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Abstract

Intuitively a dynamical system is any observable quantity which changes over
time according to some fixed rule. Building models to understand, predict, and
control dynamical systems has been a field of study for many years, resulting in
a large and diverse array of distinct models. Each of these models offers its own
unique advantages and disadvantages, and choosing the best model for a given
task is a difficult problem where a variety of tradeoffs must be considered. In this
work we explore the complex web of relationships between these models, and use
the insights gained to derive new connections. Our goal is to unify these many
diverse models into sophisticated hybrid models which offer all of the benefits with
none of disadvantages. In particular we focus on unifying the two main categories
of models: Bayes Filters and Recurrent Neural Networks. Bayes Filters model
dynamical systems as probability distributions and offer a wealth of statistical insight.
In contrast Recurrent Neural Networks are complex functions design to produce
accurate predictions, but lack the statistical theory of Bayes Filters. By drawing
on insights from each of these fields we develop new models which combine an
axiomatic statistical theory with rich functional forms, are widely applicable and offer
state of the art performance.



Acknowledgments

I would like to take a moment to express my profound gratitude to all the incredible people who
were a part of this journey with me, and without whom this work would not have been possible.

First and foremost I would like to thank my adviser, Geoffrey Gordon. It is under his guidance
that I first fell deeply in love with the wonder of machine learning, an affection which has only
grown as time moved forwards. Geoff encouraged me to explore widely and let my interests guide
me, whilst also keeping me firmly focused on the path forwards. Through the highs and lows of
my PhD Geoff has been supportive at every turn. He has listened to my crazy ideas, nurtured me
with his insights, and helped me grow into the person that I am today.

I would also like to thank Stephen Fienberg for helping advise me during my early years at
CMU. Steve was a mentor, friend and teacher, and I regret that his passing robbed me of the
opportunity to spend more time learning from him.

I would like to thank my thesis committee: Byron Boots, Arthur Gretton, and Ruslan Salakhut-
dinov. I am indebted to them for their time, their support, their ideas and their advice.

The work presented in this thesis is the result of many fruitful collaborations. To this end I
would like to thank Ahmed Hefny, Byron Boots, Boyue Li, Krzysztof Choromanski, and Siddarth
Srinivasan. I learned a great deal from working with each and every one of them, and this work
is as much theirs as it is mine. I would also like to thank Avinava Dubey, Sashank Reddi, Zita
Marinho, Suvrit Sra, Quan Wang, Ignacio Lopez Moreno, Li Wan, and Philip Andrew Mansfield
for similar contributions to work which was not included in this thesis.

I would like to thank the CMU staff for their myriad contributions great and small to the
department, and for helping ensure my time at CMU was so special. In particular I would like to
thank Diane Stidle for her tireless work to help and support me through the complexities of grad
school.

My time at CMU has been deeply enriched by sharing this journey with the many other
incredible people there. In particular I would like to thank Shing-hon Lau, Adona losif, Jesse
Dunietz, Avinava Dubey, Sashank Reddi, Jing Xiang, William Bishop, Eric Wong, Maruan
Al-Shedivat, Manzil Zaheer, and Aaditya Ramdas for the countless interesting discussions.

Finally I would like to thank my family; Kristin, Rod, and Alex Downey. A PhD is a difficult
journey, and their continuous support meant everything to me. They have been there for me day in
and day out, through good times and bad, always ready to pick me back up when I was knocked
down.

vi



Contents

(I__Introduction 1
1.1 Mam Contributions| . . . . . . . . . . .. 1

(1.2 Organisation|. . . . . . . . . . . . . . e e e e 3

T Background 5
2~ Background 7
2.1~ Dynamical Systems| . . . . . . . . . .. ... 7
21.1 Models| . .. ... 9

RIZ "Statel . . ... 11

2.2 Bayes Filters| . . . . .. .. ... . 12
2.2.1 Hidden Markov Models| . . . .. ... ... ... ... 0. 13

.22 KalmanFilters] . . . .. ... .. ... .. 15

[2.2.3  Observable Operator Models| . . . . . . ... ... ... ... .. .... 16

[2.2.4  Predictive State Representations| . . . . . . .. ... ... ... .. 18

[2.2.5 Hilbert Space Embeddings of Bayes Filters| . . . . . .. ... ... ... 20

2 Recurren ral O 22
2.3.1 FElman Networks| . . . . . .. . .. .. ... .. .. 24

[2.3.2  Long-Short Term Memory Units| . . . . . .. ... ... ... ... ... 24

233 GatedRecurrentUnitsl . . . . . . . ... ... 25

2.4 Generative Learning| . . . . . . . .. ... ... 26
241 Maximum Likelihood . . ... ... ... ... ... ... ..., 26

2.4.2 radient Methods|. . . . . . . . ... o 27

[2.4.3  Expectation Maximization| . . . . . . . . .. .. ... ... ... 28

244  Method of Moments| . . . . . ... ... 28

[2.4.5 Subspace Identification| . . . . . ... ... oo oo 29

[2.4.6  Tensor Decomposition Methods| . . . . . ... ... .. ... ... ... 30

2.5 Discriminative Learning| . . . . . . . . ... ... 33
[2.5.1 Back Propagation Through Time|. . . . . . .. ... ... ... .. ... 34

2.6 DIscussionl. . . . . v vt 34

vil



M  Unifying Method of Moments Learning]

3

Method of Moments Learning for Uncontrolled Systems|

[3.2  Two-Stage Regression| . . . . .. .. ... o Lo
(3.3 Connections with prior work| . . . . . . ... .. . o oo

33.1 HMMI. . ..

(3.4 Theoretical Analysis| . . . . . . . .. .
[3.5 Experiments|. . . . . . . ...
[3.5.1 Learning A Knowledge TracmgModel| . . . . ... ... ... ... ..
[3.5.2 Modeling Independent Subsystems Using [Lasso Regression| . . . . . . .

4.3 Learning A Predictive State Controlled Model| . . . . . .. ... ... ... ...
“.3.1 JointS1 Approach| . . . . . . . ... ..
“4.3.2 Conditional S1 Approach|. . . . . .. ... ... ... ... .......
“4.3.3  S2 Regression and Learning Algorithm| . . . . . .. ... ... .. ...
4.3.4  Theoretical rantees| . . . ... L. oL Lo

“4.4.1 HSE-PSR as a predictive state controlled model| . . . . . ... ... ...
4.4.2 S1 Regression for HSE-PSR| . . . . . ... ... ... ... ...
4.5 Experiments|. . . . . . . . ... e e e
4.5.1 SyntheticDatal . . .. ... ... .. ... .. ... ... . .. ...
4.5.2 Predicting windshield view|. . . . . . . ... o000
4.5.3  Predicting the nose position of a simulated swimmer robot| . . . . . . . .

4.6  Other Examples of Predictive State Controlled Models| . . . . .. ... ... ..
4.601 TO-HMMI . . .. ..o
4.6.2 Kalman Filter withmputs| . . . . ... ... ... ... ... .. ...

.7 Theoretical Analysis| . . . .. . ... .. ...
4./.1 1: Discr rvations and Actions| . . . . ... ...
4.7.2 Case 2: Continuous System| . . . . . . .. ... . ... ... ......

37

39
40
42
44
44
47
48
50
52
52
53
54
56
57
57
62
62



MI Hybrid Models|

Predicti Recurren ral rk
1 Predicti Recurren ral ksl .o

D1 100]. . . . e e
[5.6 Experiments|. . . . . . . . . ...
[5.6.1 Results| . . . . . . . . e e
5.7 Related Workl . . . . . . . . .

Hilbert Space Embedding of Hidden Quantum Markov Models|

6.1 Quantum Mechanics| . . . . . . . .. ...
[6.2  Advantages of Quantum Mechanics| . . . . ... ... ... ... ...

[6.2.4  Rotational Symmetry| . . . . . .. ... L Lo
6.3 Quantum Circuits| . . . . . . . . . . ..
[6.4  Quantum Graphical Models|. . . . . . ... ... ... ... ... ... ... ..
[6.5 Translating to the language of Hilbert Space Embeddings| . . . . . . . ... ...
[6.5.1 Hilbert Space Embeddings| . . . . . ... ... ... .. .........
[6.5.2  Quantum Sum Rule as Kernel SumRule|. . . . . . ... ... ... ...
[6.5.3 Quantum Bayes Rule as Nadaraya-Watson Kernel Regression| . . . . . .
[6.5.4 Quantum Bayes Rule as Kernel BayesRulef . . . . . .. ... ... ...

nnections with PSRNNs| . . . . . ... ..o o oo oo
[6.8 Experiments|. . . . . . . ..
6.9 Related Workl . . . . . . .. L

[6.A Kernelizing HSE-HQMMs| . . . . . .. .. .. ... ... ... ... ...,
[6.B  Experimental Details| . . . . . ... .. ... .. ... ... .. .. ..
[6.B.1 State Update| . . . .. ... ... ... ... ...

ix



IV Scalable Implementations|

(7 Sketching for Predictive State Methods|

[/.2.2  Hybnid ALS with Deflation|. . . . . . . . ... ... ... ... .. ...

723

Learning a Factorized PSRNN| . . . . . .. ... ..o o000

[7.3  Experiments|

73.1

Tensor Product vs. Tensor Decomposition| . . . . . .. .. ... ... ..

[7.3.2  Tensor Decomposition: Alternating Least Squares vs. Deflation] . . . . .

733

Sketching for Factorized PSRNNs| . . . . .. ..o o0 o000 oL

(/.4 Conclusionsl

Orthogonal Random Features for Predictive State Models|

[8.1  Orthogonal Random Features|. . . . . . . ... ... ... ... .........

[8.2  The theory of the orthogonal kernel ridge regression|. . . . . . . ... ... ...

B2.1

Superiority of the orthogonal features for kernel ridge regression| . . . . .

(8.3 Experiments|

B3.1

125

127
128
129
131
131
132
132
132
134
134
136

137
138
139
140
142
142
143
143
144
145
146
152

153
155

157



List of Figures

2.1 Dynamical System| . . . ... ... .. L 8
2.2 Hidden Markov Model (HMM) as a graphical model. Here nodes represent |
| random variables, while arrows represent conditional independence assumptions.| 13
[2.3  Filtering (The Forward Algorithm) Ihnan HMM| . . . ... ... ... ... ... 15
2.4 Neural Network Diagram of an OOM| . . . . . .. ... ... ... ....... 17
[2.5 Network Diagram for an Elman Networkl. . . . . ... .. ... ... ... ... 24
2.6  CP Decomposition| . . . .. ... ... ... ... e 31
[2.7 A variable HMM. Note how all three observations 01,0-, and 03 depend on state |
| s and hence provide different viewsof sof . . . . . . . .. ... oL 32
(3.1 Illustration of the concepts of Future, Extended Future, and Shifted Future (for a |
[ fixed, finite horizon k)| . . . . . . . . . ... 40
(3.2 Illustration of the Expansion/Conditioning decomposition of the Bayes Filter |
| updaterule.| . . . . ... 41
[3.3  Learning and applying a dynamical system using instrumental regression. S1 re- |
| gression 1s trained to provide data to train S2 regression. At test time, starting from |
| an 1nitial belief state gy, we alternate between S2 regression and filtering/prediction| 44
[3.4  Transitions and observation emissions of the BK'T model. (Each node represents |
| a possible value of the state/observation). Solid arrows represent transitions while |
[ dashed arrows represent emissions. | . . . . . ... ..o 52
[3.5 Experimental results: each graph depicts the performance of two models (mea- |
| sured by mean absolute error) on 1000 train/test splits. The black line represents |
| the © = y lines. More points below the line indicates that model y 1s better |
| than model x. The table depicts training time of each model relative to model 1 |
| (spectral HMM).| . . . . . . . ... . 54
[3.6 Left singular vectors of (left) true linear predictor from o;_; to o; (i.e. OTO™), |
| (middle) covariance matrix between o; and o;_; and (right) S1 Sparse regression |
| weights. Each column corresponds to a singular vector (only absolute values are |
| depicted). Singular vectors are ordered by their mean coordinate, interpreting |
| absolute values as a probability distribution over coordinates. | . . . . .. .. .. 55
4.1  An example of windshield view output by TORCS.| . . . . .. .. ... ... .. 73

X1



4.2 Mean square error for 10-step prediction on (from left to right) synthetic model,

TORCS car simulator, swimming robot simulation with 80% blind test-policy,

and swimming robot with 20% blind test policy. Baselines with very high MSE

are not shown for clarity. A comparison with HSE-PSR on TORCS and swimmer

datasets was not possible as it required prohibitively large memory.|. . . . . . . . 74

[5.1 PSRNN architecture: See equation|5.4{for details. We omit bias terms to avoid |

[ clutter) . . . . . . e 91
2 Factorized PSRNN Archi rel .o e 93

(5.3 PTB Experiments| . . . . . . .. . ... 95
5.4  MSE vs Epoch on the Swimmer, Mocap, and Handwriting datasets| . . . . . . . . 97

[5.5 Test Data vs Model Prediction on a single feature of Swimmer. The first row |

shows 1nitial performance. The second row shows performance after training. In |

order the columns show KF, RNN, GRU, LSTM, and PSRNN.|. . . . ... ... 98

[6.1 An example of classical mechanics. We transtform a stochastic vector representing |

information about an unknown quantity (in this case a coin flip) into another |

stochastic vector using a stochastic matrix.|. . . . . . . .. ... .. ... ... 102

[6.2  An example of quantum mechanics. We transform a unitary vector representing |

information about an unknown quantity (in this case a coin flip) into another |

unitary vector using a unitary matrix. The vectors 1n red are the squared absolute |

values of the unitary vectors.| . . . . . . . .. ... . L L oo 103

[6.4  Example of how quantum mechanical systems allow for continuous time. Given |

an operator which advances the system state by 2 seconds we can obtain an |

operator which advances the system one second by taking the square root of the |

| original operator.| . . . . . . ... 105
[6.5 Illustration of the state space: Probability Stimplex vs. Unit Sphere| . . . . . . .. 106
[6.6 Simple quantum circuit operations| . . . . . . . ... ..o oL 107
[6.7  Quantum-circuit analogues of conditioning 1n graphical models|. . . . . . . . .. 109
(6.8  Quantum circuit to compute posterior P(X|y)| . . . . . ... ... ... 112

[6.9  The relationship between Bayes Rule, Kernel Bayes Rule, and Quantum Bayes

Rule. Quantum Bayes Rule and Kernel Bayes Rule both generalize bayes rule.

Quantum Mechanics via density matrices. Kernel Bayes Rule 1s obtained from

|
|
Quantum Bayes Rule 1s obtained from Bayes by representing uncertainy using |
|
|

Bayes Rule by embedding our probability distributions in an RKHS. Kernel Bayes

Rule and Quantum Bayes rule are equivalent,| . . . . . .. ... ... ... ... 114

[6.10 Quantum Circuit for HSE-HQMM|. . . . . . . . . ... ... ... ... .... 114
[6.11T Performance of HSE-HQMM, PSRNN, and LSTM on Mocap, Swimmer, and PTB [118

Xii



[6.12 Heatmap Visualizing the Probability Densities generated by our HSE-HQMM

model. Red indicates high probability, blue indicates low probability, x-axis corre-

sponds to time, y-axis corresponds to the feature value. Each column corresponds

to the predicted marginal distribution of a single feature changing with time. The

first row 1s the probability distribution after 2SR 1nitialization, the second row 1s

the probability distribution after the model in row 1 has been refined via BPTT,| . 119

[7.1 ~ Approximation quality of general tensor contraction vs. recovering the first rank-1 |

| component of a tensor. (left): Histogram of dot product between normalized |
| true and approximate contraction results. (middle): Histogram of dot product |
| between true and approximate first rank-1 component vector. (right): Histogram |
| of maximum dot product between approximate first rank-1 component vector and |
| all true rank-1 components, showing that failures in (middle) are due to recovering |
| a different rank-1 component. | . . . . . ... ... L oL 134
[7.2  Relative residual norm for different decomposition methods using tensor sketches.|135
[7.3  Log Perplexity on PTB for factorized PSRNN initialized using Sketched 2SR| . . 135
(8.1 Common RBF kernels, the corresponding functions ¢, and probability density |

| functions (here: w = (wy, .., w,) ') . . . .. 138
[8.2  MSE for Orthogonal RF vs Standard RF after two stage regression| . . . . . . . . 143
[8.3  MSE for Orthogonal RF vs Standard RF after two stage regression and BPTT| . . 144

Xiii



April 6, 2019
DRAFT

Xiv



List of Tables

D1

Some popular kernels and their Fourier transtforms|. . . . . . .. .. ... .. ..

B

Examples of existing spectral algorithms reformulated as two-stage instrument

regression with linear S1 regression. Here oy, 4, 15 a vector formed by stacking ob-

servations oy, through o,, and ® denotes the outer product. Details and derivations

can be found 1n the supplementary material.| . . . . . . .. ... 00000

45

A1

Comparison between proposed RFF-PSR and existing system 1dentification meth-

ods 1n terms of the type of systems they can model as well as their computational

efficiency and statistical consistency. The table should be interpreted as follows:

for each method there exists an instantiation that simultaneously satisfies all prop-

erties marked with v* but there 1s no instantiation that 1s guaranteed to satisfy the

properties marked with x. A method 1s scalable 1f computational and memory

costs scale at most linearly with the number of training examples. For RFF-based

methods, consistency 1s up to an approximation error that 1s controllable by the

number of features [87].] . . . . . . . ... o

6.1

Hyperparameter values used in experiments| . . . . . ... ... ... ......

XV



April 6, 2019
DRAFT

XVi



List of Algorithms

(1 Two-stage regression for predictive state controlled models| . . . . . . ... ... 69
[2 Learning Predictive State Representation with Random Fourier Features (LEARN- |
[ RFF-PSR) . . . .t 80
[3 Learning Algorithm using Two-Stage Regression for HSE-HQMMs| . . . . . . . 116
‘4 Learning Algorithm using Two-Stage Regression for Pure State HSE-HQMMs| . 123
[5 Sketching the parameter tensor W| . . . . . . . . . .. ... ... ... ... 130
(] Fast ALS using sketches (DECOMPALS)( . . . . . . .. ... ... ... ..... 133
[/ Hybrid Decomposition with ALS and Deflation (DECOMPHYBRID)| . . . . . . . 133

Xvil



April 6, 2019
DRAFT

XVviii



Chapter 1

Introduction

Building models to understand, predict, and control dynamical systems has been a field of study
for many years, resulting in a large and diverse array of distinct models. Each of these models
offers its own unique advantages and disadvantages, and choosing the best model for a given task
is a difficult problem where a variety of tradeoffs must be considered.

Many of these approaches can be categorized as either recursive Bayes Filtering or Recurrent
Neural Networks. Bayes Filters are a probabilistic approach for modelling dynamical systems.
They maintain a belief state corresponding to a probability distribution over future observations,
and update this distribution recursively over time using incoming measurements and Bayes Rule.
In contrast Recurrent Neural Networks are arbitrary functions which take past observations as
inputs and produces predictions about future observations as output.

Bayes Filters possess a strong statistical theory, affording these models a host of useful
properties: We can easily include prior or expert knowledge when constructing our model; There
exist efficient and consistent learning algorithms; and we can use them to gain insight into the
underlying system. Unfortunately due to various issues practical implementations of these models
are often limited to relatively simple functional forms which make unrealistic assumptions about
the underlying distribution.

Recurrent Neural Networks offer complementary advantages; They focus on developing rich,
complex models which can still be efficiently learned from data. To achieve this goal Recurrent
Neural Networks abandon much of the axiomatic statistical theory which makes Bayes Filters so
useful. In particular their lack of statistical theory makes them difficult to analyze, and limits their
learning to simple gradient based methods.

In this thesis we explore the complex web of relationships between Bayes Filters and RNNs.
We leverage the insights to develop novel hybrid models which unify the axiomatic statistical
theory of Bayes Filters with the rich functional forms and practical performance of RNNs.

1.1 Main Contributions

The main contributions of this thesis are:
¢ We unify the various Method-of-Moments learning algorithms for Bayes Filters under a
single learning framework. Specifically, we propose a framework which reduces MoM

1



learning to solving three supervised learning problems using the idea of instrumental-
variable regression. This allows us to directly apply the rich literature on supervised
learning methods to incorporate many types of prior knowledge about problem structure.
We show that this framework subsumes a wide variety of existing spectral algorithms. This
work is split into two parts: In the first we develop these ideas in the context of uncontrolled
systems. In the second we extend our earlier work to the more difficult setting of controlled
systems.

We leverage this framework to develop two new hybrid models which unify the advantages
of Bayes Filters and Recurrent Neural Networks in a single model. Our new models are
Predictive State Recurrent Neural Networks (PSRNNs) and Hilbert Space Embedding of
Hidden Quantum Markov Models (HSE-HQMMs).

PSRNNSs use bilinear functions to combine information from multiple sources. We show
that such bilinear functions arise naturally from state updates in Bayes filters, in which
observations can be viewed as gating belief states. We show that PSRNNs directly generalize
discrete PSRs, and can be learned effectively by combining Backpropagation Through
Time (BPTT) with two-stage regression. We also show that PSRNNs can be factorized
using tensor decomposition, reducing model size and suggesting interesting connections to
existing multiplicative architectures such as LSTMs.

