar) Pr(sesa|he, ar)

_ A5
Dosinres Pr(ovlse, hey ar) Pr(sisalhe, ar) (A.5)
o Pr(0t+1\st+1) Pr(st+1|ht, at)
= (A.6)
Zstﬂes Pr(osy1lst41) Pr(sey1lhe, at)
_ O(0s+1]8t41) Pr(set1he, ar)
= . (A7)
Yseires Olortasirr) Pr(sealhe, a)
Let us now focus on Pr(s;41|h¢, at), which can be developed as follows,
Pr(st+1|ht, Clt) = Z PI‘(St+1, St|ht, Clt) (A8)
s:€S
= Z Pr(siy1lse, he, ar) Pr(se|he, ar) (A.9)
s:€S
= Z Pr(sit1lse, ar) Pr(selhe) (A.10)
S$tES
= Z T(st11]8¢, at)bi(st), (A.11)
st€S

with b; = f(h;) and where the penultimate line holds at the condition that
the actions are conditionally independent of the state given the history, that is
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Pr(s¢|he, ar) = Pr(s¢|h:), which is the case when considering history-dependent
policies m: H — A(A). By substituting equation (A.11) in equation (A.7), we
obtain,

O(ot4118t+1) D, e T(St41]5t, a)be(st)
senres Olorralsit1) D25, s T(st41lse, an)be(se)

biy1(se41) = 5 (A.12)
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Appendix B

Belief Markov Decision
Processes

In this appendix, we demonstrate how partially observable Markov decision pro-
cesses (POMDP) can be reduced to Markov decision processes (MDP) using the
recurrent belief update [Astrém, 1965]. More formally, we derive the equation
of the equivalent belief MDP M’ = (S’ A, T', R, P’,v) for a given POMDP
P =(S,A0,T,R,O,P,v). The belief MDP state is S’ = B, where B is the
set of attainable belief in the POMDP. The initial belief distribution P’ € A(B)
over the set of beliefs is given by,

P'(b) = Z Z Pr(bo, $0,00) (B.1)

=Oozisgmowo,oo)Pr<00|so>Pr<50> (B.2)
= Ozwozagwoo)pr(00|30)pr(80> (B.3)
= nZwlzrwowo)%Prwswpr(s@ (B.4)
- Ozeoéfo<h0><bo>0%0<oo|so>P<80>. (B.5)

The transition distribution T7": B x A — A(B) is given by,

T’ (byy1|bs, as) = Z Z ZPr(bt+173t+1>0t+178tabtaat) (B.6)

0t41€0s;11ESsES

Z Z ZPr(bﬂrl‘bt’at’3t+170t+175t)

Ot+1 EOSt+1 €Ss€S

X PI‘(Ot+1 |bt, Aty St+1, St) Pr(5t+1 |bt, Qg, St) Pr(st|bt, at) (B?)

Z Z Zpr(bt-‘rl‘btaataot—&-l)

Ot+1EOSt+1ESStES
X Pr(0t+1|st+1)Pr($t+1\at,st)Pr(st|bt) (BS)
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= Z Pr(by41]be, at, 0441) Z Pr(o41]8t41)

otHeO St+1€s
X > Pr(sipalar, i) Pr(se|br) (B.9)
st€S
= Butbraror) (ber1) D O(0rsalsip1) Y T(sealar, se)bi(se).
Ot+1€(9 St+165 st€ES
(B.10)
The reward distribution R': B x A — A(R) is given by,
R (rifbr,ar) = > Pr(re, selbe, ay) (B.11)
)
= > Pr(relbe, ar, s¢) Pr(se|be, ar) (B.12)
s1t€S
= > Pr(relas, s¢) Pr(se|by) (B.13)
s:t€S
= > R(riaz, s)be(s1). (B.14)
s:€S
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Appendix C

Piecewise Linearity and
Convexity of the Belief
Q-function

In this appendix, we demonstrate the piecewise linearity and convexity of the
belief Q-function with a finite horizon [Smallwood and Sondik, 1973], for the
Markov decision processes (MDP) described in Appendix B, which we called
belief MDPs. Let us assume that, for a given horizon N € Nj, the Q-function
(@ y with finite-time horizon N is piecewise linear and convex in the belief vector,