We investigate the link between Quantum Mechanics and HSEs and show that the sum
rule and Bayes rule in Quantum Mechanics are equivalent to the kernel sum rule in HSEs
and a special case of Nadaraya-Watson kernel regression, respectively. We show that these
operations can be kernelized, and use these insights to propose a Hilbert Space Embedding
of Hidden Quantum Markov Models (HSE-HQMM) to model dynamics. We present
experimental results showing that HSE-HQMMs are competitive with state-of-the-art
models like LSTMs and PSRNNs on several datasets, while also providing a nonparametric
method for maintaining a probability distribution over continuous-valued features.

We show how these new ideas can be implemented at scale. We focus on solving two
concrete problems: 1) How to use Tensor Sketching to reduce the cost of two-stage
regression and 2) how to use Orthogonal Random Features to reduce the cost of embedding
distributions in Hilbert spaces.

We present Sketched 2SR, a novel formulation of two-stage regression which uses ten-
sor sketches, combined with tensor power iteration, to efficiently learn PSRNNs from
data. Sketched 2SR requires only O(d) space and O(d?) time, compared with two-stage
regression which requires O(d?) space and O(d?) time.

We show that orthogonal random features can be used in place of conventional random
features to learn smaller, faster PSRNNs. We theoretically analyze the orthogonal version
of two-stage regression, and show that we obtain strictly better empirical risk. In particular,
we show that OPSRNN models can achieve accuracy similar to PSRNNs with an order of
magnitude smaller number of features needed.



1.2 Organisation

The remainder of this thesis is organised as follows:
Part I: Background

e Chapter 2] We present an overview of dynamical systems, how they are modelled, and the
algorithms used for learning said models. This chapter concludes with a discussion on the
pros and cons of the various techniques, and sets the stage for later contributions.

Part II: Unifying Method of Moments Learning

* Chapter 3] We develop a new framework for learning uncontrolled dynamical systems by
reduction to supervised learning. This framework defines a new class of models, called
Predictive State Models, and a new learning algorithm, called Two Stage Regression. This
chapter is based on [55]].

e Chapter 4] We extend the framework developed in chapter [3] to controlled dynamical
systems. This chapter is based on [56]

Part III: Hybrid Models

* Chapter 5| We introduce a new model in the class of predictive state models which called
Predictive State Recurrent Neural Networks (PSRNNs). PSRNNs draw on insights from
both Recurrent Neural Networks and Predictive State Models, and inherit advantages from
both types of models. This chapter is based on [41].

e Chapter [6) We generalize PSRNNSs using ideas from quantum mechanics to obtain a new
model, called Hilbert Space Embeddings of Hidden Quantum Markov Models (HSE-
HQMMs), which describes a rich class of probability distributions over sequences of
continuous observations. This chapter is based on [101]].

Part I'V: Practical Implementations

e Chapter [7| We show how to learn large predictive state models efficiently using ideas from
tensor-sketching. (to be submitted)

 Chapter [§ We show how to further reduce the size of predictive state models using orthog-
onal random features. This chapter is based on [36]]

Part V: Conclusions and Future Work

e Chapter 9| Presents a summary of our conclusions.



April 6, 2019
DRAFT



Part 1

Background



April 6, 2019
DRAFT



Chapter 2

Background

In this chapter we present an overview of the background material on which the work in this
thesis both depends and builds upon. We begin by introducing the notion of dynamical systems,
and how they can be used. We then discuss the various types of dynamical system models, with
particular attention to the distinction between Bayes Filters and Recurrent Neural Networks. We
then discuss the various ways these models can be learned from data, distinguishing between
Generative approachs and Discriminative approaches. Finally we end with a discussion of the pros
and cons of these various techniques and how we might want to extend them. Our hope is that
the reader can take away from this section 1) Dynamical systems are ubiquitous and important,
2) There are a wide variety of techniques for modelling dynamical systems, each with their own
strengths and weaknesses, and 3) Many of these ideas have been developed in isolation, and have
the potential to benefit from being combined.

2.1 Dynamical Systems

Intuitively a dynamical system is any observable quantity which changes over time according
to some fixed rule. Dynamical systems are an incredibly broad class of objects, with examples
as complex and disparate as a pendulum swinging, a car being driven, the stock market, a leaf
blowing in the wind, speech, text, a person running, or even the human brain. We can also
categorize dynamical systems as controlled or uncontrolled, i.e. whether or not our actions can
influence the behavior of the system.

Formally we define a dynamical system in terms of time ¢, (System) states ¢, observations o,
actions a, system dynamics f() and emission dynamics g(). State ¢, is a description or snapshot
of the system at a given point in time ¢. For example the state of a pendulum would consist of its
position and velocity. Observations o, are a function of the state, and correspond to our perception
of the state at time ¢. For example an observation of a pendulum might consist of its position,
or simply a picture of the pendulum at a given point in time. We note that while it is possible
to obtain the position of the pendulum from a single observation (picture), it is not possible to
obtain its velocity. Actions a; correspond to interventions we take at time ¢ which influence the
behavior of the system. These will be discussed in more detail in Chapter 4] for now we will focus
on uncontrolled systems.



(Stochastic)
Transmission function

State at ¢ State at
time t \ / time t+1
f()
S,
(Stochastic)

Emission =™ g()

Function
/

(Noisy)
Observation at
time t

Figure 2.1: Dynamical System

The state evolves over time according to the system dynamics f():

qt+1 = f(CIh ey Qt) = f(Ch:t)

One way to think of f() is as a description of the physical laws governing the system. In the
case of the pendulum if we know the length of the string, the weight and shape of the pendulum,
the materials used, etc., then we can use our knowledge of physics to describe the future state
(position and velocity) as a function of the current state (position and velocity) and the change
in time. In the general case f() is a function of all previous states, however we often restrict
ourselves to the class of Markovian systems, where the f() is a function of only the previous state:

qt+1 = f(Qt)

Many systems of interest are Markovian, and many that are not can be effectively approximated by
Markovian systems. This Markovian property is important as it allows for tractable computation
and modelling, as it allows the size of the state to be fixed rather than growing unboundedly over
time.

The emission dynamics g() define the relationship between the ¢; and o;:

Oy = Q(Qt)

We can think of ¢() as a description of our ability to observe ¢; with a set of measuring devices
(e.g. camera, radar, etc). In some rare cases the system is fully observable, i.e. ¢; = o, however
for the vast majority of interesting systems the system is partially observable

Thus far we have assumed that observations occur at fixed discrete intervals, i.e. time is an
Integer. In reality time can be Integer, Real, or Complex, and can be measured at fixed or varying
intervals. For example a sentence forms a dynamical system with discrete time where each word
corresponds to an observation, while the previous pendulum example clearly exists in the physical
world with continuous time. In a similar vein observations can be categorical, Integer, Real or
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Complex, and can be scalar or vector valued. Different disciplines have traditionally focused on
dynamical systems of a particular type: For example, Physicists study problems with continuous
time and complex vector valued observations (e.g. atomic particles), whereas Linguists study
problems with discrete fixed interval time, and categorical observations (e.g. text). The category
of dynamical system has a major impact on the types of models developed, with different fields
developing models with different strengths and weaknesses.

In practice we often treat continuous dynamical systems as if time was discrete and occurred
at fixed intervals. The reason for this is that our perception of the world is often via measurement
devices which record observations at fixed intervals, e.g. cameras, microphones, sonar, etc. Thus
for all intents and purposes these systems can be viewed as discrete. In this thesis we will focus
on dynamical systems with discrete time at fixed intervals, and real vector valued observations.
Assuming discrete time is common in many domains as even if the system is continuous, the
observations are obtained via a sensor with a discrete fixed sampling rate.

To give some idea of the sheer number and variety of applications which use dynamical system
model we now list a few examples:

e Aircraft Autopilot [31]

¢ Brain-computer interface [[74]
e Object Tracking [37]]

¢ Stock Market Forecasting [54]]
e Satellite navigation [38]]

e Seismology [52]

¢ Speech Recognition [51]

e Weather forecasting [[13]]

e Molecular analysis [93]]

e Cryptography [9]

¢ Handwriting recognition [S1]

e Activity recognition [42]

¢ Protein folding [86l]

2.1.1 Models

Modelling dynamical systems is the problem of finding a mathematical description of the system.
Dynamical Systems are of great interest in just about every scientific discipline, and a great deal
of effort has been spent developing models for them. We model dynamical systems for a variety
of purposes:

¢ Understanding: By developing a good model we can often gain insight or understanding
about a system. This is a common approach in the biological sciences where we wish to
better understand complex subjects such as the human brain.

¢ Prediction: We can use models to make predictions about future states/observations of the
system. Having good estimates for future quantities is of obvious benefit when purchasing
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stocks, making policy decisions, etc.

Control: Good models are important in any controlled system, such as robotics. If we want
our robot to be able to navigate the world, we first need a model for how our low level
actions such as activating a motor will influence our robots state.

Optimize: In disciplines such as chemical engineering we are often trying to build dynam-
ical systems such as chemical pipelines. By obtaining good models of these systems it
allows us to optimize them for the required task without physical trial and error.

Simulation: Good models of dynamical systems allow us to generate fake or imaginary
data via simulation. This is incredibly useful in fields such as game design as it allows
studios to obtain dynamic textures such as fires, hair, etc without expensive hand sculpting.

In this thesis we will focus on modelling dynamical systems for the purpose of Prediction or
Inference, where we predict future observations given a history of previous observations. We note
that it is possible to use the techniques discussed for other tasks, however this is beyond the scope
of this thesis.

Dynamical systems can be extremely difficult to model for a number of reasons:

Transitions/Observations are noisy Many dynamical systems are stochastic, with tran-
sition/behavior which is highly random. This means that it is necessary to extract the
model dynamics from the noise. If care is not taken models can end up learning spurious
correlations and performing poorly.

We do not observe the true state Most dynamical systems of interest are Partially Observable,
in other words it is not possible to observe the state, only the observations. This means we
must determine what state cause the given observations without ever actually seeing it. This
can be difficult given stochasticity, and the fact that different states can result in the same
observations.

We don’t know what the true state looks like, or it may be too large to be useful In many
simple systems we know exactly the information required precisely and compactly describe
the system (position and velocity). However in more complex systems such as text, the
brain, the stock market, we are stuck making educated guesses.

We don’t know the functional form of f() or g() Similarly in simple systems we often know
the exact relationship between one state and the next. In the case of the pendulum the change
in the state depends on the laws of gravity, momentum, harmonic motion etc. However in
more complex systems we once again can only make estimates.

We have to generalize to unseen observations and states We learn dynamical systems by
collecting a data set, use this data to build a model of the system, then apply the learned
model to make predictions about a different data set, or future behavior. The difficulty
is that this data is different to the data we used to learn the system. If we have learned a
good model which accurately represents the state/dynamics of the system this will work
well, however instead we often end up learning models which are fragile, and only work on
previously seen data.

Due to their almost universal interest across so many domains there are a vast array of models
for dynamical systems. Traditionally we model dynamical systems using recursive models.
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These models parallel the functional form of the dynamical systems they model: They define a
state, and update that state recursively over time as they receive new information (in the form of
observations).

Most Recursive models can be categorized as either recursive Bayes Filters (BFs) or Recurrent
Neural Networks (RNNs). These two classes follow fundamentally different design philosophies,
resulting in two very different classes of models. Bayes Filters maintain a probability distribution
over system states, and update this distribution using Bayes rule when they receive new infor-
mation. Conversely RNNs maintain an arbitrary state with no relation to the system state, and
update it using some arbitrary function. For many years, most dynamical systems models were
Bayes Filters, however the last decade has seen the emergence of new RNNs which have quickly
overtaken Bayes Filters in performance and popularity on many tasks. We will now introduce
these two classes in more depth, and compare and contrast their various strengths and weaknesses.

Inference can be separated into filtering and prediction[] Filtering (also known as State
Tracking) is the process of updating the state as we receive new information: i.e. given the current
state ¢; and an observation o, we wish to obtain an updated state ¢, ;. Prediction is the problem
of predicting the value of future observations: i.e. given the current state ¢; we would like to
estimate the probability of future observations 01 1.;1,,. These two problems are intimately linked,
as we often learn to filter by updating our model parameters based on errors in predictions.

2.1.2 State

The notion of State is core the the study of dynamical systems. Unfortunately there are several
different notions of state, all of which are often confusing referred to as simply “the” state of the
system, with the reader left to figure out which kind of state is being discussed from context. In
particular the differences between the notions of Observable State, System State, Belief State,
Latent State, and RNN (arbitrary) state are often poorly defined.

An Observable State is any state which can be observed. In contrast a latent state is any state
which cannot be observed. Observable states are easy to model, as their value can be directly
observed from training data. In contrast latent states are often difficult to learn as their value must
be obtained via inference.

We note that the notion of observability is a function of our sensors. A state may be observable
with one set of sensors, but latent with a different set of sensors. Consider the example of a
pendulum, where the state consists of the position and the velocity. If we use a camera as our only
sensor then the position is observable, while the velocity is not. If we wish to obtain an estimate
of the velocity then it must be inferred from a combination of several positional observations.
However if we augment our sensor suite with a radar gun then we can directly observe the velocity
at a given point in time, rendering the full state observable.

A System State is a state of the underlying dynamical system. It represents a description of
the instantaneous condition of the system at a specific point in time. The state evolves over time
according to the system dynamics described previously:

qev1 = flq, - q) = fqua)

'There are other forms of inference in addition to filtering and prediction, such as smoothing and likelihood
evaluation, but they are outside the scope of this thesis.
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The notion of a system state is useful for reasoning about dynamical systems and their models.
In particular it allows us to encode prior knowledge about the system dynamics or physical laws
governing the system. Unfortunately the system state view often leads to latent states which are
difficult to learn.

A Belief State is a state which corresponds to a probability distribution or belief over future
observations. Formally a belief state is a set of statistics, which, if known at time ¢, are sufficient
to predict all future observations as accurately as if we know the full history. An overly simplistic,
but useful, interpretation of the belief state is as a distribution over system states. A more precise
interpretation is the statistics of a distribution over the latent state of a data generating process,
conditioned on history. A third is as a bottleneck that compresses the entire observation history
for the purpose of future predictions.

an RNN or Arbitrary state is an arbitrary collection of information maintained by an RNN
at each time step and which is used to make predictions about future observations. It does NOT
correspond to a probability distribution, or have any relationship to the underlying system state.
This is in contrast to a belief state which directly corresponds to a probability distribution.

These definitions and distinctions will become clear in the context of the various models and
learning algorithms introduced throughout this chapter.

2.2 Bayes Filters

Bayes Filters (BFs) [88] are a general probabilistic approach for modelling dynamical systems.
They maintain a belief state corresponding to a probability distribution over future observations,
and update this distribution recursively over time using incoming measurements and Bayes Rule.
Another way to think about BFs is that the entire BF is a single large probability distribution
which has been factorized using conditional independence assumptions.

Formally a Bayes Filter maintains a conditional probability distribution or belief over system
states q¢ = Pr(s; | 01.1) where 01, denotes the first ¢ observations. ¢, is called a Belief State and
represents both our knowledge and our uncertainty about the true state of the system.

Filtering with BFs is straightforwards: given the current belief ¢; = ¢;; and a new observation
ot, we use Bayes rule to calculate an updated belief ¢; 1 = g;41):41 that incorporates o, ;. This
can be achieved using Bayes rule as follows:

Grr1 = Pr(si41 | 01:041) 2.1
_ Pr(3t+170t+1 ‘ 01:t) 2.2)
PT(Ot+1 | 01:t) ’
>, Pr(osen | ser)Pr(se | s)Pr(s, | o)
= (2.3)
PT(0t+1 | Olzt)
Pr(o s Pr(s s
_ Zst ( 141 ’ t+1) ( t+1 ‘ t)Qt 2.4)

Pr(0t+1 | Ol:t)

We note that the denominator in Equation 2.4 is rarely computed explicitly, and instead we
normalize the resulting probability distribution to sum to 1. As we shall see shortly in the case of
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an HMM ¢; is represented by a probability vector over latent system states, and the numerator of
Equation [2.4|1s the forwards algorithm. For a linear dynamical system with Gaussian noise, ¢;
consists of the mean and covariance of the system state. The corresponding Bayes filter is known
as a Kalman Filter.

Prediction with BFs involves projecting our belief into the future: given a belief ¢, ; we estimate
Qusklt = Pr(syyx | 01.¢) for some k > 0 (without incorporating any intervening observations). We
achieve this via the sum rule:

Pr(0t+1 | Ol:t) = Z Pr<0t+1 | St+1)Pr($t+1 | St)PI'(St | Ol:t) (25)

StySt+1

Due to their probabilistic grounding, BFs possess a strong statistical theory leading to efficient
learning algorithms. In particular, Method-of-Moments algorithms provide consistent parameter
estimates for a range of BFs [21} 155,163,194, 107]. Unfortunately, current versions of Method-of-
Moments initializations restrict BFs to relatively simple functional forms such as linear-Gaussian
(KFs) or linear-multinomial (HMMs). We will discuss this in more detail in Chapter 3

We now discuss a few of the most common types of BFs in more detail:

2.2.1 Hidden Markov Models

Hidden Markov Models (HMMs) are one of the simplest and most popular examples of Bayes
Filters [[14]. HMMs assume the state is categorical, i.e. discrete and finite, and that the system
dynamics are linear. The observations are often assumed to be categorical as well, although the
model can handle continuous observations with a simple extension.

Belief State at Belief State at

time t \ / time t+1
T —> Distribution over
¢ Observations at time t+1

T E,s (“)t are

stochastic (positive, E —»

sumto 1)

Figure 2.2: Hidden Markov Model (HMM) as a graphical model. Here nodes represent random
variables, while arrows represent conditional independence assumptions.

Formally let there be a finite set of possible states s; € 1, ..., n and a finite set of observations
o; € 1,...,m. We represent the system state (observation) as a one-hot encoded vector of length n
(m). Given this formalism we define a HMM in terms of:
e T': The Transition Model, an n X n stochastic matrix (i.e. non-negative entries, where each
column sums to 1)

e [: The Emission Model, an n x m stochastic matrix
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® ¢o: The initial belief state, an n X 1 stochastic vector
T encodes the conditional probability of transitioning between each possible pair of system states:

Pr(gi11 ‘ @) =Tq Vi

E encodes the conditional probability of observing each possible observation conditioned on each
possible state:
Pr(o; | ¢) = Eqr 'Vt

and ¢ is a stochastic vector which describes the initial belief state. Together 7', F/, and ¢, define a
joint distribution over all possible sequences of observations:

Pr(oy.7) = 1’ (H Tdiag(EoQ) do

This is represented graphically using the language of graphical models in figure[2.2]

HMMs are generative models in the sense that the HMM formulation leads to a simple
algorithm for sampling sequences of observations distributed according to the density defined by
T, E, and qo. We sample s ~ qo, then repeatedly sample o ~ E's and s T's.

Prediction in HMMs is straightforwards: Given state ¢, we apply 7' to obtain ¢;; then apply
emission matrix £ to obtain a distribution over observations:

Pr(oi1 | 8:) = ETq

As a Bayes Filter, we perform filtering in HMMs by invoking Bayes rule. Given state
q: = Pr(s; | 014—1) and observation o, we wish to obtain ¢;,; = Pr(s;;1 | 01.). Using equation
2.4l we have:

Zst Pr(ogy1 | se01)Pr(sen | se)a

_ (2.6)
di+1 Pr(0t+1 | Olzt)
_ Tdiag(Eo;)q; 2.7
17 Tdiag(Eo;)q, |

Filtering in HMMs, and Bayes Filters in general, can be visualized using a neural network
diagram, as shown in figure [2.3] Please note the difference between figure [2.2) and figure 2.3}
figure [2.2]is a graphical model, representing a factorized probability distribution via variables
and conditional independence assumptions. Conversely figure [2.2]is a neural network diagram,
showing the flow of information through a model/algorithm. Neural network diagrams can be
thought of as a visualization of a complex function which takes inputs and produces outputs.

HMMs are typical of the class of Bayes filters: We begin by defining a generative model
corresponding to a factorized probability distribution over sequences of observations, then use
the axioms of probability to derive the corresponding filtering procedure. HMMs serve as a good
example of both the strengths and weaknesses of BFs: On the plus side they are a complete,
axiomatic model which can be used for any number of tasks, are well understood, can be used
to gain insights from data, and can easily be modified to incorporate domain knowledge. The
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Figure 2.3: Filtering (The Forward Algorithm) In an HMM

downside is that we are limited to extremely simple assumptions about the model dynamics
(linear) and the distribution (categorical).

Despite their limitations and restrictive modelling assumptions, HMMs are used for a wide
variety of applications including many of those listed earlier.

2.2.2 Kalman Filters

Kalman Filters are the continuous Gaussian analog of Hidden Markov Models. Specifically
Kalman Filters (KFs) assume the state is continuous, the system dynamics are linear, and random
noise is always Gaussian. This means the state is an arbitrary vector of length n, and observations
are arbitrary vectors of length m. Formally we define a Kalman Filter in terms of a belief state ¢,
the in terms of the following quantities:

e [": The transmission model, an n X n matrix

e [: The emission model, an n X m matrix

e (): The covariance of the transmission noise, an n X n matrix
e R: The covariance of the observation noise, an m X m matrix

® go: The initial belief state, an m x 1 vector
Note that in the Hidden Markov model the Transmission and Emission matrices accounted for
both the dynamics and the noise, whereas in the Kalman Filter we separate these quantities and
explicitly account for the noise. In a Kalman Filter the state transition is:

G+ = Fagr + wy
Where w; ~ N (0, Q). The emission is:

041 = Hop + vy
where v; ~ N(0, R).
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We can generate samples from KFs with the same approach used for HMMs: We begin in
the initial belief state gy, then repeatedly apply the trasmission and emission equations with noise
vectors sampled from the appropriate distributions to obtain a sequence of observations.

Prediction in Kalman Filters is also similar to HMMs, but with one important difference; we
need to explicitly keep track of the “noise” or “uncertainty” associated with our estimated state
¢:- As a reminder our belief state is a probability distribution over system states. In HMMs we
kept track of this distribution explicitly as a vector of probabilities, with one number for each
possible system state - clearly this is not possible in Kalman Filters, where we are working with
continuous observations. Instead we make use of our assumption that the noise in our model is
Gaussian, allowing us to parameterize our belief state in terms of the mean ¢, and the covariance
of our system state F;. We can think of these two quantities together as our new belief state, as
together they describe a distribution over system states.

Given ¢; and P, prediction is straightforwards due to the nice properties of Gaussian distribu-
tions. First we project ¢; and P, forwards in time using the transmission model:

qr1 = Fg (2.8)
Py =FPF"+Q (2.9)

We then obtain a (Gaussian) distribution over observations using the emission model, parameter-
ized in terms of a mean o, and covariance Cy1:

o1 = Hgy (2.10)
Cp1=HPH"+R 2.11)
Filtering in Kalman Filters requires us to use incoming observations to refine our estimate of

both the mean system state ¢; and the noise covariance F;. This is similar to filtering in HMMs - a
simple application of Bayes Rule, however the algebra is significantly more complex:

Yy = o — Hgy (2.12)
S;=R+HPH' (2.13)
K,=PH'"S* (2.14)
(2.15)

Gey1 = @ + Ky (2.16)
P =(I - KH)P(I-KH)' +KRK] (2.17)
(2.18)

For a complete derivation please see [65]].

HMMs and Kalman Filters are by far the two most commonly used Bayes Filters, and were the
workhorses of dynamical system modelling for many years. However they both possess several
signifcant limitations, leading to the development of alternative models.

2.2.3 Observable Operator Models

One of the problems with many BFs, and HMMs in particular, is that they are difficult to learn due
to their reliance on latent variables. When variables are observable they are easy to learn, as we
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can simply compare the estimated values to the observed values, and update our model parameters
to correct discrepancies. We cannot do this with latent variables, so instead we are reduced to
various strategies which involve making educated guesses about the value of latent variables.
Observable Operator Models (OOMs) are an attempt to avoid this problem by constructing a
dynamical system model using observable operators instead of latent states. To understand the

intuition behind this idea, consider the joint distribution over all possible sequences of observations
defined by an HMM:

Pr(oyr) =1" (H Tdiag(Eot)) %

We note that the latent state does not appear in this equation, except through the initial state .
In fact the probability of the given sequence is entirely determined by the collection of terms
Tdiag(Eo;). Furthermore because the observation o; can is finite, there are at most m unique
terms. The idea behind OOMs is to define one observable operator A, for each possible value x
of 0. With this definition the probability of observing a sequence of observations becomes:

Pr(oy.r) = 1" <H Aot> 9o

Observable
Operators Unit Vector Probability of

g:gf\el Belief / l \ \ Seyjence
@ A01 —> ... —> AOT "I

Figure 2.4: Neural Network Diagram of an OOM

Formally an OOM with linear dynamics consists of:

o {Ay, ..., A, }: A collection of m observable operators, one for each possible observation,
each of which is an n X n matrix

® ¢o: The initial belief state, an m X 1 stochastic vector

In order for an OOM to be valid, i.e. to represent a valid probability distribution over sequences,
the following two conditions must hold:

17> A, =1 (2.19)

1T Ay . Ao, qo >=0 Yoi,,n (2.20)

These two conditions can be derived directly from the axioms of probability, see .[64] for more
details.

At first glance OOMs may seem like a simple algebraic reformulation of HMMs, however
the key advantage is a change in perspective: Instead of viewing filtering as a sequence of states,
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we can instead view it as a sequence of operators which generate the next observation from the
previous one. Crucially these operators are observable: The input and output to each operator are
simply pairs of consecutive data points. This in contrast to an HMM, where we have no idea what
the input and output to 7 is for a given training sequence.

An additional advantage of OOMs is that they are a generalization of HMMs. It is clear that
every HMM can be converted into an OOM, however it turns out that there are valid OOMs for
which there is no equivalent HMM. Another way of stating this result is that there are dynamical
systems which can be modelled exactly by an OOM, which cannot be modelled by an HMM.

One downside of OOMs is that they can be much larger than HMMs. An HMM consists of
T =nxn, E=nxm,and g0 = n X 1, hence it contains n(n + m + 1) model parameters.
Using the transformation described earlier, the equivalent OOM would consist of m operators,
each of size n x n, hence it contains n?m -+ n model parameters.

Another downside of OOMs is that they no longer explicitly model the underlying system
dynamics, and hence it is more difficult to gain insight, and or leverage expert knowledge about
the system to develop useful priors.

2.2.4 Predictive State Representations

Predictive State Representations (PSRs) [96] are another Bayes Filter developed in an effort to
avoid explicitly modelling latent states. Where HMMs/KFs explicitly model latent states, and
OOMs model sequences of operators, PSRs take a third approach: They use a predictive state. The
key insight behind PSRs is that we can view dynamical systems as generators of observations, and
therefore the state of the system is equivalent to a probability distribution over future observations.
In the language of PSRs a sequence of future observations is called a test, and our state is defined
to be a probability distribution over tests conditioned on past observations. Now, clearly we can’t
keep track of all possible tests, as such a state would be infinite, however it turns out that it is often
sufficient to keep track of a finite subset of such sequences. This subset, known as the core tests,
is then used to recover the probabilities of other sequences outside the core tests. Such a state is
known as a Predictive State. We make special note of the terms Past and Future observations,
they will occur frequently throughout this thesis.

To formally define a predictive state we begin by selecting our core tests. Let Z = 24, .., 2,
each be a sequence of observations. We define our predictive state at time ¢ to be:

q = Pr(Z | o14)

In other words ¢; is a vector of probabilities, each corresponding to the probability of a particular
test z; occurring in the future given that the history o1, has already occurred in the past. For
example, suppose we are using a dynamical system to model the weather by tracking whether
each day is sunny or rainy (a binary observation). Then our core tests might be “tomorrow will
be sunny” and the next 3 days will be rainy”, and our state would be the probability of each of
these two events occurring, given the previous weather which has already occurred. Here we are
making the assumption that by tracking the probabilities of these two events, we are able to use
them to make predictions about the weather on other days not covered by the core tests (e.g. the
weather in 4 days time).
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Formally we assume that for an arbitrary test z, which may or may not be in the core tests,
that there is some function f,() which recovers the conditional probability of z given the history
from the current state ¢;:

PI"(Z ’ 01;15) = fz(Qt)

f-() can be non-linear, however for ease of exposition we will focus on the linear case where f,()
1S a vector a:
_ T
PI"(Z ‘ 01:t) =a,qt

Given our predictive state, we now need to formalize how to perform filtering (state update)
and prediction. In filtering, given our current state ¢; = p(Z | 01.;) and a new observation 0,1 we
wish to obtain ¢;11 = p(Z | 01441). In other words we want to obtain the conditional probabilities
of the same set of tests after we augment the history with an additional observation. If we consider
a single core test z € Z we obtain:

Grr1 = Pr(z | 01.041) (2.21)
_ Pr(oi12 | 014) 2.22)
PT(0t+1 | 01:t) ’
a;rt zqt
= (2.23)
o114t

Where the last line follows from our assumptions on the core tests. If we collect the vectors a,,,, -
together for all core tests z we obtain the matrix A Using this operator we obtain our state
update:

Ot4+1%2°*

-

_ A0t+12qt

qt+1 = ol
o—i—IQt

We can now formally define the class of PSRs as follows:
® ¢o: The initial predictive belief state, an n x 1 vector of non-negative numbers in the range
[0, 1].
o {Ay, ..., A, }: A collection of m expansion operators, one for each possible observation,
each of which is an n X n matrix

e {ay,...,an}: A collection of m normalizing operators, one for each possible observation,
each of which is an n x 1 matrix
We can view each of the operators A; as an operator which maps a marginal probability distribution
to a joint distribution, and each of the operators a; as an operator which maps a joint distribution
to a conditional distribution.

The key benefit of using a Predictive State is that it is observable: Given a sequence of
observations we can count the number of times each test occurs for each history, allowing us to
learn the value of our predictive state from data.

As a final point we note the equivalence between the update equation for OOMs and for PSRs.
As it turns out the matrices A; correspond to observable operators in an OOM, and from an OOM
one can always obtain a PSR using the observable operators. Therefore OOMs and PSRs are
equivalent classes of models.
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One disadvantage of the naive formulation of PSRs is that the set of core tests, and hence
the size of the state, may both be extremely large. This can be partly solved by working with
Transformed PSRs (TPSRs). The idea TPSRs is to maintain a linear transformation of the state
distribution over core tests, rather than the actual distribution itself. This (often) allows us to
represent the state in a much more compact form.

One facet of PSRs we have been silent on thus far is the question of how we select the set of
core tests in the first place. There are a variety of heuristics used in practice, however a this is
currently an open question.

2.2.5 Hilbert Space Embeddings of Bayes Filters

There are a couple of glaring weaknesses with many of the methods discussed thus far:
¢ They assume the system dynamics are linear.

¢ They assume discrete, low cardinality states/observations.

These assumptions are obviously false for a wide variety of applications, and attempting to
shoehorn such systems into these models can result in poor modelling behavior.

One recently developed technique which helps address these problems is Hilbert Space
Embeddings (HSE) of Distributions. The idea is to embed each probability distribution into a
Reproducing Kernel Hilbert Space (RKHS), and manipulate the probability distributions in that
space using kernel versions of the rules of probability (e.g. kernel Bayes rule). When applied to
Bayes Filters this approach allows us to embed our state (a probability distribution) into an RKHS,
then update our state using Kernel Bayes Rule. The key advantages of using a HSE for modelling
are that:

¢ Linear transformations in the kernel space can correspond to non-linear transformations

in the original space. This means that we can learn a linear model which corresponds to
non-linear system dynamics

¢ They provide us with a straightforwards way to generalize discrete models to continuous
data.

¢ Data may be modeled non-parametrically, i.e. without assumptions about the form of the
distribution and the relationship between variables.

¢ Intermediate density estimation is not required. In other words we only estimate the density
when we wish to obtain an estimate of a particular quantity.
For those familiar with SVMs, HSE of distributions is the Bayes Filter equivalent of Kernel
SVMs, and shares many of the same advantages. We now give a formally overview of HSE of
distributions, and their applications to Bayes Filters.

Formal Definition

Let X denote a random variable with codomain €2 and distribution Pr(.X). Given a kernel k
on ) x 2 an RKHS H is a Hilbert space of functions f : {2 — R equipped with an innter
product (-, -)3 and norm || - || in which the element k(x, -) satisfies the reproducing property:
(f,k(x, )y = f(z) VfeH,Vx e Intuitively k(z, -) is an implicit feature map which we
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denote by ¢(z) from €2 to H so that k(z,2") = (¢(x), p(x'))3 can be viewed as a measure of
similarity between x and z’.
The core concept behind HSE of distributions is the mean map:

ix = Ex[k(X, )] (2.24)
= Ex[¢(X)] (2.25)
= /Q¢(x)dP(:B) (2.26)

We can think of the mean map as the expected value of the feature mapping. Under mild
conditions it encodes a full description of the original distribution as an element of the RKHS. We
can calculate a similar embedding for joint distributions:

Cxy = Exy[o(X) @ ¢(Y)] = () © (y)dP(z,y)

QxQ

and for conditional distributions:
fyle = Eyio[(Y)] (2.27)
= / P(y)dP(y|x) (2.28)
Q

We now have a way to embed each possible probability distribution into our RKHS. Furthermore,
given samples from any such distribution, we can calculate an estimate of the embedding by using
empirical moments. In other words an empirical estimate of an embedding is a weighted sum of
samples in the feature space.

Now that we have obtained a method for embedding distributions into an RKHS we can define
the axiomatic statistical rules which allow us to manipulate these distributions. Specifically we
want to define kernel analogs for Sum Rule, Chain Rule, and Bayes Rule. We begin by noting
that by the equivalence between a tensor and a linear map we can view the joint embedding C'xy
as an uncentered cross-covariance operator Cxy : ‘H — H from which the cross-covariance of
mean-zero functions f, g € H can be computed as:

Covxy (f(X),9(Y)) = Exy[f(X)g(Y)] (2.29)
= <fa CXYg>mathcalH (230)
= (f ®9,Cxy)non (2.31)

Using this operator we can now define our three rules of probability. Kernel sum rule is defined
as:

px =By [Cxyo(Y)] (2.32)
— CxiyEy [¢(Y)] (2.33)
= CX|Y,UY (2.34)
Kernel Chain Rule is defined as:
Cxy = CxyCyy (2.35)
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Table 2.1: Some popular kernels and their Fourier transforms

And Kernel Bayes Rule is defined as:

tyle = Cyx () (2.36)
= Oyx(Cxx) o) (2.37)

Together these three operators allow us to manipulate embedded probability distributions freely in
the RKHS.

Random Features

Kernel methods such as HSE of distributions have traditionally had a glaring weakness - their
lack of scalability. Traditionally kernel methods are implemented via the “kernel trick”, where we
calculate calculate model parameters as a function of the Gram Matrix - a matrix of inner products
between all pairs of data points. Unfortunately such an implementation scales quadratically in
size and computational complexity with the amount of training data.

Fortunately, the development of Random Features provides us with a solution to this problem.
The idea behind random features is that given data points x € R" and kernel k(- -) there exists
a mapping z = f(z) such that (f(z1), f(x2)) = k(z1,x2). The existence of such a function is
guaranteed for positive definite shift-invariant kernels by Bochner’s theorem.

One popular variant is to use Random Fourier Features. Formally given a positive definite shift-
invariant kernel k(z,y) = k(x —y) we can obtain a random Fourier feature map z(X) : R — RP
such that z(z)?2(z) ~ k(z — y). To obtain z we first compute the Fourier transform p of the
kernel k : p(w) = &= [ e k(5)dA. We then draw D i.i.d. samples wy, ...,wp € R? from p
and D i.i.d samples by, ...,bp € R from the uniform distribution on [0, 27]. We can now define
our mapping z:

2
z(x) =1/ E[COS(wle + by, ..., cos(whx + bp]*

Some popular kernels and their Fourier transforms are listed below:

2.3 Recurrent Neural Networks

Recurrent Neural Networks are one answer to the question “What models can we build if we
don’t force our function to be a valid probability distribution?”. We can think of Recurrent Neural
Networks as a function which takes past observations as inputs and produces predictions about
future observations as output. RNNs belong to the class of “Neural Networks”, functions loosely
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inspired by connections models of the brain. These models build complex functions by combining
large numbers of simple operators; Typically alternating linear operators followed by non-linear
activation functions.

Formally an RNN is defined in terms of?:

® (o: the initial state, an n x 1 vector of arbitrary numbers.

e f(): an arbitrary transition function

® ¢(): an arbitrary emission function
f() performs filtering by mapping the current state ¢, and an observation o, to the next state ¢, 1:

qi+1 = f(Qt; Ot)

while ¢g() maps the current state to a prediction about future observations. This prediction
could can take on many forms: It might be a vector encoding a distribution over observations,
the parameters of some distribution (e.g. mean and variance for a Gaussian), the most likely
observation, the top few most likely observations etc. i.e. in the discrete case where we are
predicting a vector encoding a distribution over observations we would have:

p(0t+1 | 01:t) = Q(C]t+1)

At the core of all RNNs is the perceptron: A simple function loosely corresponding to the
connections model of a single neuron. A perceptron maps an input vector x to an output scalar y
using a linear operator w, a scalar bias b, and a nonlinear activation function o():

y=o(w'z+0b)

The particular activation function used varies depending on the application, the larger model, and
also what is trendy at a particular point in time, however common choices include:

e Sigmoid: o(y) =

Cldev
e’ +eY
e Tanh: O'(y) = m
0 f <0
e Relu: o(y) = oy
y fory >0
0 fory<O
® Step: J(y) = {1 fory > 0

2

Gaussian: f(y) = e

ale® —1) forz <0
x forz >0

Exponential Linear: f(«,z) = {

e Soft Plus: f(z) = In(1 + €%)

A wide variety of RNNs have been developed over the years, some of which are extremely
complex, however the vast majority of such networks all use these same basic building blocks.
We now cover three of the most common RNN architectures in more detail.
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2.3.1 Elman Networks

(Arbitrary) U, V. W, and s _are
State at time t it t
\ arbitrary (Arbitrary) State at
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Uh A A @ Observations at time t+1
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Observation h o
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Activation Function

Figure 2.5: Network Diagram for an Elman Network

Elman Networks were among the first RNNs to be developed, and are the simplest non-linear
RNN. Elman networks have the following architecture:

Qi1 = flq, 00) = on(Whoy + Upgy + by) (2.38)
0t11 = 9(q@) = 0o(Usgis1 + o) (2.39)

Which is illustrated in figure [2.5] Due to their simplicity these networks are also known as simple
recurrent networks.

Historically Elman Networks saw limited success and were often ignored in favor of Bayes
Filters, however they set the stage for more sophisticated networks such as Long-Short Term
Memory Units and Gated Recurrent Units which resulted in state of the art performance in a
number of fields.

2.3.2 Long-Short Term Memory Units

Long-Short Term Memory Units (LSTMs) were the innovation that catapulted RNNs to the
forefront of sequence modelling. LSTMs were developed in response to a major problem with
Elman (and related) networks; an inability to learn long term dependencies in sequences.

Long term dependencies are one of the most important aspects of sequence modelling. It is easy
to build a model which can spot short term correlations between closely positioned observations,
however often the most interesting and informative connections are between observations separated
by large distances in the sequences. For example, consider the problem of language modelling;
we might name a character early on in a paragraph, then refer to ‘c‘him” or “her” later on, using
our implicit knowledge of narrative context to disambiguate the character being referenced.

Now we note that it is theoretically possible for elman networks to model long term dependen-
cies, and in fact it can be done in practice with hand constructed networks, however the problem
is that it is difficult to do so when learning these networks from data. RNNs are learned by
initializing their parameters at random, then refining the parameters using Gradient Descent in
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the form of Back-Propagation Through Time. This will be covered in more depth in Section
however the result is that initializing an elman network randomly results in a model which tends to
quickly forget information about previous observations. This in turn results in a lack of gradients
and hence an inability for the gradient descent to learn long term dependencies.

LSTMs are an RNN architecture specifically designed to learn long term dependencies. The
idea is that LSTMs have the notion of long-term memory architectured in as the default behavior
for random initialization. This means that random initializations will result in useful gradients,
allowing us to learn useful models.

An LSTM is defined as follows:

fo = o (Wyo, + Upgs + by) (2.40)
iv = 0;(Wiop + Uiqe + b;) (2.41)
Jt = 0o(Wjor + Upqr + b,) (2.42)
cy1 = froc +ig o oo(Wewy + Uegy + be) (2.43)
Qi1 = Ji © on(Cry1) (2.44)

The intermediate quantities are given special names related to their purpose in the network:
¢ ¢, is known as the cell. ¢, should be viewed as a type of internal memory separate to the
hidden state and responsible for remembering long-term dependencies.

e f,is known as the forget gate. f; controls the degree to which the new value of the cell ¢,
“forgets” the previous value of the cell ¢;.

e 4, is known as the input gate. i; controls the degree to which the current input o; and current
state ¢; influence the new value of the cell ¢; |

e 5, is known as the output gate. j; controls the degree to which the ew value of the cell ¢;
is expressed in the new hidden state ¢; ;.
LSTMs have been wildly successful, and are by far the most commonly used tool for sequence
modelling in modern machine learning applications.

2.3.3 Gated Recurrent Units

LSTMs solved the problem of modelling long dependencies, but they suffer from the problem
of objectionable complexity. This can lead to a variety of problems: for example if one uses an
LSTM to model a dynamical system it is difficult to use the resulting model to gain any insight
into the system. Furthermore if the LSTM fails to learn a good model it is often difficult to
determine why.

Gated Recurrent Units (GRUs) emerged as an alternative to LSTMs which preserve the ability
to learn long-term dependencies, whilst offering a greatly simplified architecture. A GRU is
defined as follows:

2z = 04,(Woot + Usqe + b,,) (2.45)
Ty = O'g(WTOt -+ Uer + br) (246)
hi = (1 —2z) 0oq + 2z 0 on(Whoy + Up (1 0 q¢) + by) (2.47)
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2.4 Generative Learning

Thus far we have spent considering time describing various dynamical system models, but with
almost no mention of how we might actually go about learning such models from data. This is
somewhat negligent of us, as the study of models and their learning algorithms are intimately
connected. In fact much of the development of new Models has been driven by a desire to improve
their learnability. We already got a taste of this with LSTMs, which were developed to solve the
problem of learning long-term dependencies.