Qn(b,a) = max a(s)b(s), (C.1)

where A% is the set of a-vectors for representing the piecewise linear and convex
function Qn (-, a). We thus need |.A| such sets to represent @ . Let us now study
the Q-function QN1 with finite-time horizon N + 1, defined as,

Qn+1(b,a) =E [R +7max Qn(B'.d)

B_@A_4 (C.2)

= R/'(b,a) +1E krllgﬁQN(B’,a’)

B:@A:%. (C.3)

The first term is the expected immediate reward in the belief MDP, defined as,

R'(b,a) =E[R|B =b,A = d (C.4)
= b(s)R(s,a), (C.5)
seS

where R(s,a) is the expected immediate reward in the underlying MDP. It can
also be noted that Qq(b,a) = R(b,a). This expression is linear in the belief
vector, which is a particular case of a piecewise linear and convex function. It
can thus be represented with |A| singletons A¢ = {R(-,a)}.
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As far as the second term is concerned, let us first notice that the maximum
over | A| piecewise linear and convex functions is also a piecewise linear and
convex function, with at most |A| times more linear pieces. As a result, the
value function Vy (b') = maxgeq Qn (Y, a’) is given by,

Vn(b') = max Y a(s)b'(s). (C.6)
a€AN
€s
where Ay = J,c 4 A% Starting from this piecewise linearity and convexity of

Va (V') in b, let us show the piecewise linearity and convexity of E[Vy(B’)|B = b,
A = a] in the previous belief b,

E[Vy(B)|B=bA=a]=> Pr(t/[b,a)Vy(V) (C.7)

beB

=3 Pr(t,d|b,a)Vn () (C.8)
beBo' €O

=Y > Pr(d'|b,a) Pr(V|b,a,0)Vn (b))  (C.9)
beB o’ €O

= Z Pr(d'|b, a) Z Pr(b'|b,a,0o")Vy(b')  (C.10)
o'eO beB

=3 Pr(db,0) Y bugpaon®)Va(®)  (C.11)
o'e0 beB

= Z Pr(d’|b, a)Vy (u(b, a,0")) (C.12)
o’'eO

Using the belief recurrence proof of Appendix A, we have,

Vi (ulb,a, o)) = Vi (O<0 ) %;(Ej&'f’“)b(s)) (C.13)
.. 0(0']s") Zse T(s'|s,a)b(s)
a2 o) Br(o/ o) (C.14)
1

= B Jax a(s)O(d's') Y " T(s'|s,a)b(s). (C.15)

/
P a) ¥ 2

Substituting equation (C.15) into equation (C.12), we obtain,

E[VNn(B)|B=bA=a = Z Jnax Z a(s)O(d']s") ZT(S’|s,a)b(3)

o’'eO s'eS s€S
(C.16)
o ’ ot '
= Z max Z Z a(s")O(0'|s")T(s'|s, a)b(s)
o’'eO seSs'eS
(C.17)

= max Z a(s)b(s), (C.18)

where A} o = ={Y s a(s)O(|s")T(s'|-,a)|a € Ay}, which is a sum of piece-
wise hnear and convex functions. Such a sum is also piecewise linear and convex,
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and at any given point, the dominating a-vector could be the sum of any combi-
nation of vectors of each of the piecewise linear and convex functions composing
the sum. Let us then define the set A?\;Jr of sums of every combination of

’
a o1 a,o

a-vector chosen in A LAy 191 as,
A%t = { ST o ()|a% € AV, afler e AT } (C.19)
o'eO

From there, we have,

E[VN(B)B=bA=al=> max Y a(s)b(s) (C.20)

which is indeed piecewise linear and convex.

Finally, substituting back equation (C.5) and equation (C.21) in equation (C.3),

Qn+1(bya) = Zb (s,a) + max+ a(s)b(s) (C.22)
sES €Ay sES
= aér}gvxﬂ Ze;goz(s)b(s)7 (C.23)

where A%, = {R(-,a) +va()|a € AT}
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