Algorithms for learning dynamical system models fall into two main categories: Generative
Approaches and Discriminative Approaches. Generative approaches view the model as a generator
of observations and try to optimize the model parameters to make the model distribution match
the observed distribution. Discriminative approaches directly learn the filter by minimizing the
error resulting from its use in predicting future observations. Generative approaches can be
further partitioned into Frequentist and Bayesian. In this thesis we will focus on frequentist and
discriminative approaches, however for more information about the Bayesian approaches such as
Variational Inference and Sampling please see Foti et al. [45]], Frithwirth-Schnatter [46], Rydén
et al. [89]

Frequentist Generative approaches include Maximum Likelihood and Method of moments,
while discriminative approaches include Back Propagation through time and reduction to super-
vised learning. We now discuss these techniques in more detail.

In the following discussion we assume we have a set of training examples z1, ..., z,, each of
is a sequence of target observations o; 1., together with a model M with parameters 6 which
produces predictions 0.7 via filtering:

Ty = 5i,1;T
= M(ea O'i,l:T)

We begin with a discussion of Generative Approaches to learning. Generative approaches view
the model as a generator of observations and try to optimize the model parameters to make the
model distribution match the observed distribution. Generative approaches are only appropriate
for models which encode valid probability distributions. i.e. Bayes Filters. RNNs must be trained
by discriminative approaches (see Section [2.5)). Generative approaches have many attractive
properties: They result in valid probability distributions, they come with theoretical gaurantees
on the resulting model and the rate of convergence, etc. However they also have have several
weaknesses, such as being highly specialized and limited to models of modest complexity.

2.4.1 Maximum Likelihood

The traditional way of learning a probability distribution is by optimizing the likelihood of the
model given the data. The likelihood of a model is defined as the conditional probability of the
training data given the model:

1(0) = Z Pr(z;; 0)
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where x; denotes the ith training trajectory. We note that in practice we often work with the log
of the likelihood (log-likelihood) in place of the likelihood as the likelihood may be extremely
small, especially for rare events or long sequences. This can result in numerical problems for the
optimizer when using floating point representations. This works because the log is a monotonically
increasing function.

In some extremely simple models this expression can be solved analytically, however in
virtually all interesting cases we are forced to resort to local optimization. The two most widely
used such methods are Gradient Methods and Expectation Maximization. It is worth noting that
local optimizers often perform well in practice, however except in certain extremely specific
situations they have no gaurantees on the final model, as they converge only to a local optima.

2.4.2 Gradient Methods

Gradient Methods are a class of iterative optimization methods for optimizing a function. They
proceed by repeatedly updating the parameters by taking a step in the direction of a function of
gradient. The simplest and most widely used example is gradient descent, also known as steepest
descent, which takes a step in the direction of the gradient:

U+ — gl 4 oz(j)V./\/l(Qi,xi)

Where oY) is known as learning rate or step size and controls the magnitude of the step taken.
We note that there exist a variety of gradient methods other than steepest descent such as ADAM
[66]], Nesterov Acceleration [[80] etc. but they are beyond the scope of this thesis.

Gradient methods are the workhorse of optimization. They have a rich history dating back
centuries all the way to the time of Newton. Modern gradient methods are flexible, sophisticated,
and can can be quickly and easily deployed using a variety of black box solvers. Gradient methods
have three major benefits: 1) They allow a great of flexibility in the loss function

A key problem with using gradient based methods to optimize a generative model is con-
straining the resulting model to be a valid probability distribution. For example suppose we are
attempting to optimize the likelihood of an HMM using gradient descent. Taking a step in the
direction of the gradient may result in either the transmission matrix 7" or the emission matrix
E no longer being stochastic matrices. Indeed it might even result in either matrix containing
negative numbers! Clearly such a model is no longer a valid HMM, nor even a valid probability
distribution.

Performing gradient descent whilst constraining ourselves to the space of valid models is
known as constrained optimization. There are a number of techniques, the simplest of which
is called projected gradient descent and involves projecting back to the space of valid models
after each gradient step. The problem with such techniques is that the projection step may cause
large changes in the behavior of the model, and in fact the model resulting from a gradient step
followed by a projection step may actually be worse than the original model! These problems
tend to limit the practical effectiveness of gradient methods for learning generative models.

We will revisit gradient methods in Section[2.5|when we cover discriminative approaches to
learning. In that setting we no longer require our models to be valid probability distributions,
allowing us to unleash the full potential of these approaches.
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2.4.3 Expectation Maximization

As discussed above, a major problem with using gradient methods to maximize the likelihood is
that it can result in invalid models. Expectation Maximization (EM) is a class of iterative methods
explicitly designed to optimize the likelihood over the space of valid models. This means that
when using EM to learn, for example, an HMM, each step will result in a valid HMM. Expectation
Maximization achieves this by explicitly representing the value of the state during learning. This
is in contrast to gradient descent which ignores the state and treats the entire model as a compound
function which produces some output.

EM consists of two steps for which it is named: An Expectation step E and and a Maximization
step M. In the Expectation step we fix model parameters and find the expected state sequence
which lead to the observations conditioned on the current parameters. In the maximization step
we fix the states and optimize the model parameters conditioned on the current state sequence.
We can think of these two steps as alternately optimizing state/model parameters while fixing the
other.

Formally The F and M steps of EM are defined as follows:

¢ Expectation (E): Compute the expected value of the state b;.; conditioned on the model

parameters and training data. i.e. E{Pr(b..p | o1.7, 6.

e Maximization (M): Find # which maximizes the expected complete log likelihood. i.e.
maxg ]E’Pr(bl:T | o1.17, 9(2) UOg PT(01;T7 bl:T; 9(2))]
We repeat these two steps until the model converges to a solution. There are many variants of the
basic EM algorithm, a few examples include:
¢ stochastic EM [30]: The E step is replaced by sampling of the latent variables

¢ generalized EM [77]: The M step need only improve the value of the expected complete
log likelihood, rather than maximize it.
One additional benefit of EM is that there is no step size parameter ") to tune. In contrast a
major disadvantage of EM is its limited flexibility, as EM lacks the ability to modify the objective
function with (e.g. with regularizers), and lacks access the many sophisticated tools from the
optimization literature.

2.4.4 Method of Moments

Method of Moments (MoM) is another classic technique from statistics for learning the parameters
of a probability distribution. The idea behind MoM is to expression the model parameters as a
function of the moments of the distribution. We can use training data to calculate the empirical
moments, then substitute these values to obtain estimates of the model parameters.

Formally MoM assumes there exists some 6 such that = Pr(z; 6), and the existence of known
functions f(x) and m(#) which satisfy the moment condition:

Eg: pr(x;go)[f(x)] = m(@) — 0= 90 (2.48)

Given samples x1, ..., z,, Pr(z; 6y), method of moments computes the empirical moments:

= > s

3



and then solves equation for 6 which satisfies, i.e.:

m(f) =m

We note that the above assumes that the datapoints are sampled i.i.d. from some underlying
distribution. Clearly this makes little sense in the context of dynamical systems, where data
consists of sequences of dependent observations. Fortunately it turns out we only require the
milder condition that the empirical moments converge to the true analytical moments. Therefore
it is acceptable to replace i.i.d. data trajectories sampled from a stationary process. If the process
is also ergodic, we can compute empirical moments from a single long trajectory. The only
downside of this is that the rate at which the empirical moments converge to the true moments
will now depend on the mixing rate of the underlying stochastic process.

MoM is a particularly attractive learning algorithm because under certain mild assumptions it
guarantees convergence to a globally optimal solution. This is in contrast to techniques such as
gradient descent of the log likelihood and EM which only guarantee a locally optimal solution.
Furthermore the resulting learning algorithm is typically simpler than maximum likelihood,
particularly EM.

While MoM has had some success for a few specific models (HMMs, PSRs), it has seen
little use in practice for two reasons: First, because there is no simple way to take an existing
MoM learner and adapt it to a new model architecture. Instead for each new model we must
painstakingly re-derive the relationship between the model parameters and the moments. Given
how difficult this can be for even simple models, it is little wonder practitioners have shied away
from it. Secondly, because MoM is less Statistically Efficient than alternative approaches such
as EM or Maximum Likelihood. This means that significantly more data is required to obtain a
model with comparable performance.

There are two main approaches to learning dynamical systems models via MoM: Subspace
Identification and Tensor Decomposition. Both subspace identification and tensor decomposition
are sometimes referred to as Spectral Algorithms as both make use of the spectrum or eigenvalues
of a matrix. This is somewhat unfortunate naming, as it obscures the connection to MoM.

2.4.5 Subspace Identification

Subspace Identification is a technique from the signal processing and robotics literature. Subspace
Identification consists of two steps: 1) determining a belief state, and 2) Using MoM to determine
the model parameters in terms of that state.

We usually obtain a belief state by factorizing the cross-covariance matrix between past and
future observations C'pr. We can think of ith, jth entry of Cpp as the ability to predict future
observation j using past observation . We can therefore think of C'pp as encoding the part of
the future which is linearly predictable from the past. By factorizing C'pr we obtain a basis for
this space, in other words a set of vectors which spans the space of all such predictions. There
are several there are many possible factorizations, but popular options include Singular Value
Decomposition (SVD) and Canonical Correlation Analysis (CCA).

Once we have obtained (identified) a state space, we can then use MoM to learn the model
parameters in terms of that state space. This typically results in solving a series of regression
problems.
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2.4.6 Tensor Decomposition Methods

Tensor Decomposition refers to a family of methods which combine MoM with tensor CP-
Decomposition. The key insight behind this line of work is that several important and well-
studied latent variable models — including Gaussian mixture models, HMMs, and Latent Dirichlet
allocation — share a certain structure in their low-order moments, and this permits certain tensor
decomposition approaches to parameter estimation.

Tensors

A n-mode tensor is an n dimensional array of numbers. Tensors are the n dimensional general-
1zation of matrices; a scalar is a 0 mode tensor, vector a 1 mode tensor, and a matrix is a 2 mode
tensor. Formally a real n-mode tensor A is a member of the tensor product of Euclidean spaces

R%, i € [n):
Ae QR
=1

where ® denotes the tensor product.

Tensors can also be viewed as multi-linear maps, mapping tensors in one space to tensors in
another space via the Tensor Contraction operation. Given Tensors A € R4-+4n and B € R¢¢m
tensor contraction over modes = € [1,n] and y € [1, m] where d,, = ¢, is defined as:

dy
[A X(ﬂmy) B]il7---1’51—17iz+1---7in7j11---7jy717jy+17---7jm = § :Aila---yiz—l7zyiz+1---7inle7---7jy717Z1jy+17---7jm
z=1

This can be viewed as the mult-dimensional generalization of matrix multiplication. The extension
to contraction over multiple modes is obvious and straightforwards.

Another commonly used notation for tensor contraction is defined as follows. The contraction
of tensor A with matrices V1, ..., V,, is denoted by A(V4, ..., V}):

AWV, oo, Vp)lis iy = > Ajy g Vil [Vl

J1seeesip€lda,...,dn)

Note that if A is a matrix (p = 2) then we have:
A(Vi, Vo) = VT AV,
We can write matrix-vector multiplication as follows:
A(l,v) = Av e R"
Where I is the n X n identity matrix. As a final example of this notation, observe:

A(eil, ...,eip) =A

i1 yerip

where ey, ..., e, are orthogonal basis vectors.
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A tensor is symmetric if it is invariant under permutations of its indices. i.e. :

A = Aiji..inp

i1 ,eip

for any permutation 7 on [p]. This reduces to the normal definition of symmetry for matrices
when p = 2.

We can also define an inner product between tensors. Given tensors A, B € R% % their
inner products (A, B) is defined as:

(A, B) = > A B
jl,...,jpe[dl,...,dn]

Which induces a norm:

[A]l = V{4, A)
CP Decomposition
XEC—JC, XEC—JC,
A a, b1 Ay bk

Figure 2.6: CP Decomposition

This induces a Frobenius norm [|Al||r := /(A, A). Another key operation is the tensor
product, which is the generalization of the matrix product.

Candecomp/Parafac (CP) decomposition can be viewed as the tensor generalization of the
singular value decomposition. Given a tensor A € R4 we can factorize the tensor as a sum of
rank one tensors, each of which is a tensor product of vectors. For example factorizing a 3 mode
tensor A we obtain the following decomposition:

k
AZZ%@@'@Q

i=1

Where a;, b; and ¢; are vectors for all 2. We note that contrary to the case of matrices, the rank m
of a tensor is presently not well understood, and in fact computing the rank of a tensor, and hence
its minimal CP decomposition, is N P hard.

Tensor Decomposition Methods for Dynamical Systems

They key observation behind tensor methods for learning dynamical system models is that there
are multiple different observations, or views, each of which is correlated with the same latent
states. Models that have this property are called multi-view models. For example consider the

31



Figure 2.7: A variable HMM. Note how all three observations 0;,0,, and 03 depend on state s
and hence provide different views of so

Bayes net for a 3 observation HMM shown in figure We note that all three observations 01,09,
and o3 depend on state s, and hence provide different views of s;. We can think about this in
terms of the conditional independence assumptions enforced in an HMM. The Current observation
is independent of all other observations given the current state, the previous observation is inde-
pendent of all future observations given the current state, and the next observation is independent
of all past observations given the current state. Informally we can think of the state as a bottleneck
which controls our ability to exchange information between past present and future. We know
that learning something about the past, present, or future observations should tell us something
about the other two, and that this information must be passed through the state. Therefore each of
these observations tell us something about the value of the state from a different perspective.

Tensor decomposition methods tell us how to combine the information present in each of these
disparate views to obtain estimates of the model parameters. A good metaphor for multi-view
learning is GPS triangulation to determine position. In this setting a number of different satellites
each provide a weak signal containing some information your position. In isolation none of the
satellites has the ability to determine your location, but by combining the information from a large
number of different satellites, each of which contains slightly different but realted information,
we are able to obtain a good estimate.

Formally let o1, 02 and o3 be three views of a state s, as shown in Figure Assume
sy € {1,...,m}. Define

w; = Pr(sy = j) (2.49)
Hij = E[Ol ‘ Sg = j)\V/Z S {1,2,3},] € 17 ,N (250)

It follows from conditional independence and iterative expectation that:

E[Ol ® 02 ® 03} = Z = 1mwju17j ® /127]' ® /137]' (251)
J

We would like to obtain the expected value of the belief state s;. We note that Equation has
the same form as the CP decomposition, thus the essence of tensor decomposition methods is
to estimate the empirical 3rd moment tensor from data, then decompose it into a sum of rank-1
tensors to obtain an estimate of wy. The model parameters can then be recovered by matching the

results of tensor decomposition to their theoretical values. For more details please see [/]].
We note that earlier it was mentioned that finding the CP-decomposition was NP-Hard in
general, however it turns out that under certain rank conditions [70] the decomposition is unique
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up to a permutation of the rank-1 tensors and a re-scaling of their factors. Furthermore the
scaling ambiguity can be resolved by enforcing the constraint Z;n:l w = 1 as well as additional
constraints on the expectations /i;; depending on the model. To this end there are a number of
recent tensor decomposition methods with theoretical guarantees to perform CP decomposition
such as symmetric tensor power iteration [J5], alternating rank-1 updates [[/]] and simultaneous
diagonalization [69]].

On a final note, we include under the umbrella of of tensor methods previous work which
has the same basic approach but uses the singular value decomposition of matrices instead: e.g.
[6,163]. This work is included in the tensor decomposition framework as a special case.

2.5 Discriminative Learning

Discriminative approaches directly learn a model by minimizing the error resulting from its use
in making predictions. They differ from Generative methods as they do not require the model
correspond to a valid probability distribution. This allows us far greater flexibility in the types of
model architectures.

All discriminative learning begins by defining a loss function. A loss function is a function
[() which takes the targets © = 011 and predictions 6,7 as inputs and produces a single real y
number as output which represents the performance of the model:

y = l(01.701.7)

By convention the loss is large M makes poor predictions, and small if M makes good predictions.
Given a training set consisting of a collection of sequences 1, ..., x,, we define the empirical loss
L associated with parameters 6 to be:

L(6) = sz,;zi)

The goal of discriminative learning is to minimize this expression. We often augment our loss
with an additional term R(6) called a regularizer which is a function of the model parameters, but
not the model output. This term is used to control the complexity of the model by acting as loss
on the complexity of the model. Regularizers are an example of the flexibility of discriminative
learning, as such terms are difficult to work with in the generative setting.

The exact form of the loss function /() and regularizer R() used depend on a wide range of
factors, including the data type, model type, and desired application. In particular the output
of a model might be a probability distribution (parameterized or explicit), a point prediction, a
category (one hot encoded or otherwise) etc. Each of these leads to different types of loss. If we
output a point prediction some common examples of loss include:

e (z — )% squared loss

e | x — T |: absolute loss
These loss functions measure the distance between the target observation and the predicted
observation. If we output a vector of probabilities over discrete observations:
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e > . x;logz;: Cross entropy loss

® max; | z; — &; |: Total variation loss

* |lz — & ,: p-Wasserstein distance
Common regularizers include:

e ||6]|3: ridge regularization

* ||6]|,: lasso regularization
There are a huge variety of other regularizers, many hand crafted for specific applications, however
they are beyond the scope of this thesis.

By specifying a loss function we have now reduced the learning problem to an optimization
problem.

2.5.1 Back Propagation Through Time

By far the most common way to optimize equation [2.5|1s by gradient descent. Gradient descent
in the context of dynamical systems is given a special name: Back Propagation Through Time
(BPTT) [L13]. In order to perform BPTT we first unfold the recursive computation graph to
compute the belief state at each step. We then use backpropagation to compute the gradients via
the following recursion:

0qt+1 Oqt 2.52
@Qt 0z Oqy ift=T ( )

oL 8L8xt+{ OL 41 jfy o T
From chain we obtain:

< Dq; 90 * 95 00

We note that BPTT for RNNs does not encounter the same issues that plagued gradient descent
of the likelihood function when optimization Bayes Filters. Specifically BPTT of RNNs is an
unconstrained optimization, in contrast to gradient descent of the likelihood function, which
was a constrained optimization. This is because any set of parameters constitutes a valid RNN,
wheras when working with Bayes Filters we were forced to optimize over the space of parameters
corresponding to valid probability distributions.

2.6 Discussion

As the previous sections show there are a wide variety of models for dynamical systems, and an
equally diverse set of methods for learning them. It is the (thankless) job of the machine learning
practitioner to intelligently choose a combination of model and learning algorithm given a problem
specification. Unfortunately this job is extremely difficult, even for expert practitioners, due to a
number of factors. First there are the large number of moving parts; besides the model and learning
algorithm we must also decide on the hyperparameters, the loss function, etc. Furthermore the
model and the learning algorithm cannot be chosen independently, and instead must be chosen
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together. For instance if you decide to use an RNN model you must use a discriminative classifier.
This problem is further exacerbated by many of these techniques being developed by different
fields and often using diverse and contradictory terminology/notation in the relevant literature.

But what if we didn’t have to chose? What if we could develop models which combine all
these advantages in a single package. In this thesis we study the idea of developing hybrid models
which unify many of the models covered in the previous section. Specifically we want a model
which:

e Works for a wide range of common data types

¢ Is Generative, i.e. corresponds to a probability distribution over observations
¢ Has a strong statistical theory

¢ Can be initialized via a globally optimal method of moments algorithm

e Can be refined using BPTT

¢ Performs well on a wide range of practical application

e Scales to large problems

¢ Has a simple functional form
In the remainder of this thesis we work towards this goal.
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Chapter 3

Method of Moments Learning for
Uncontrolled Systems

In this chapter we take our first steps towards developing a unified model for dynamical systems.
One desirable property for such a unified model is the ability to perform learning via MoM. MoM
is special, in that it offers something virtually other learning algorithm for dynamical systems can
claim - guaranteed convergence to a globally optimal solution. The key difficulty in developing
a model which supports MoM learning is that the class of such models is not well defined. We
know that certain specific models admit MoM learning, but in each case the learning algorithm
has been hand derived from scratch. If we want to develop a unified model which supports MoM
learning we must first improve our understanding of this class of algorithms, and the model class
they support.

This chapter addresses this problem by developing a novel framework which unifies the many
disparate MoM algorithms. This framework consists of a model class and a learning algorithm.
The model class is Predictive State Models (PSMs), A Bayes filter that utilizes predictive states.
The learning algorithm is two stage-regression (2SR), which reduces MoM to supervised learning.
We focus for now on uncontrolled systems in order to simplify development and presentation of
these ideas. We extend this work to controlled systems in Chapter [4]

We propose a framework which reduces MoM learning to solving three supervised learning
problems using the idea of instrumental-variable regression. This allows us to directly apply the
rich literature on supervised learning methods to incorporate many types of prior knowledge about
problem structure. We show that this framework subsumes a wide variety of existing spectral
algorithms. We refer to the class of the algorithms subsumed by this framework as predictive
belief methods since they rely on representing the system state in terms of predictions of observed
quantities.

The remainder of this chapter is organised as follows: In Section [3.1| we define the class of
Predictive State Model, and in Section [3.2] we introduce the two-stage algorithm. In Section [3.3]
we show that many previous instances of MoM learning are subsumed by our framework. In
Section [3.4] we present a theoretical analysis of two-stage regression. In section [3.5| we present
experimental results demonstrating how this framework can be used to design and learn novel
filters. A discussion of related work can be found in Section conclusions in Section 3.7, and
proofs of key results in Appendix
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Figure 3.1: Illustration of the concepts of Future, Extended Future, and Shifted Future (for a fixed,
finite horizon k)

3.1 Predictive State Models

Our discussion of PSMs hinges on the concepts of Future observations, Past observations, and
Present observations. Imagine that we are performing filtering on an observation sequence. Past
observations are observations which have already occurred, Future observations are observations
which have yet to occur, and the present observation is a new observation which we just obtained,
but has not yet been used to refine our estimate of the state.

Similar to PSRs, Predictive State Models (PSMs) are based on the concept of a predictive
belief state where the state corresponds to a belief over sufficient statistics of features of future
observations. We now define three quantities which will be used to define PSMs: Future features,
Extended Future Features, and Shifted Future Features. Future Features are defined as a function
v of a window of future observations:

Yy = Y(0pt4k)

The extended future features are similar to the future features, but we extend the window to
encompass an additional observation:

&= §(Ot:t+k+1)

The shifted future is just the future features for a window of observations one time step in the
future:

Yy = 1/1(0t+1;t+k+1)

These ideas are illustrated in figure
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Receive Observation
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P(s=1lo,,) P(s=1,0, =10, ) P(s=1,0,,=2l0,) P(s=1,0,,=mlo, ) P(s=1lo,,,)
P(s=2o,,) Extension | P(s=2,0,,=1l0,) | P(s=2,0, =20, Conditioning | P(s=2o,,..)
> >
P(s=nlo,,) P(s=n,om=1|01_l) P(s=n,om=m|ou) P(s=nlo, ,,)

Figure 3.2: Illustration of the Expansion/Conditioning decomposition of the Bayes Filter update
rule.

The key insight behind PSMs is that we can reformulate the Bayes Filter state update (Equation
2.4) in terms of these quantities. Consider Equation

_ Pr(sii1, 0041 | 014)
qt+1 =
Pr(oty1 | 01:4)

We see that the numerator of this expression is exactly the extended future. One way of thinking
about this is we extended the current marginal distribution over states to obtain a joint distribution
over states and observations. The denominator of this expression acts to condition this joint
distribution to obtain a conditional distribution corresponding to the next state. Therefore we can
think of the Bayes Filter state update as consisting of two steps:

¢ Extension where we obtain a joint distribution over states and observations

¢ Conditioning where we condition on the current observation to obtain the updated belief
state
This decomposition is illustrated in figure We define the state g, at time ¢ of a PSM as the
expected value of ¢/, conditioned on past observations:

qt = E[l/}t | Ol:t—l]

W is sufficient if E[1); | 01,1 is a sufficient state representation. Two common choices of ¢ are 1)
an indicator vector, or one-hot vector (for discrete models, e.g. 1-observable HMM [63]) and 2) a
stack of the next n observations (e.g. linear gaussian systems [[108]). It follows immediately that
the state at time ¢ 4 1 corresponds to the shifted future:

qi+1 = E[l/% | 01;t—1]

Unfortunately it is not possible to learn a mapping directly from the future to the shifted future
from training data for reasons which will be made clear in Section[3.2] This is where the notion
of the extended future comes in handy: We use the extended future to define the notion of an
extended state p;:

bt = E[ft | 01:t—1]
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We then define two mappings, one from ¢; to p; and a second from p; to ¢; ;. By doing so we
circumvent the problems associated with learning a mapping directly from ¢, to g;,;. Formally a
PSM is defined as follows:
Definition 1. A dynamical system is said to conform to a predictive state model (PSM) if it
satisfies the following properties for some future features i and extended future features £:

e For each time t there exists a predictive belief state g, = B[, | 014_1] which constitutes a

sufficient state representation
e For each time t there exists an extended state p, = E[&; | 01.4_1]
o There exists a filtering function fg., such that, for each time t:

qt+1 = fﬁlter(pta Ot)

firer is typically non-linear, but is known in advance.
® There exists a linear map Wygen such that, for each time t:

bt = Wsystem‘]t (31)

This definition implies that the recursive state update for PSMs is:

qi+1 = fﬁlter(WsystemQta Ot)

This filter is a Bayes Filter that follow sthe two-step update described in Section[3.2]
¢ State Expansion: p; = Wysem:

e Conditioning: ¢;11 = fier(t, 0¢)
In other words, a predictive state model is a Bayes filter with a predictive state representation,
and a linear state expansion. Note that we need only learn the expansion operator Wygem and
the initial state go. The linearity of Wy .m and the prespecified relation between ¢, and future
observations are what we exploit to develop a tractable learning algorithm, which we describe in
the next section.

3.2 Two-Stage Regression

The main idea behind Two-Stage Regression is that it suffices for the purpose of prediction to
learn the mapping W from ¢; to p; (as well as the initial distribution of ¢;—;). Unfortunately, we
do not observe ¢; or p; but noisy versions thereof, namely ), and &;. Moreover, due to the overlap
between observation windows, the noise terms on v, and &; are correlated. This noise correlation
means that "naive” linear regression (using samples of ¢/, and &; in place of ¢; and p;) will give a
biased estimate of 1.

To counteract this bias, we employ instrumental regression [|84} [103]]. Instrumental regression
uses instrumental variables that are correlated with the input ¢, but not with the noise €., . This
property provides a criterion to denoise the inputs and outputs of the original regression problem:
we remove that part of the input/output that is not correlated with the instrumental variables.
Since past observations o;1.;_; do not overlap with future or extended future windows, they are
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not correlated with the noise €;.;1,1. Therefore, we can use history features hy = h(o1.4—1) as
instrumental variables.

The key idea behind instrumental regression is that if two random variables are related by a
linear map W, their conditional expectations are related by the same linear map 1. By taking
conditional expectation w.r.t instrumental variables, we can eliminate the noise while preserving
the linear map that we are attempting to estimate.

In more detail, by taking the expectation of (3.1]) over h; we obtain an instrument-based
moment condition (for all ¢)

E[pt | ht] = ]E[th | ht]
E[E[ft | 01:t—1] ‘ ht] WE[EWt ’ 01:t71] ’ ht]
]E[ft | ht] = WEWt | ht} (3.2)

Assuming that there are enough independent dimensions in h; that are correlated with ¢, we
maintain the rank of the moment condition when moving from (3.1) to (3.2), and we can recover
W by least squares regression if we can compute E[¢; | h;] and E[¢; | h,] for sufficiently many
examples ¢.

So, we first use regression models to estimate E[¢), | hy| and E[¢, | hy], effectively denoising
the training examples and then use these estimates to compute W be finding the least squares
solution to (3.2), which can be thought of as performing linear regression on denoised training
data.

In summary, learning and inference of a dynamical system through instrumental regression
can be described as follows:

e Model Specification: Pick features of history h; = h(01.,—1), future ¢, = ¥ (0441 —1) and

extended future & = &(04.41x). 1y must be a sufficient statistic for P(0p.41 51 | 01:4-1)- &
must satisfy

* E[this1 | 01:0-1] = foredict (E[&: | 01:4-1]) for a known function fyredict-
- E[thrl ‘ Ol:t] = fﬁlter(E[St | Ol:tfl]a Ot) for a known function fﬁlter~

* S1A (Stage 1A) Regression: Learn a (possibly non-linear) regression model to estimate
¥y = E[t; | hy). The training data for this model are (h;, ;) across time steps ¢[1]

* S1B Regression: Learn a (possibly non-linear) regression model to estimate &, = E[¢; | hy].
The training data for this model are (h;, ;) across time steps t.

* S2 Regression: Use the feature expectations estimated in the previous two steps to train a
model to predict §; = W1, where W is a linear operator. The training data for this model
are estimates of (¢, §;) across time steps ¢ obtained from S1 steps.

e Initial State Estimation: Estimate an initial state ¢; = E[¢1] by averaging 1), across
several example realizations of our time series

!Our bounds assume that the training time steps ¢ are sufficiently spaced for the underlying process to mix, but in
practice, the error will only get smaller if we consider all time steps t.

2This is the only step that needs multiple realizations of our time series. If only a single long realization is
available, we need additional assumptions to be able to estimate an initial state; for example, if we assume stationarity,
we can set the initial state to be the empirical average vector of future features, % ZZ;I Uy
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Figure 3.3: Learning and applying a dynamical system using instrumental regression. S1 regres-
sion is trained to provide data to train S2 regression. At test time, starting from an initial belief
state qp, we alternate between S2 regression and filtering/prediction

¢ Inference: Starting from the initial state ¢;, we can maintain the predictive belief ¢, =
E[¢y | 01.4-1] through filtering: given ¢, we compute p; = E[&; | 01.4-1] = W¢. Then,
given the observation o;, we can compute ¢, 11 = faier(Pt, 0¢). Or, in the absence of o, we
can predict the next state q;1;—1 = fpredict (p¢). Finally, by definition, the predictive belief
q is sufficient to predict P(0p.41x—1 : 01:4-1)-
The process of learning and inference is depicted in Figure [3.3] Modeling assumptions are
reflected in the choice of the statistics 1), £ and h as well as the regression models in stages STA
and S1B. Table 3.1 demonstrates that we can recover existing spectral algorithms for dynamical
systems learning using linear S1 regression. The two stage framework not only provides a unifying
view of some of the successful dynamical systems learning algorithms but also paves the way for
extending them in a theoretically justified manner, as we demonstrate in the experiments.

3.3 Connections with prior work

In this section we provide examples of mapping some of the successful dynamical system learning
algorithms to our framework.

3.31 HMM

In this section we show that we can use instrumental regression framework to reproduce the
spectral learning algorithm for learning HMM [60]. We consider 1-observable models but the
argument applies to k-observable models. In this case we use ¢y = ¢,, and § = ¢,,,,, =
€0, Pk €o,.,> Where ®;, denotes the kronecker product. Let F;; = Ele,, ® eoj] be the joint

probability table of observations ¢ and j and let }5” be its estimate from the data. We start with
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Model/Algorithm | future features )¢ extended future fea- | fhiter
tures &t
Spectral Algo- | U Teot where e,, is an indicator UTeot 11 ®eo, Estimate a state normalize from

rithm for HMM
[60]

vector and U spans the range of ¢
(typically composed of top m left
singular vectors of the joint proba-
bility table P (o2, 01))

S1A output states.

SSID for Kalman
filters (time de-
pendent gain)

x¢ and ¢ @ x¢, where ¢y =
UTot:H_k_l for a matrix that U
spans the range of g: (typically
composed of top m left singular
vectors of the covariance matrix
Cov(0s:4k—1,0t—k:t—1))

yt and Y ® y¢, where
y¢ is formed by stack-
ing UTot+1:t+k and
ot.

pe specifies a Gaussian distribution
where conditioning on oy is straight-
forward.

SSID for stable

UTOt;tJrk,l (U obtained as

ot and U T 044 1:64k

Estimate steady-state covariance by

HSE-PSR [27]

ks(ot:t+k—1,.) for a charac-

teristic kernel kg

and 141 ® ko(ot, )

Kalman above) solving Riccati equation [106]. p¢

(constant gain) together with the steady-state co-
variance specify a Gaussian distri-
bution where conditioning on oy is
straightforward.

Uncontrolled Evaluation functional | ko(ot,.) ® ko(ot,.) | Kernel Bayes rule [47]

Table 3.1: Examples of existing spectral algorithms reformulated as two-stage instrument regres-
sion with linear S1 regression. Here o;,.., is a vector formed by stacking observations o;, through
o, and ® denotes the outer product. Details and derivations can be found in the supplementary

material.

the (very restrictive) case where P, , is invertible. Given samples of hy = e,,, Y2 = €,, and
§2 = €0,.4, 10 S1 regression we apply linear regression to learn two matrices W5 ; and Wy.3 1 such

that:

~

A

DA

02:301 “oq

where Py.51 = Ele,,., @ €]
In S2 regression, we learn the matrix W that gives the least squares solution to the system of

equations

E[%Wz] = 202012;11]12 = P2,1P1Tllht = W2,1h2
= S hy = ]52;3,1]517,11]12 = I/1/2:3,1]127

E[§2|h2] = Wgzg,leol = W(Wzleol) = Wﬁ[wgmz] , for given samples of A,

which gives

-1
_ (D H—1PpT b p-1pT
= (P2:3,1P171 P2,1) <P2,1P1,1 P2,1>

~ ~ -1
=%m(%ﬁ

Having learned the matrix W, we can estimate

P,

= WQt
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starting from a state ¢;. Since p; specifies a joint distribution over ¢, , and e,, we can easily
condition on (or marginalize o;) to obtain ¢; ;. We will show that this is equivalent to learning
and applying observable operators as in [60]]:

For a given value x of 0y, define

A N N —1
B, =] W = u] Py, (P2T1> , (3.6)

where u, is an |O| x |O|? matrix which selects a block of rows in Py corresponding to 0, = .
Specifically, u, = 0, ® 1|0

qi+1 = E[60t+1 |011t] X u:l);fE[eOt:tJrl |011t—1}

TH TR
= Uy, E[&]01:4-1] = u,, WE[Yy|014-1] = Bo,qu
with a normalization constant given by

1

—_ 3.7
1TBtht ( )

Now we move to a more realistic setting, where we have rank (P ;) = m < |O|. Therefore
we project the predictive state using a matrix U that preserves the dynamics, by requiring that
U'O (i.e. U is an independent set of columns spanning the range of the HMM observation matrix
0).

It can be shown [60] that R(O) = R(Ps,1) = R(P,1 P ). Therefore, we can use the leading
m left singular vectors of WZI , which corresponds to replacing the linear regression in S1A

with a reduced rank regression. However, for the sake of our discussion we will use the singular
vectors of ;. In more detail, let [U, S, V] be the rank-m SVD decomposition of P ;. We
use 1y = U'e,, and & = e, @) U'e,,,,. S1 weights are then given by Wy} = U Ws; and
ngl = ({jo| ®x UT)Wa.s, and S2 weights are given by
. . . . A . -1
W' = (Iio] @k UT)Was 1 Ele, e, W5 U (UTWZﬂE[eOle;]W; 1U>
A . —1
= (o @ UT) P P VS (SVTPLVS)
PN . -1
= (Iioy ®k UT) Pos 1 PV (VTP;jV) 51 (3.8)

In the limit of infinite data, V' spans range(O) = rowspace(Pa31) and hence Pz, =
P31 VV'T. Substituting in (3.8)) gives

W' = (Iio; @ UT ) Pag 1 VS~ = (Ijo) @4 UT) Pasgy (UT Pyy) "

Similar to the full-rank case we define, for each observation x an m x |O]? selector matrix
U, = 0, Qy I, and an observation operator

By =ulW" = U Py, (UTPyy)" (3.9)

3Following the notation used in [60], UIP2:3,1 = ]53,%1
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This is exactly the observation operator obtained in [60]. However, instead of using they use
with P; ;1 and P, ; replaced by their empirical estimates.

Note that for a state bt = E[Q/Jt|01;t_1], met = P<0t‘01:t—1)E[¢t+1|01:t] = P(Ot|01;t_1)bt+1.
To get b;1, the normalization constant becomes P(Ot‘;l:t—l) = 5T ézbt , where b/ b = 1 for any
valid predictive state b. To estimate b., we solve the aforementioned condition for states estimated

from all possible values of history features h,. This gives,

b W3 Tiop = b,UT Py P o) = 11y,
where the columns of || represent all possible values of h;. This in turn gives
bl = 1o PLa(U" Poy)*
- plT(UTPZI)-l-’

the same estimator proposed in [60]].

3.3.2 Stationary Kalman Filter
A Kalman filter is given by

s =081 + 1y
o =Ts; + ¢

vy ~ N(0,%)
et ~ N(0,%,)

We consider the case of a stationary filter where 33, = E[s;s, ] is independent of ¢. We choose our
statistics

hi = 0t i1
@/)t = Ot:t+F-1

ét = Ot:t+F,

Where a window of observations is represented by stacking individual observations into a
single vector. It can be shown [19,|106]] that

E[St|ht] = 257}12}:’}Lht
and it follows that

Efhe|h:] = Fzs,hz}:}Lht = Wil
E[& ] = F-"—Es,hz]zzht = Wah,
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where [ is the extended observation operator

@) @)
orT orT
F = . ,F+ = .
oT" OTF+1

It follows that ' and H must be large enough to have rank(W) = n. Let U € R™"™" be
the matrix of left singular values of ¥/, corresponding to non-zero singular values. Then U ' T is
invertible and we can write

Elyi|h] = UUTTE, 15, 1 he = Wihy

E[&|he] = T4 Xs 525 e = Wahy

El&|h] =T (U'T)'UT (UUTS, 155,
= WE[t)| ]

which matches the instrumental regression framework. For the steady-state case (constant Kalman
gain), one can estimate Y given the data and the parameter I by solving Riccati equation as
described in [106]. E[¢;|01.+—1] and X, then specify a joint Gaussian distribution over the next
F' + 1 observations where marginalization and conditioning can be easily performed.

We can also assume a Kalman filter that is not in the steady state (i.e. the Kalman gain is
not constant). In this case we need to maintain sufficient statistics for a predictive Gaussian
distribution (i.e. mean and covariance). Let vec denote the vectorization operation, which stacks
the columns of a matrix into a single vector. We can stack h; and vec(h:h, ) to into a single vector
that we refer to as 1st+2nd moments vector. We do the same for future and extended future. We
can, in principle, perform linear regression on these 1st+2nd moment vectors but that requires an
unnecessarily large number of parameters. Instead, we can learn an S1A regression function of
the form

E[tpi|hi] = Wiy (3.10)
E[vub/ |hy] = Wihsh] Wi + R (3.11)
(3.12)

Where R is simply the covariance of the residuals of the 1st moment regression (i.e. covariance of
ry = 1y — K[| hy]). This is still a linear model in terms of 1st+2nd moment vectors and hence
we can do the same for S1B and S2 regression models. This way, the extended belief vector p;
(the expectation of 1st+2nd moments of extended future) fully specifies a joint distribution over
the next /' 4 1 observations.

3.3.3 HSE-PSR

We define a class of non-parametric two-stage instrumental regression models. By using con-
ditional mean embedding [99] as S1 regression model, we recover a single-action variant of
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HSE-PSR [27]. Let X', ), Z denote three reproducing kernel Hilbert spaces with reproducing
kernels kv, ky and kz respectively. Assume ¢ € X and that {; € ) is defined as the tuple
(0; @04, 1141 R0;). Let @ € YQRY, E € YRORY and H € Z ® RY be operators that represent
training data. Specifically, 1, &, h, are the s "columns” in ¥ and = and H respectively. It is
possible to implement S1 using a non-parametric regression method that takes the form of a linear
smoother. In such case the training data for S2 regression take the form

wt | ht Zﬁﬂhtws

515 | ht Z%\htfs,

where [, and 7, depend on h;. This produces the following training operators for S2 regression:

B
L,

[ e
I
L3

[1l

where By, = ), and Iy, = ~y,),,. With this data, S2 regression uses a Gram matrix formulation
to estimate the operator

W =

[I]

I'(B'GyxB+ My) 'B'¥* (3.13)

Note that we can use an arbitrary method to estimate B. Using conditional mean maps, the
weight matrix B is computed using kernel ridge regression

B=(Gzz+My)"'Gzz (3.14)

HSE-PSR learning is similar to this setting, with 1/, being a conditional expectation operator
of test observations given test actions. For this reason, kernel ridge regression is replaced by
application of kernel Bayes rule [47].

For each ¢, S1 regression will produce a denoised prediction E[é} | h¢] as a linear combination
of training feature maps

N
El& | h) = By Z 0t

This corresponds to the covariance operators
Zlﬁt-&-wt\ht = Z O-/t,s'é/}s—&-l K 0, = ‘I"diag(at)O*

Otot\ht Z Q1,505 ® 0, = Odiag(ay)O*
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Where, ¥’ is the shifted future training operator satisfying ¥'e; = 1);,; Given these two covari-
ance operators, we can use kernel Bayes rule [47] to condition on o; which gives

qt+1 = E[wt-&-l ’ ht] = iwt+10t|ht(iot0t‘ht + /\I>710t‘ (315)

Replacing o, in (3.15)) with its conditional expectation Ziv:l as05 corresponds to marginalizing
over o; (i.e. prediction). A stable Gram matrix formulation for (3.15)) is given by [47]

dt+1
= Wdiag(a;)Go o((diag(a;)Go.o)* + ANIT) ™
-diag(at)O*Ot—i-l
— Wy, (3.16)

which is the state update equation in HSE-PSR. Given &, 1 we perform S2 regression to estimate
Py = E[ftﬂ | 01:t+1] = Bapy = W‘I’/@tﬂ,

where W is defined in (3.13).

3.4 Theoretical Analysis

In this section we present a consistency and a convergence rate bound for two-stage instrumental
regression, under the assumption that S1 predictions converge to the true conditional expectations
at an appropriate rate, regardless of the functional form of the S1 regressors. We assume that S2
regression is accomplished by ordinary least squares or ridge regression. However, we believe
similar results can be obtained for other forms of linear regression (e.g. lasso).

We assume we are given i.i.d. triplets (z, v, 2;), where x; € X = R%* 4, € Y = R% and
2, € Z = R®* denote input, output and instrumental variables respectively. The ridge regression
estimate of the operator W is given by.
T T -1
Wy = (Zyt ®@t> <Z Ty @ 2y + )\IX> (3.17)

t=1
where ® denotes tensor product and A > 0 is a regularization parameter that ensures the invert-
ibility of the estimated covariance.

Let 7, and y; denote E[x;|2;] and E[y;|z]. Also let z; and g, denote E[mt\zt] and I@l[yt\zt], as
estimated by the S1A and S1B regression steps. We assume that z7;, 2, € X and 4, 3y, € V. Let

Yz € X ® X and Mgy € Y ® Y denote the (uncentered) covariance operators of the distributions
of Z and ¥y respectively: that is,

Before we state our main theorem we need to quantify the quality of S1 regressions in a way that
is independent of the S1 functional form.
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Definition 2 (S1 Regression Bound). For a given 6 > 0 and N € N, we define the S1 regression
bound ns y > 0 to be a number satisfying the condition that, with probability at least (1 — §/2),
the following holds forall 1 <t < N:

|Ze — Zel|x < ns.v

9e — elly < ms.n

our results show that the two stage estimator is consistent as long as, for each fixed 9,
limpy o0 5,8 = 0,
Theorem 3. Assume that ||Z||x, ||Z||y < ¢ < oo almost surely. Assume W' is a Hilbert-Schmidt
operator, let Wy be as defined in (3.17), and let R(Xzz) denote the closure of the range of Yzz.
Then the following statement holds with probability at least 1 — § for each Tiesy € R(Xzz) S.1.
HQ?testHX <L VSN = ||W>\1'test - Wxtest”y =

1 + lOg(l/é)
+

oo [ oL p) ot

error from regularization

W

-
error from finite samples

——
error in S1 regression

Theorem [3] gives a generic error bound on S2 regression in terms of S1 regression. We defer
the proof and finite sample analysis to the supplementary material. It can be shown that if X’ and
Y are finite dimensional, >.;; spans X'. If we use least squares to estimate W (i.e. A = 0), then
the last terms will vanish, and A in the first two terms will be replaced by the minimum eigenvalue
of ¥z;. It is worth noting that Theorem [3|holds for the case where =, y and z are in generel RKHS
and W is a linear operator. In the supplementary material we provide concrete examples of S1
regression bounds 75y for practical regression models.

To apply Theorem [3|to dynamical systems, we note that the estimated state ¢; which is used

as the test input x,.,; may have a non-zero component in R+ (Xzz), the orthogonal complement of
R(Xzz). The following lemma states that, in a stable system, this component gets smaller as S1
regression performs better.
Lemma 4. For a test sequence o1.7, let Qt denote the estimated state given 01.,_1. Let Qt denote
the projection of Qt onto R(Xzz). Assume that fger is L-Lipchitz continuous on P, and that
fotter (Pr, 01) € R(Ezz) for any P, € R(Xy;). Given the assumptions in theoremand assuming
that ||Qt||){ < Rjforall1l <t <T, the following holds for all 1 <t < T with probability at least
1—46/2.

el = 10— Gullx = O (”Tj)

Since W, is bounded. The prediction error due to adding ¢, to the input diminishes at the
same rate of ||e;|| v.
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Current Observation Current State Next State

Incorrect
Answer

Figure 3.4: Transitions and observation emissions of the BKT model. (Each node represents a
possible value of the state/observation). Solid arrows represent transitions while dashed arrows
represent emissions.

3.5 Experiments

3.5.1 Learning A Knowledge Tracing Model

In this section we demonstrate that we can learn a hidden Markov model using the two stage
regression framework. In addition we show that we can use non-linear S1 regression models
to reduce the number of parameters we need to learn, resulting in better empirical prediction
accuracy compared to linear models while still maintaining consistency.

In this experiment we attempt to model and predict the performance of students learning
from an interactive computer-based tutor. We use the Bayesian knowledge tracing (BKT) model
[39]], which is essentially a 2-state HMM: the state s; represents whether a student has learned a
knowledge component (KC), and the observation o, represents the success/failure of solving the
t'" question in a sequence of questions that cover the said KC. Figure 3.4/ summarizes transitions
and emissions in that model. The events denoted by guessing, slipping, learning and forgetting
typically have relatively low probabilities.

Data Description

We evaluate the model using “Geometry Area (1996-97)” data available from DataShop[68].
This data was generated by students learning introductory geometry, and contains attempts by 59
students in 12 knowledge components. As is typical for BKT, we consider a student’s attempt at a
question to be correct iff the student entered the correct answer on the first try, without requesting
any hints from the help system. Each training sequence consists of a sequence of first attempts
for a student/KC pair. We discard sequences of length less than 5, resulting in a total of 325
sequences.
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Models and Evaluation

Under the (reasonable) assumption that the two states have distinct observation probabilities, this
model is 1-observable. Hence we define the predictive state to be the expected next observation,
which results in the following statistics: ¢y = o; and & = 0; ®p 0441,

where o, is represented by a 2 dimensional indicator vector and ®;, denotes the Kronecker
product. Given these statistics, p, = E[{;|01.;_1] is a joint probability table of 0., from which
conditioning on o; (filtering) and marginalizing over o; (prediction) are simple operations. It
remains to choose the history features h; and the S1 regression model. In the supplementary
material, we show that if use A; = o0;_; and linear regression as S1 regression model, the
resulting algorithm is equivalent to spectral HMM method of [60]. We use this model (denoted by
“Spec-HMM?”) as a baseline.

Our second baseline (denoted by “Feat-HMM”) is feature-based spectral HMM [95]]. This can
be thought of as using linear S1 regression with arbitrary history features. We consider a window
of previous observations of length b > 1 and represent h; as an indicator vector of dimension 2°.
This is to ensure the linearity of the optimal of o; from h;.

We compare these baselines to a model that exploits our insights on predictive belief methods
(“LR-HMM”). This model represents the previous b observations with a vector of length b and
uses logistic regression as S1 regression. This effectively reduces the number of parameters we
need to learn from O(2°) to O(b).

We evaluated the aforementioned models using 1000 random splits of the 325 sequences
into 200 training and 125 testing. For each testing observation o, we compute the absolute error
between actual and expected value (i.e. |0,,—1 — P(0o; = 1]01,4_1)|). We report the mean absolute
error for each split. The results are displayed in figure We see that, while incorporating
more history information increases accuracy (model 2 vs. model 1), being able to incorporate the
same information using a more compact model gives an additional gain in accuracy (model 3 vs
model 2). We also compared our predictive belief method (model 3) to an HMM trained using
expectation maximization (EM). We found that the predictive belief model is much faster to train
than EM while being on par with it in terms of accuracy.

3.5.2 Modeling Independent Subsystems Using Lasso Regression

Spectral algorithms for kalman filters typically use the left singular vectors of the covariance
between history and future features as a basis for the state space. In this experiment, we show that
we can use Lasso as S1 regression algorithm. This is useful when the system consists of multiple
independent subsystems each of which affects a subset of observation coordinates.

To test this idea we generate a sequence of 30-dimensional observations from a Kalman filter.
Observations 1 through 10 and 11 through 20 are generated from two independent subsystems
of state dimension 5. Observations 21-30 are generated from white noise. Each subsystem was
generated by a transition and observation matrices with random Gaussian coordinates and scaling
the transition matrix to have a maximum eigenvalue of 0.95. States and observations are perturbed
by Gaussian noise with diagonal covariance matrix of value equal to 0.01 and 1.0 respectively.

We estimate the state space basis using 1000 examples (assuming 1-observability) and compare
the singular vectors of the past to future regression matrix to those obtained from the Lasso
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Figure 3.5: Experimental results: each graph depicts the performance of two models (measured
by mean absolute error) on 1000 train/test splits. The black line represents the x = y lines. More
points below the line indicates that model y is better than model x. The table depicts training time
of each model relative to model 1 (spectral HMM).

regression matrix. The result is shown in figure 3.6 Clearly, using Lasso as stage 1 regression
results in a basis that better matches the structure of the underlying system.

3.6 Related Work

This work extends predictive state learning algorithms for dynamical systems, which include
spectral algorithms for Kalman filters [[19], Hidden Markov Models [60, 93], Predictive State
Representations (PSRs) [22, 24]] and Weighted Automata[12]. One important advancement to
these algorithms is introducing kernel variants such as [98] and [27]. These methods allow for
modeling non-linear dynamics by transforming observations and predictive beliefs into higher
dimensional spaces where linear ridge regression is performed. However, by allowing regression
forms other than ridge regression, we can incorporate prior knowledge to learn compact or
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Figure 3.6: Left singular vectors of (left) true linear predictor from o;_; to o; (i.e. OTOV),
(middle) covariance matrix between o, and o, _; and (right) S1 Sparse regression weights. Each
column corresponds to a singular vector (only absolute values are depicted). Singular vectors are
ordered by their mean coordinate, interpreting absolute values as a probability distribution over
coordinates.

regularized models, which is not directly offered by kernel extensions, as we demonstrate in
experiments.

One common aspect of predictive state learning algorithms is that they exploit the covariance
structure between future and past observation sequences to obtain an unbiased observable state
representation. Boots and Gordon [23]] note the connection between the HSE-HMM and instru-
mental variables. We use this connection to build a general framework for dynamical system
learning where the state-space can be identified using arbitrary supervised learning methods.

Reducing dynamical systems learning to supervised learning dates back to auto-regressive
models [82], where the state of the system is assumed to be fully determined by the previous &
observations. Our aim is to use supervised learning methods to learn latent state models from
observation sequences. This bears similarity to Langford et al.’s sufficient posterior representation
(SPR) [71], which encodes the state by the sufficient statistics of the conditional distribution of
the next observation and represents system dynamics by three vector-valued functions that are
estimated using supervised learning approaches. While SPR allows all of these functions to be
non-linear, there are some advantages that distinguish our work. First, while SPR is limited to
1-step observable systems, our framework can seamlessly handle k-step observable systems by
choosing a large enough (or even unbounded) window size. Secondly, SPR involves a rather
complicated training procedure, involving multiple iterations of model refinement and model
averaging, whereas our framework only requires solving three regression problems in sequence.
Finally, the theoretical analysis of [71] only establishes the consistency of SPR learning assuming
that all regression steps are solved perfectly. Our work, on the other hand, establishes convergence
rates based on the performance of S1 regression.

This work can also be viewed as an extension to convex optimization based approach for
learning weighted automata by Balle et. al.[12]], which first estimates a set of Hankel matrices and
then solves a least squares problem with trace norm regularization to estimate system matrices.
We go one step further by allowing an arbitrary model of the dependency between past and future
observations in place of Hankel matrices.
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3.7 Conclusions

In this work we developed a general framework for dynamical system learning using supervised
learning methods. The proposed framework is based on two-stage regression: in the first stage we
use history features to train regression models that denoise future observation windows into state
estimates. In the second stage we use these state estimates to train a linear model that represents
system dynamics.

This framework encompasses and provides a unified view of some successful dynamical
system learning algorithms. We demonstrated the proposed framework in learning a Hidden
Markov Model, where we have shown that we can use non-linear regression to incorporate more
history features in identifying the latent state without an exponential increase in the number of
parameters.

As future work, we would like to apply this framework to more scenarios where we can
leverage additional techniques such as manifold embedding and transfer learning in stage 1
regression. We would also like to extend the framework to controlled processes.
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3.A Proofs

3.A.1 Proof of Main Theorem

In this section we provide a proof for theorem[3] We provide finite sample analysis of the effects
of S1 regression, covariance estimation and regularization. The asymptotic statement becomes a
natural consequence.

We will make use of matrix Bernstein’s inequality stated below:
Lemma 5 (Matrix Bernstein’s Inequality [62]]). Let A be a random square symmetric matrix, and
r >0, v > 0andk > 0 be such that, almost surely,

E[A] =0, AnaxlA] <7
Amax[E[A%]] <0, tr(B[4%)) < k.

If Ay, As, ..., An are independent copies of A, then for any t > 0,

N
1 2ut rt
Pr | Anax —§ A — 4+ —
r[ [Ntzl t = N+3N]
k
< —t(et —t—1)"N (3.18)
v

Ift > 2.6, thent(e! —t — 1)7! < e7¥/2.

Recall that, assuming ;. € R(Xzz), we have three sources of error: first, the error in S1
regression causes the input to S2 regression procedure (Z;, ;) to be a perturbed version of the
true (T4, y;); second, the covariance operators are estimated from a finite sample of size /V; and
third, there is the effect of regularization. In the proof, we characterize the effect of each source
of error. To do so, we define the following intermediate quantities:

Wy =Yg (Zaz + A" (3.19)
N N —1
Wi =Sz (Sea +AT) (3.20)

where

and 2 is defined similarly. Basically, Wy captures only the effect of regularization and Wy
captures in addition the effect of finite sample estimate of the covariance. W, is the result of S2
regression if  and y were perfectly recovered by S1 regression. It is important to note that i;@
and 35 are not observable quantities since they depend on the true expectations x and y. We will
use \;; and \y; to denote the ith eigenvalue of ;5 and 2y respectively in descending order and
we will use ||.|| to denote the operator norm.

Before we prove the main theorem, we define the quantities ¢ g”?”v and Cﬁ, which we use to
bound the effect of covariance estimation from finite data, as stated in the following lemma:
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Lemma 6 (Covariance error bound). Let N be a positive integer and ¢ € (0, 1) and assume that

IZ|l, ||| < ¢ < oo almost surely. Let Cgv be defined as:

- 20t rt
SN = N + 3N
where
t = max(2.6,2log(4k/v))
r=c + || Syl
v =c?max(\y1, Ae1) + || Szl
k= c(tr(Saz) + tr(Sgy))

In addition, let (§3; be defined as:
e n r't’
WNEVTN T 3N

t" = max(2.6, 2log(4k’ /ov"))
=4+ A

V=AM + /\3261

K = ctr(Xaz)

where

and define Cg\, similarly for Ygy
It follows that, with probability at least 1 — /2,

125z — Xzl <
X2z — Yzzll < ¢
(R | <

(3.21)

(3.22)

Proof. We show that each statement holds with probability at least 1 — §/6. The claim then

follows directly from the union bound. We start with f?\, By setting A; = 7; ® Ty —

Y%z then we

would like to obtain a high probability bound on ||+ SV A Lemma shows that, in order to
satisfy the bound with probability at least 1 — 6/6, it suffices to set ¢ to max(2.6, 2k log(6/0v)).

So, it remains to find suitable values for , v and k:

Amax[A] < [|Z[* + | Zzz| < ¢ + Aoy =7

Mnax [E[A%]] = Mnax [E[|Z]|*(Z @ T) — (2 ® T) iz — "(7

= Anax[E[|1Z]*(2 ® T) — Zaa’]] < *Aar + A5

tr[E[A%)] = tr[E[|2]*(z ® 7) — B5”]] < tr[E[[Z]* (@ @ )]]

58



The case of Cf;?v can be proven similarly. Now moving to C;?V, we have B; = 4y @ Ty — Yyz.
Since B, is not square, we use the Hermitian dilation .7 ( B) defined as follows[104]:

0 B
aeoe=[ 5. 2]
Note that
B s | BB* 0
Sl =181, 2= | 57 L0

therefore suffices to bound ||+ SV A,|| using an argument similar to that used in (5 case. [
To prove theorem |3 we write

HW)\xtest — Waiest||y < H(W,\ — W) Zest ||y

F (W — W) Teest ||y

+ ||<W>\ - W):Z‘testHy (323)
We will now present bounds on each term. We consider the case where Zies; € R(>zz). Extension
to R(Xzz) is a result of the assumed boundedness of W, which implies the boundedness of
Wy —W.
Lemma 7 (Error due to S1 Regression). Assume that ||Z|], ||y]| < ¢ < oo almost surely, and let
ns,n be as defined in Deﬁnition The following holds with probability at least 1 — §

i 1 —(2¢ + 2
W — Wil < m< "wvy M)
2

N (20776,N;‘ ns.N>)

log(1/3)
0 LoVt
T](S,N )\ )\%

The asymptotic statement assumes 15 — 0 as N — oo.

Proof. Write XAJCEQ@ = flﬁ + A, and XAIQU@ = 2@3: + A,,;. We know that, with probability at least
1 — 6/2, the following is satisfied for all unit vectors ¢, € X and ¢, € Y

(@y, ym@bm —iz ¢y7yt (Das Tt)
t=1

g> <¢z,ft>)(
> <¢9375ft> _<¢yagt>y<¢rafft>x

l
- N Z Gy U + (9 — ?Jt))y@m Ty — Tt) x

+< yvyt - t>y<¢xaxt>x
< 2ensn + 7731\7

2

/\/\
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Therefore,

1Ay = sup (Dy, Dyada)y < 2cmsn + n?,zv,
fall 2 <1,llylly <1

and similarly
1A < 2ensn + nsn”,
with probability 1 — /2. We can write
Wy — Wy = Sy ((255: F AL AT = (Zas + /\I)_1>
+ Aya(Sas + Dy + AT
Using the fact that B~! — A=' = B~'(A — B)A~! for invertible operators A and B we get
Wy — Wy = —35:(3az + A AL(Saz + Ay + M)

+ Ay (Baz + Ay + A

AL
7V 22z, where V is a correlation operator satisfying

NN

we then use the decomposition $5; = 3
|IV]| < 1. This gives

SRV (S + AD (S + ML) EA (San + Ay + AL
+ Aym(iii’ + A;c + /\])_1

A1
Noting that ||[$2, (32 + M) ~2|| < 1, the rest of the proof follows from triangular inequality and
the fact that ||AB|| < ||A]|||B|| O

Lemma 8 (Error due to Covariance). Assuming that ||Z| x, ||7]ly < ¢ < oo almost surely, the
following holds with probability at least 1 — g

zy

Wy — Wy < v/ )\y1C§§:v/\_% + %

, where (i3 and 55@17\/ are as defined in Lemma@
Proof. Write Ss = Yaz + A, and 23—,,3 = Yz + Ay, Then we get

Wy =Wy =35 ((Saz + A + M) = (Zaz + A7) 4+ Ay (Saz + Ay + A7
Using the fact that B! — A~! = B~1(A — B)A™! for invertible operators A and B we get
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o 1 1 . . e
we then use the decomposition Xgz = Xy 2 VX:z2, where V' is a correlation operator satisfying
|[V|| < 1. This gives

Wy — Wy =
— 552V Sa0? (Sag + M) 7% (S + M) 72
Ay (Sar + Ay + AT
+ Ay (Bzz + Ay + A7

Noting that ||Eﬁ% (Xzz + M) 2| < 1, the rest of the proof follows from triangular inequality
and the fact that | AB|| < ||A|||| B]| O

Lemma 9 (Error due to Regularization on inputs within R(X;;)). For any © € R(Xzz) s.t.
|z 2 < 1 and ||Zf{%a:||;( < C. The following holds

1
[(Wh = W)ally < 5VAIW15C

Proof. Since x € R(Xzz) C R(Em%), we can write © = Eﬁ%v for some v € X s.t. [|v]|x < C.
Then

(Wx—=W)x = Eg;i((zm + )\[)71 - Em_l)zzﬂi%U
Let D = X5:((3zz + M) — Eﬁ_l)zﬁé. We will bound the Hilbert-Schmidt norm of D.

Let ¢,; € X, 1,; € ) denote the eigenvector corresponding to \,; and \,; respectively. Define
555 = |(y;, Equ/)m‘>y|. Then we have

A

)\Sij Sij 1

Ot ¥ Ve Vi +1

s;i 1 A 1 Sii
< U 2 = S\
Vi 2V A 2\/_/\937;

1
= 5\/X‘ <¢yja W¢xi>y|>

|<¢yj’ D¢m‘>y| = |<¢yj’ Yz

where the inequality follows from the arithmetic-geometric-harmonic mean inequality. This gives
the following bound

1

,L’]

and hence

[(Wx = W)zlly < |IDlll[v]lx < |D]asllv]lx
1
< 5\/XHW||HSO
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Note that the additional assumption that HEﬁ_%xH x < (' is not required to obtain an
asymptotic O(\/X) rate for a given x. This assumption, however, allows us to uniformly bound
the constant. Theorem [3|is simply the result of plugging the bounds in Lemma and 9 into

(3.23) and using the union bound.

3.A.2 Proof of Lemma/4

for t = 1: Let Z be an index set over training instances such that

O = e

€T

Then

I — Q| = mZH@ @zux_mZH@l Qillx < ms

€T €L

for t > 1: Let A denote a projection operator on R (%)

Qi — Qi < LIPIS = By < LI AWAQEly

N ~1
1 . A 1 N N A
<L|—= E APi®Qi> <— E Qi®Qz’+/\]> HQEeSt
N (il N = X

1

2
775N es

< L= |Q1 |l

N
1 . .
<L||—) AP, ® AP, Qtest
3 Qi < X

where the second to last inequality follows from the decomposition similar to >y x =

and the last inequality follows from the fact that ||AB;||y < || B — Bi||.

3.B Examples of S1 Regression Bounds

Y2Vyi,
[]

The following propositions provide concrete examples of S1 regression bounds 75 x for practical

regression models.

Proposition 10. Assume X = R% R% R for some d,,d,,d, < oo and that T and ij are linear
vector functions of z where the parameters are estimated using ordinary least squares. Assume

that ||| x, ||y|ly < ¢ < oo almost surely. Let ns x be as defined in Definition 2| Then
/d.
nsn = O ( N log((d + dy)/é))
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Proof. (sketch) This is based on results that bound parameter estimation error in linear regression
with univariate response (e.g. [61]). Note that if z,;, = Uith for some U; € Z, then a bound on
the error norm ||U; — U;|| implies a uniform bound of the same rate on #; — Z. The probability of
exceeding the bound is scaled by 1/(d,, + d,,) to correct for multiple regressions. O

Variants of Proposition|10|can also be developed using bounds on non-linear regression models
(e.g., generalized linear models).

The next proposition addresses a scenario where X’ and ) are infinite dimensional.
Proposition 11. Assume that x and y are kernel evaluation functionals, T and y are linear vector
functions of z where the linear operator is estimated using conditional mean embedding [99] with
regularization parameter Ny > 0 and that ||Z||x, ||¥|ly < ¢ < oo almost surely. Let 15 n be as
defined in Definition 2} It follows that

log(N/6)
o = O | Vo + TMN

Proof. (sketch) This bound is based on [99], which gives a bound on the error in estimating the
conditional mean embedding. The error probability is adjusted by 0 /4N to accommodate the
requirement that the bound holds for all training data. [
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Chapter 4

Method of Moments Learning for
Controlled Systems

We now extend the framework introduced in Chapter [3]to controlled systems.

4.1 Introduction

Controlled dynamical systems, where an agent can influence an environment through actions and
receive partial observations, emerge in numerous applications in robotics and automatic control.
Modeling and learning these systems from data is of great importance in these fields.

Unfortunately, the formulation in Chapter [3]is limited to uncontrolled systems. We are now
interested in controlled systems, where the user can affect the system through actions. This gives
rise to a key issue: the policy that determines the actions can change at test time. For this reason
the representation of the predictive state must be independent of the training policy and therefore
must encode a conditional distribution of future observations given future actions. To adopt
such a representation into a practical method that retains the benefits of the two-stage regression
formulation, there are a number of challenges that need to be tackled.

First, A key assumption of two-stage regression for uncontrolled systems is that future
observations provide an unbiased estimate of the predictive state, which is not true when the state
is a conditional distributions. This means we need to define a new state representation which is
valid for conditional distributions. Second, if we modify the state representation and introduce an
action policy then the theoretical analysis from Chapter [3]is no longer valid. Third, because they
are based on method of moments, two stage regression models are statistically inefficient. Having
the ability to refine the model using local optimization can lead to significant gains in predictive
performance.

4.2 Formulation

We define a class of models that extends predictive state models (PSMs) to controlled systems.
We first introduce some notation: We denote by Pr[x | do(Y = y)| the probability of x given that
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Method Actions | Continuous | Non- | Partially | Scalable Consistent
linear observ-
able
Non-linear ARX v v v X v v
N4SID for Kalman Filter v v X v v v
Non-convex optimization (e.g. EM) v v v v v X
Gram-Matrix (e.g. HSE-PSR) v v v v X v
Spectral PSR/POMDP v X v v v v
Reduction to Supervised Learning X v v v v v
RFF-PSR v v v v v v

Table 4.1: Comparison between proposed RFF-PSR and existing system identification methods
in terms of the type of systems they can model as well as their computational efficiency and
statistical consistency. The table should be interpreted as follows: for each method there exists an
instantiation that simultaneously satisfies all properties marked with v but there is no instantiation
that is guaranteed to satisfy the properties marked with x. A method is scalable if computational
and memory costs scale at most linearly with the number of training examples. For RFF-based
methods, consistency is up to an approximation error that is controllable by the number of
features [87].

we intervene by setting Y to y. This is different from Pr[z | Y = y] which denotes conditioning
on observing Y = y; in the former case, we ignore all effects on Y by other variables. We denote
by V4B, the linear operator that satisfies

E[A|B =b,C = c] = Vapb Vb, c

In other words for each ¢, V4, is a conditional expectation operator from B to A (In the discrete
case, V4B 18 just a conditional probability table).

When dealing with multiple variables, we will use tensor notation e.g. V4 p|c,p 18 a 4-mode
tensor. We will use

VaBie,p XccXpd

to denote multiplying V4 pjc,p by ¢ along the mode corresponding to C' and by d along the mode
corresponding to D. If ¢ is a matrix then the multiplication is performed along the first dimension
of c.

We will also use || - || to denote Frobenius norm, a ® b to denote Kronecker product of two
vectors and A x B to denote the Khatri-Rao product of two matrices (columnwise Kronecker
product).

4.2.1 Model Definition

We will consider k-observable systems, where the posterior belief state given all previous observa-
tions and actions is uniquely identified by the conditional distribution Pr[os.¢1x—1 | do(astyx—1)]-
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we denote by v, ¢, & and & sufficient features of future observations o1, future
actions as.;1 1, extended future observations o;.;. ;. and extended future actions a;.; . at time ¢
respectively.

We also use h;® = 0141, a1.4—1 to denote the entire history of observations and actions at
time ¢ and use h; = h(01.4_1, a1.41) to denote finite features of previous observations and actions
before time

We are now ready to define the class of systems we are interested in.

Definition 12. A dynamical system is said to conform to a predictive state controlled model
(PSCM) if it satisfies the following properties:

e [or each time t, there exists a linear operator (); = Vigoldo(ug):nee (referred to as predictive

state) such that E[¢? | do(atiix-1), he°] = Qubf

® For each time t, there exists a linear operator Py = Viojao(¢a)nee (referred to as extended

state) such that B[ | do(ay.ik), hi°] = P&
® There exists a linear map Wy (referred to as system parameter map), such that, for each
time t,

Py = Wyys(Qr) 4.1

o There exists a filtering function fgye; such that, for each time t, Qi1 = fher(Fs, 01, ay).

ftter I8 typically non-linear but known in advance.

It follows that a PSCM is specified by the tuple (Qo, Ways, faiter), Where (o denotes the initial
belief state.

There are a number of aspects of PSCMs that warrant discussion. First, unlike latent state
models, the state (), is represented by a conditional distribution of observed quantities. Second,
Q): is a deterministic function of the history h°. It represents the belief state that one should
maintain after observing the history to make optimal predictions. Third, a PSCM specifies a
recursive filter where given an action a; and an observation o,, the state update equation is given
by

Qt+1 = fﬁlter(Wsys(Qt)> O, at) (42)

This construction allows us to learn a linear map W, and use it to build models with non-linear
state updates, including IO-HMMs citepiohmm, Kalman filters with inputs [106] and HSE-
PSRs [128] ﬂ As we see in Section avoiding latent variables and having a linear W, enable
the formulation of a consistent learning algorithm.

4.3 Learning A Predictive State Controlled Model

We assume that the extended features & and & are chosen such that fge, is known. The
parameters to learn are thus W and ()y. We also assume that a fixed blind (open-loop) policy is

!Often but not always, h; is a computed from fixed-size window of previous observations and actions ending at
t—1.

2We discuss HSE-PSRs in more detail in Section[4.4] We defer a more detailed discussion of Kalman filters and
I0-HMMs to the supplementary material.
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used to collect training data and so, we can treat causal conditioning on action do(a;) as ordinary
conditioning on a;. E]It is possible, however, that a different (possibly non-blind) policy is used at
test time.

To learn model parameters, we will adapt the two-stage regression method of Chapter [3]
Let Q; = E[Q, | h] (resp. P, = E[P, | hy]) be the expected state (resp. expected extended
state) conditioned on finite history features h,. For brevity, we might refer to Q; simply as the
(predictive) state when the distinction from (@), is clear. It follows from linearity of expectation
that E[¢ | ¥2, hy] = Qb and E[€0 | €2, hy] = P,£Y; and it follows from the linearity of W,
that

-Pt - Wsys(@t)

So, we train regression models (referred to S1 regression models) to estimate Q; and P,
from h;. Then, we train another (S2) regression model to estimate Wy, from Q. and P,. Being
conditional distributions, estimating @, and P, from h, is more subtle compared to uncontrolled
systems, since we cannot use observation features as estimates of the state. We describe two
methods to construct an S1 regression model to estimate );. The same methods apply to P;. As
we show below, instances of both methods exist in the literature of system identification.

4.3.1 Joint S1 Approach

Let ¢)7* denote a sufficient statistic of the joint observation/action distribution Pr(¢y, ¢ | hy).
This distribution is fixed for each value of h; since we assume a fixed model and policy. We use
an S1 regression model to learn the map f : hy — E[¢)#° | h] by solving the optimization problem

T
arginin 3 (f(h), v") + R(f)
t=1

for some suitable Bregman divergence loss [ (e.g. square loss) and regularization R.

Once we learn f, we can estimate (), by first estimating the joint distribution Pr (¢, 92 | h;)
and then deriving the conditional operator ;. By the continuous mapping theorem, a consistent
estimator of f results in a consistent estimator of ;. An example of applying this method is using
kernel Bayes rule [47] to estimate states in HSE-PSR [28]].

4.3.2 Conditional S1 Approach

In this method, instead of estimating the joint distribution represented by E[¢9* | hy], we directly
estimate the conditional distribution ¢);. We exploit the fact that each training example ¢¢ is an
unbiased estimate of Q)¢ = E[¢? | ¢, hy]. We can formulate the S1 regression problem as

3One way to deal with non-blind training policies is to assign importance weight to training examples to correct
the bias resulting from non-blindness [24} 29]. This, however, requires knowledge of the data collection policy and
can result in a high variance of the estimated parameters. We defer the case of unknown non-blind policy to future
work.
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learning a function f : h; — @, that best matches the training examples. i.e. we solve the problem

T

argmin S 1(f(h) o, 0F) + R(f) 43)
=1

feF 4

for some suitable Bregman divergence loss [ (e.g. square loss) and regularization R. An example of
applying this method is the oblique projection method used in spectral system identification [[106]].
It is worth emphasizing that both the joint and conditional S1 approaches assume the state to be a
conditional distribution. They only differ in the way to estimate that distribution.

4.3.3 S2 Regression and Learning Algorithm

Given S1 regression models to estimate Q; and P, learning a controlled dynamical system
proceeds as shown in Algorithm I}

Algorithm 1 Two—stage regression for predictive state controlled models
Input: ¢y ,, ¢y, &, & for 1 <n < N, 1 <t <T, (N is the number of trajectories, T, is
the length of nth tra]ectory)
Output: Dynamics matrix VVSyS and initial state QO
Use S1A regression to estimate Qn,t
Use S1B regression to estimate Pm.
Let Wsys be the (regularized) least squares solution to the system of equations

Pn,t ~ Wsys(@n,t) ‘v’n, 13

if N is sufficiently large then
Let () be the (regularized) least square solution to the system of equations ) ;

QOQ/JZJ vn
else

Set Q to the average of Q,,
end if

4.3.4 Theoretical Guarantees

It is worth noting that Algorithm [1]is still an instance of the two stage regression framework
described in Chapter 3] and hence retains its theoretical guarantees: mainly that we can bound the
error in estimating the dynamics matrix Wy, in terms of S1 regression error bounds, assuming
that we collect examples from the stationary distribution of some blind policy. E]

A blind policy provides sufficient exploration if it has a stationary distribution that (1) visits a
sufficient history set such that the set of equations E[FP;|h] = W, (E[Q|h:]) are sufficient for
estimating W, ,and (2) provides training data to estimate E[Q;|h,] with increasing accuracy.

4The theoretical guarantee of Algorithm |1|applies to any blind policy. However, to obtain low S1 regression
errors, a good exploration policy is needed
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Theorem 13. Let 7 be a blind data collection policy with a stationary distribution. If history, ac-
tion and observation features are bounded, 7 provides sufficient exploration, and ridge regression
is used with \y and )\, regularization parameter for S1 and S2 regression respectively, then for all
valid states Q) the following is satisfied with probability at least 1 — .

. 1
[(Ways = Wey) QN < O o | =+ 5
2 bE

log(1/0) [ 1 1
(5 ()

+0 (V)

where

1/VN + )
iy =0y </A—>

We provide proofs and discussion of sufficient exploration condition in the supplementary material.

4.4 Connections with HSE-PSRs

Having a general framework for learning controlled dynamical systems, we now focus on HSE-
PSR [28]] as a non-parametric instance of that framework using Hilbert space embedding of
distributions [99]. We describe HSE-PSR learning as a two-stage regression method.

4.4.1 HSE-PSR as a predictive state controlled model

HSE-PSR is a generalization of IO-HMM that has proven to be successful in practice [20, 28]].
It is suitable for high dimensional and continuous observations and/or actions. HSE-PSR uses
kernel feature maps as sufficient statistics of observations and actions. We define four kernels
ko, ka, k., k, over future observation features, future action features, individual observations and
individual actions respectively.

We can then define ¢ = ¢o(04.44x—1) and similarly ¥f = ¢ 4(agi1r—1). We will also use ¢?
and ¢ as shorthands for ¢,(o;) and ¢,(a;). The extended future is then defined as £ = ¢? ® ¢7
and & = U © ¢f

Under the assumption of a blind learning policy, the operators (); and P, are defined to be

Qi = Viyejyasnse 4.4)
Py = (P, PY) = (Vg welus, ,osehes Vapaeloone) (4.5)

70



Therefore, (); specifies the state of the system as a conditional distribution of future observa-
tions given future actions while F; is a tuple of two operators that allow us to condition on the
pair (a¢, o;) to obtain Q1. In more detail, filtering in an HSE-PSR is carried out as follows

¢ From o, and a;, obtain ¢ and ¢}.

* Compute Coyojnz=,ar = Vagaapiopne O

t
0%

e Multiply by inverse observation covariance to change “predicting ¢{” into “conditioning on

0%,
t .

_ —1
Vi wgop.0mhee = Vag, etlug, o8 Xag (Cooulhzear + A) (4.6)
¢ Condition on ¢¢ and ¢} to obtain shifted state
Q1 = Vg, 1wg, 60,08k
= Vo, lwg, 1 o0.00:h Xoo OF Xga Of

Thus, in HSE-PSR, the parameter Wy is composed of two linear maps; f, and f, such that
Pf = fe(Q,) and P? = £,(Q,). In the following section we show how to estimate @, and P, from
data. Estimation of f¢, f, can then be carried out using kernel regression.

Learning and filtering in an HSE-PSR can be implicitly carried out in RKHS using a Gram
matrix formulation. We will describe learning in terms of RKHS elements and refer the reader
to [28]] for details on the Gram matrix formulation.

4.4.2 S1 Regression for HSE-PSR

As discussed in section 4.3 we can use a joint or conditional approach for S1 regression. We now
demonstrate how these two approaches apply to HSE-PSR.

Joint S1 Regression for HSE-PSR
This is the method used in [28]]. In this approach we exploit the fact that
Qe = Wapiugine = Cupugin (Cupugin, + M)~

So, we learn two linear maps 75, and T, such that T,,(h;) = Cyoyajn, and T (he) = Cyayain,-
The training examples for T, and T, consist of pairs (h;, ¢ ® 1) and (hy, ¢ @ 1) respectively.
Once we learn this map, we can estimate Cyoya|n, and Cyayan, and consequently estimate ().

Conditional S1 Regression for HSE-PSR

It is also possible to apply the conditional S1 regression formulation in Section[d.3.2] Specifically,
let F be the set of 3-mode tensors, with modes corresponding to ¢7, vy and h,. We estimate a
tensor 7™ by optimizing

T = argmin [[(T X, hy Xy ¥5) = YoII* + AT s,
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where ||.||% ¢ is the Hilbert-Schmidt norm, which translates to Frobenius norm in finite-dimensional
Euclidan spaces. We can then use

Qt =T X hy hy

For both regression approaches, the same procedure can be used to estimate the extended state
P, by replacing features ¢y and vf with their extended counterparts £ and &;'.

4.5 Experiments

4.5.1 Synthetic Data

We also test the proposed model on the benchmark synthetic non-linear system used by Boots
et al. [28]:

i1(t) = 22(t) — 0.1 cos(z1(t))(5xy (t) — 423 (t) + 23(t))
— 0.5 cos(z1(t))a(t),
Bo(t) = —653,(t) + 5023 (t) — 1525 (t) — 25(t) — 100a(t),
o(t) = x1(t)

The input a is generated as zero-order hold white noise, uniformly distributed between -0.5 and
0.5. We collected 20 trajectories of 100 observations and actions at 20Hz and we split them into
10 training, 5 validation and 5 test trajectories. The prediction target for this experiment is o(t).

4.5.2 Predicting windshield view

In this experiment we used TORCS car simulation server, which outputs 64x64 images (see Figure
4.1). The observations are produced by converting the images to greyscale and projecting them to
200 dimensions via PCA. The car is controlled by a built-in controller that controls acceleration
while the external actions control steering. We collected 50 trajectories by applying a sine wave
with random starting phase to the steering control and letting the simulator run until the car gets
of of track. We used 40 trajectories for training, 5 for validation and 5 for testing. The prediction
target is the projected image.

4.5.3 Predicting the nose position of a simulated swimmer robot

We consider the 3-link simulated swimmer robot from the open-source package RLPy [49]. The
2-d action consists of torques applied on the two joints of the links. The observation model returns
the angles of the joints and the position of the nose (in body coordinates). The measurements
are contaminated with Gaussian noise whose standard deviation is 5% of the true signal standard
deviation. To collect the data, we use an open-loop policy that selects actions uniformly at random.
We collected 25 trajectories of length 100 each and use 24 for training and 1 for validation. We
generate test trajectories using a mixed policy: with probability pyjing, we sample a uniformly
random action, while with probability 1 — py;,q, Wwe sample an action from a pre-specified
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deterministic policy that seeks a goal point. We generate two sets of 10 test trajectories each, one
with ppiing = 0.8 and another with pyinq = 0.2. The prediction target is the position of the nose.

° W 2 0 0 0

Figure 4.1: An example of windshield view output by TORCS.

4.5.4 Tested Methods and Evaluation Procedure

We tested three different initializations of RFF-PSR (with RBF kernel): random initialization,
two-stage regression with joint S1, and two-stage regression with conditional S1 (Section §.4.2).
For each initialization, we tested the model before and after refinement. For refinement we used
BPTT with a decreasing step size: the step size is reduced by half if validation error increases.
Early stopping occurs if the step size becomes too small (10~°) or the relative change in validation
is insignificant (10~%). We also test the following baselines.

HSE-PSR: We implemented the Gram matrix formulation of HSE-PSR as described in [28]],
learned using a combination of two-stage regression and BPTT.

N4SID: We used MATLAB’s implementation of subspace identification of linear dynamical
systems.

Non-linear Auto Regression with Exogenous Inputs (RFF-ARX): We implemented a ver-
sion of auto regression where the predictor variable is the RFF representation of future actions
together with a finite history of previous observations and actions, and the target variable is future
observations.

Models were trained with a future length of 10 a history of 20. For RFF-PSR and RFF-ARX
we used 10000 RFF features and applied PCA to project features onto 20 dimensions. Kernel
bandwidths were set to the median of the distance between training points (median trick). For
evaluation, we perform filtering on the data and estimate the prediction target of the experiment at
test time ¢ given the history o01.;_p, a1.;, where H is the prediction horizon. We report the mean
square error across all times ¢ for each value of H € {1,2,...,10}.

4.5.5 Results and Discussion

The results are shown in Figure ﬂ There are a number of important observations.
¢ In general, joint S1 training closely matches or outperforms conditional S1 training, both
with and without refinement.
¢ Local refinement significantly improves predictive performance for all initialization meth-
ods.

> We omit the results for randomly initialized RFF-PSR as they were significantly worse. A comparison with
HSE-PSR on the swimmer dataset was not possible as it required prohibitively large memory.

73



# HSE-PSR N4SID % RFF-PSR Conditional 51 + Refinement N4SID
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Figure 4.2: Mean square error for 10-step prediction on (from left to right) synthetic model,
TORCS car simulator, swimming robot simulation with 80% blind test-policy, and swimming
robot with 20% blind test policy. Baselines with very high MSE are not shown for clarity. A
comparison with HSE-PSR on TORCS and swimmer datasets was not possible as it required
prohibitively large memory.

® Model refinement, on its own, is not sufficient to produce a good model. The two stage
regression provides a good initialization of the refinement procedure.

¢ Even without refinement, RFF-PSR matches or outperforms HSE-PSR. This is remarkable
since RFF-PSR requires less computation and memory.

¢ In the synthetic experiment, non-refined RFF-PSR is giving poor mid-range predictions.
We conjecture that short-range predictions are easier as they largely depend on the previous
observations, and long-range predictions are also easier because they largely depend on the
sequence of actions. However, refinement was able to produce a model that performs well
at all prediction horizons.

e Compared to other methods, RFF-PSR has better performance with non-blind test policies.

4.6 Other Examples of Predictive State Controlled Models

Here we discuss IO-HMM and Kalman filter with inputs, showing that they are instances of
PSCMs. We do this for each model by defining the predictive state, showing that it satisfies the
condition P, = W), and describing an S1 regression method.

4.6.1 10-HMM

Let T be the transition tensor such that 7" X s; X, a; = E[s;41]|as, s;] and O be the observation
tensor such that O X, s; X, a; = E[og|ay, s¢].

Define O* to be the extended observation tensor where Oy, X ;8¢ X oGyt k-1 = E[0gt4 01| At k-1, St]

As a shortcut, we will denote by 7;; the product T X e; X, €;.

For k = 1, we have O' = O.

For k& > 1 we can think of a,;,_; as the outer product a; ® a;41..+1. S0 we can define O"
such that

OF x,e; X, (e; ®e) = vec(Oy; ® (Ok_1 Xq € X5 Tij)) 4.7
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In words, starting from state e; and applying an action ¢; followed by a sequence of £ — 1
actions denoted by indicator e;. The expected indicator of the next k observations is the outer
product of expected observation o, (given by O;;) with the expected indicator of observations
Os41:44%—1 as predicted by O*~1. Note that the two expectations being multiplied are conditionally
independent given the state e; and the action sequence.

Given the tensor O the predictive states (), and P, are defined to be

Qi = O* Xs St

Pt20k+1 Xg St

Now to show that holds, let OF be a reshaping of O* into a matrix such that
vec(Qy) = OFs,
It follows that
Py = O x5, = O ((0F)vee(Q)),

which is linear in ().

S1 Regression

Let s; = s(h{°) be the belief state at time ¢. Note that s, is a deterministic function of the entire
history.

Under a fixed policy assumption, an indicator vector of the joint observation and action
assignment is an unbiased estimate of the joint probability table P[¢¢, £ | h°]. An S1 regression
model can be used to learn the mapping h, — P[¢f " | hy). It is then easy to estimate the
conditional probability table @; from the joint probability table P[1)2, £4 | hy].

We can also use the conditional S1 approach. By exploiting the fact that 1)y is an unbiased
estimate of a single column of (); corresponding to 1)f. We can use (#.3) to learn a function
f : hy — Q, that best matches the training examples.

4.6.2 Kalman Filter with inputs
The Kalman filter is given by

= Axy_1 + Bug + ¢
o = Cxy + 1y

Given a belief state s; = E[x;_1|h{°] we can write the predictive state as

Elottrk-1 | St artrk-1] = Trse + Ukriin—1,
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where

CA
CA?
Iy =
C A
B 0 0
AB B 0 ... 0
U= | A*B AB B 0 0
AR AB B

The extended predictive state have similar form with I';, and Uy, replaced with 'y and Uy, .
Since U is fixed, keeping track of the state amounts to keeping track of (); = I'ys;. It follows that

P =Typs =T Qe = WQy

If h; is a linear projection of h;° (e.g. stacking of a finite window of observations and actions),
it can also be shown [106] that

E[Qt“%] = fkhta

for some matrix I';.

S1 Regression
Let F be the set of functions that take the form
()Y =Thy + By

The oblique projection method [106]] uses linear regression to estimate I' and B (essentially
solving (@.3))). Having a fixed B, the conditional operator is determined by I'h; through an affine
transformation. Therefore we can use (); = I'h;.

4.7 Theoretical Analysis

Let H = {h;}, be set of histories generated from an i.i.d distribution. [ We use Q(h) to denote
E[Q]n].

The main theorem in [55] bounds parameter estimation error in terms of S1 regression error.
This implies that we need to analyze the properties of S1 regression to prove Theorem I3} We will
look at multiple scenarios where in each scenario we develop sufficient exploration conditions
and provide an S1 error bound for these conditions.

The i.i.d property is achieved if we can restart the system or if the data collection policy induces an ergodic
process with a stationary distribution. In the latter case, we assume the examples are sufficiently spaced in time to
that allow the process to mix. However, in practice, we use all examples as this makes the error only smaller.
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Definition 14 (Sufficient history set). Consider a PSCM that satisfies

Pt = Wsys(Qt)

A set of histories H = {h;}}M, is called a sufficient history set if it is sufficient to estimate Wy,
using E[Q|h(h)] and E[P|h(h)] for each h € H.

Note that W, may not be unique, we care about estimating W,() for any valid ). From the
above definition, it follows that a data collection policy provides sufficient exploration if it allows
for estimating E[Q|h(h)] and E[P|h(h)] for a sufficient history set with increasing accuracy.

4.7.1 Case 1: Discrete Observations and Actions

Consider a discrete system where H, A, AT, O, O are the set of all possible histories, future
action sequences, extended future action sequences, future observation sequences and extended
future observation sequences respectively.

Theorem 15. Assume a discrete system where the data collection policy induces an i.i.d dis-
tribution over histories. If the policy generates each possible extended future action sequence
starting from each possible history M times, then it generates an S2 training dataset of size

N = M|H||AT| with SI error bound 1y s = \/lH”éE'Oﬂ log <2|H”A;”O+|>

Proof. The proof follows immediately from Heoffding’s inequality which bounds the error in
estimating the probability of an event by averaging.

Note that we need to estimate |#||.4||O| probabilities to estimate ) and |H||.A*||O"| proba-
bilities to estimate P. Therefore we divide 0 by 2|||.A™||O| to correct for multiple probability
estimates. U

Remark 16. Assume the system to be 1-observable, where the history and future are of length
1. Then a consistent estimate of () and P can be obtained by a consistent estimate of the joint
probability table P(0;_1.411, Gt—1.441)-

4.7.2 Case 2: Continuous System

Definition 17 (Range and span of a policy). Let 7 be a data collection policy with a stationary
distribution. For a random vector Xy = f(h,O, A), the range of m on X is the support of the
stationary distribution of X, induced by the policy 7 (i.e. the set of all possible values of X, that
can be generated by the stationary distribution).

The span of ™ on X is the subspace spanned by the range of m on X.

When referring to the policy range or span, we may omit the variable name when it is clear in
the context.
Condition 18 (Action span for joint S1). Let w be data collection policy and let H be the range
of ™ on histories. The action span condition for joint S1 requires that the following are satisfied:

1. H is a sufficient history set.

2. For any h € H, the conditional covariance X, is full rank.
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Condition 19 (Action span for conditional S1). Let 7 be data collection policy and let H be the
range of m on histories. The action span condition for conditional S1 requires that the following
are satisfied:

1. H is a sufficient history set.

2. For any h € H and any future action feature vector 1%, the quantity (Y™ @ %) is in policy

span.

Remark 20. Condition[l18|implies Condition[I9
Assumption 21 (Bounded features). Assume that ||1)"|| < c;, for all h € H. Also, assume that
lvoll < co and ||v*]| < ca for any valid future observation sequence and action sequence
respectively.
Theorem 22. Let 7 be data collection policy and let H be the span of T on histories. If Assumption
21)and Condition[I9 are satisfied and conditional S1 regression is used with a liner model as the
correct model, then  provides sufficient exploration and for all h € H the following holds with
probability at least 1 — ¢

Amin(Zhoa) Amin(Znga) + A Shepa) + A

1Q(h) — Q(h)] gch< Amax(Xo) <\/WA1+)\> - Ay )

where

2 2
Ay 90,051 [108@AAJD) | 210g(2drda/d) ( : 2c ) +ChCA>

N 3N min(zh@)A

1 d dpda)/o 4 1 d dpda)/o
AzIQCoChcA\/ og(( O"]‘Vh a)/ )+ COChCA Og(i())]\([)‘i‘ nda)/9)

In the following section we provide a proof sketch for the asymptotic form in Theorem [I3]for
joint S1.
Remark 23 (Conditioning). It is known that linear regression converges faster if the problem is
well-conditioned. In the two stage regression we need the good conditioning of both stages— that
Is,

e The set of training histories result in a problem P, = W Q) that is well conditioned (S2

conditioning).

e The S1 regression problem is well conditioned.

The second requirement ensures that we converge fast to good estimates of ), and P,. De-
signing exploration policies that result in well conditioned two stage regression problems is an
interesting direction for future work.

4.8 Conclusions

We proposed a framework to learn controlled dynamical systems using two-stage regression.
We then applied this framework to develop a scalable method for controlled non-linear system
identification: using RFF approximation of HSE-PSR together with a refinement procedure to
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enhance the model after a two-stage regression initialization. We have demonstrated promising
results for the proposed method in terms of predictive performance. As future work, we would like
to go beyond predicting observations, by using this framework for planning, imitation learning
and reinforcement learning.
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4.A RFF-PSR Learning Algorithm

For ease of exposition, we assume that RFF features are computed prior to PCA. In our im-
plementation, we compute the RFF features on the fly while performing PCA to reduce the
required memory footprint. Here we use A x B to denote the Khatri-Rao product of two matrices
(columnwise Kronecker product).

Algorithm 2 Learning Predictive State Representation with Random Fourier Features (LEARN-
RFF-PSR)
Input: Matrices ®", ®°, ®“ of history, observation and action features (each column corre-
sponds to a time step). Matrices W°, W W' ¥ of test observations, test actions, shifted test
observations and shifted test actions.
Output: S2 regression weights Wg and W,
Subroutines:
SVD(X, p), returns the tuple (U, U " X), where U consists of top p singular vectors of X.

{Feature projection using PCA}

Uh, d" < SvD(®", p);

U°, ®° < SVD(P?, p); U?, % <— SvD(D?, p);
U2, W2 <= SVD(W?, p); Ug, U <= SvD(V*, p);
Ug,2° < SVD((U5 " ¥”) x ©°, p);

Ug,E + SVD(D® x (U U), p);

U d%° < SVD(P° x d°, p)

{S1 Regression and State Projection}

Estimate Q,, Pf, P? for each time ¢ using the one of the S1 methods in[4.4.2]

Reshape Q;, P; as column vectors for each ¢ and then stack the resulting vectors in matrices Q,
P¢ and P°.

U1,Q + SvD(Q,p)

{ASZ Regression}

We = argming, g2, [PS = WQJ* + Ao W[5

W, = argminy, g2, [P — WQ|* + X2 [W||%

4.B Proofs of theorems

Lemma 24 (Matrix Bernstein [105]). Consider a finite sequence {Sy} of independent, random
matrices with common dimensions d; X ds. Assume that

E[Sk] = 0and ||Sk|| < L  for each index k

Z:ZSk
k

Introduce the random matrix
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Let v(Z) be the matrix variance statistic of the sum:
v(Z) =max{||E(ZZ").E(Z" Z)|}

Then

Pr([|Z]| > t) < (di + da) exp (ﬁ)

Corollary 25 (Error in empirical cross-covariance). With probability at least 1 — ¢

2log((dx +dy)/d)v n 2log((dx +dy)/d)L

Yyx — 2 <
12y x YX||_\/ I N :

where

L =cyc, + [|1Zyx|| < 2¢yc,

v =max(cy || Exll, 2 Zv[) + ISy x[I* < 2c5¢;

Proof. Define S), = ypxr] — Ly x, it follows that

E[Sk] =0
1Skl = lywoy = Syxll < llyelllzel + 1Syl < eyea + 1Syl
HE[ZZT]H = Z(E[ylx:xjy;] — YyxYxy)
1,]

= D _ElllzPyiy] — SyxSxv) + > (Elyiz! [Elz;5, ] — SyxExy)
i iji

S NEIZy [+ [1Bvx?)
IE[ZT Z]| < N( 2] + 12y x])

Applying Lemma 24| we get

_N#2/2
d =Pr(||Z]| > Nt) < (dx + dy) exp (U Lt/3>

and hence

_ 210g((dx + dy)/(S)Lt . 210g((dX + dy)/(S)U <0

2
t 3N N -

This quadratic inequality implies

| < log((dx +d)/O)L \/ log? (dx +dy) §)L2 __ 2log((dx +dy)/0)v
3N 9N?2 N
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Using the fact that v/a? + b < |a| + |b] we get

2log((dx +dy)/d)L 2log((dx +dy)/d)v
= 3N * \/ N

Corollary 26 (Normalized error in empirical covariance). With probability at least 1 — ¢

2log(2d/4) N 2log(2d/8)L
N 3N ’

1S5 (Ex — Zx)|| < 2¢

where

Proof. Define S, = E)_(I/ ey — Z¥2, it follows that

E[S,] = 0
2
Sl < IS 22zl + I8V < —& 4 ¢
1Skl < 125 zwll” + 127 < SN
—1/2 —1/2
IE[Z"Z)|| = |E[ZZT]| = Z(Zx/ Elv,z] 2] |25 - Sx)
I,

i i,J 71

< N(e; + |2x[*) < 2Ne*

Applying Lemma 24| we get

—Nt?/2
=Pr(||Z] > Nt) < 2d —_—
= Pr(lz] = N) < 2dexo (55 )

and similar to the proof of Corollary 25] we can show that

t < 2log(2d/d)L Lo log(2d/0)
3N N
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Lemma 27. Let ZYX = EYX —+ AYX and EX = EX + AX where E[Ay){] and E[AYX] are
not necessarlly zero and Yx is symmetric positive semidefinite. Define W = Ly xS v and
W = EYX(EX + \)7L It follows that

T max man 2_1/2A A A
- < Cﬁx 1= Al + )H |Avx]

)‘min(EX) )\min(ZX> +A min(iX> +A

Proof.
W—W=SSyx ((Ex +Ax +A) 7 =) + Ayx(Sx + Ax + AN =T + Ty

It follows that

T3] < M
N >\min<EX) + A

As for T}, using the matrix inverse Lemma B~' — A™! = B71(A — B)A~! and the fact that
Yyx = Z%,/QVE;/Q, where V' is a correlation matrix satisfying ||V']| < 1 we get

T = —YyxXx (Ax + M) (Zx + Ax + M)
= NPV (Ax + M) (Ex + Ax + M)~

and hence

ITl < VA <zy>(“E;/Qﬁxllﬂ||z;”2||>

)\min<EX) + >\
)\max \/ rmn z]X HZ 1/QAXH + A
Amin (2 ) Amin(Sx) + A

Corollary 28. With probability 1 — 20.

T max rmnE A A A
W =Wl < (\/ x)A + >+)\ : 2

)\mln(EX) /\m1n<EX) -+ A iX) + )\’

where

log(2dx/6) = 2log(2dx/d) 2
A =2 il
S A WV e R

min

log((dy +dx)/0)  4cye.log((dy + dx)/6)
A2:2cycz\/ YN X + = 3;\; X
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Proof. This corollary follows simply from applying Lemmata [25and 26]to Corollary [l

Lemma 29. Let Yy yx = Yyx + Ayx and Yy = Uy + Ay where E[Ay x| and E[Ayx] is
not necessarlly zero and Sy is symmetric but not necessarily positive semidefinite. Define
W =SyxS and W = Sy xSx (3% + \) L It follows that

Amax (Zy) [Ax]P + 20max (Ex) [Ax [+ A [y lllAx] + [AvxllIZxl + 1Ay 1 Ax]
Anin () A2 (Sx) + A A2 (Sx) + A

min

W —wi <

Proof.

W—W = (Syx +Ayvx)(Bx + Ax)(Sx + Ax)2+ M) — Dy xDx D32
=Yyx2x(((Xx + AX)2 + )\I)_l — 2}2) + By xAx + AyxXx + Ay xAx)((Zx + Ax)2 + )\I)_l
=T+ T

Using the matrix inverse Lemma B~! — A™! = B~}(A4 — B)A~! and the fact that Xy y =
E%,/ 2VZ¥2, where V' is a correlation matrix satisfying ||V'|| < 1 we get

Ty = —S2VE (A% + SxAx + AxSx + M) ((Sx + Ax)? + A1)~
Amax(2y) [[Ax [1* + 2Amax(Ex) [ Ax [ + A

T3] <

)\inn(z ) )\I2HIH<EX) + A
- A?HIH(EX) + A

4.B.1 Proof of Theorem 22

Proof. In the linear case, we estimate a tensor 7" with modes corresponding to i, A and O by
solving the minimization problem in Section Equivalently, we estimate a matrix 7. of size
do X dpd 4 where an input h ® 1) is mapped to an output E[¢)° | h,1*]. Note that

Qh)W* =T xp h x4 ¢* =T,.(h ®¢?)

For any history h € H and future action feature vector ¢ we have

Q1) — Q)|
B

(T, — T (h @ v
o]

Note that Condition [19|implies that i ® 1)® will eventually be in the span of training examples.
This rules out the case where the inequality is satisfied only because (h ® ®) is incorrectly in the
null space of TT and 7,.

The theorem is proven by applying Corollary [28|to bound |7} — T, ||. O

1Q(h) — Q(h)|| = argmax;.

< T, = Tll" |

= argmaxa
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4.B.2 Sketch Proof for joint S1

In order to prove Theorem [13|for joint S1, note that

“iA\h = Zapll < T — Tall||R]]
1Z0ain — Zoapnll < [ Toa — Toalll|2]|

From Lemma we obtain a high probability bound on || T4 — T4|| and |74 — T4]|. Then we
apply these bounds to Lemma to obtain an error in Q(h).
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Chapter 5

Predictive State Recurrent Neural
Networks

Having formalized a class of models which admit consistent method of moments learning in
chapters [3]and 4] we are now ready to begin our exploration of hybrid models.

As we saw in chapter 2] RNNs and BFs offer complementary advantages and disadvantages:
RNNSs offer rich functional forms at the cost of statistical insight, while BFs possess a sophisticated
statistical theory but are restricted to simpler functional forms in order to maintain tractable training
and inference.

By drawing insights from both PSRs and RNNs we now develop a novel hybrid model,
Predictive State Recurrent Neural Networks (PSRNNs). Like many successful RNN architectures,
PSRNNSs use (potentially deeply composed) bilinear transfer functions to combine information
from multiple sources. We show that such bilinear functions arise naturally from state updates in
Bayes filters, in which observations can be viewed as gating belief states. We show that PSRNNs
directly generalize discrete PSRs, and can be learned effectively by combining Backpropagation
Through Time (BPTT) with an approximately consistent method-of-moments initialization based
on two-stage regression. We also show that PSRNNSs can be factorized using tensor decomposition,
reducing model size and suggesting interesting connections to existing multiplicative architectures
such as LSTMs.

5.1 Predictive State Recurrent Neural Networks

In this section we introduce Predictive State Recurrent Neural Networks (PSRNNs), a new Hybrid
model which is both a PSM and a Bayes Filter. PSRNNs allow for a principled initialization and
refinement via BPTT. The key contributions which led to the development of PSRNNs are: 1)
a new normalization scheme for PSRs which allows for effective refinement via BPTT; 2) the
extention of the 2SR algorithm to a multilayered architecture; and 3) the optional use of a tensor
decomposition to obtain a more scalable model.
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5.1.1 HSE-PSRs as RNNs

As discussed in chapter 2] PSRs can be embedded in an RKHS to obtain HSE-PSRs. HSE-PSRs
possess a rich functional form and can model a wide variety of dynamical systems. In Chapter
we showed that HSE-PSRs belong to the class of PSMs. We saw (see Equation that the
HSE-PSR state update can be expressed in terms of two operators i@ 1,00k @nd iotm By

Qt+1 - Z¢t+1,0t|ht2¢t+1,0f,|ht0t (5'1)

Both f]¢t +1,0¢h @and f)otm », are covariance operators which are a function of ¢; via h;. In fact we
can express Equation[5.1]in the following form:

(Elt)i11 ® 0p @ hy] x5 q¢) (Eloy ® 0p @ hy) X3 Qt)il X 0f. (5.2)

Here o;, and ¢; are each elements of an RKHS. If we represent them explicitly using Random
Features (see Chapter [2)) each is a finite dimensional vector. Let W = E[¢y,1 ® o ® hy] and
Z = Elo; ® o; ® hy], each is a 3-mode tensor. Therefore our update equation becomes:

@1 = (W x3¢) (Z x30)"" 2 0. (5.3)

We can now view (3.3)) as an RNN, parameterized by tensors W and Z. In fact if we wanted to
we could ignore all of the preceding theory and learn such a network entirely via BPTT.

The key difference between this network and more conventional networks, is the presence
of the matrix inverse. This is not a commonly used operation in RNNs because it is poorly
conditioned, making it difficult to optimize via local optimization techniques such as BPTT.
Suitability for local optimization is an essential component of any useful RNN, therefore if we
wish to obtain a true hybrid model, we need a model which is well conditioned and can be
easily optimized via BPTT. We now show how obtain such a model by extending PSRs to obtain
PSRNNS, a family of models which share a similar update and statistical theory, but do not require
a matrix inverse in the state update.

5.1.2 From PSRs to PSRNNs

The basic building block of a PSRNN is a 3-mode tensor, which can be used to compute a bilinear
combination of two input vectors. We note that, while bilinear operators are not a new development
(e.g., they have been widely used in a variety of systems engineering and control applications for
many years [73]]), the current chapter shows how to chain these bilinear components together into
a powerful new predictive model.

Let ¢; and o, be the state and observation at time ¢. Let 1/ be a 3-mode tensor, and let ¢ be a
vector. The 1-layer state update for a PSRNN is defined as:

WXQOtX3qt+b

5.4)
W x5 00 X3 gt + 0],

qt+1 =

Here the 3-mode tensor of weights W and the bias vector b are the model parameters. This
architecture is illustrated in Figure It is similar, but not identical, to the PSR update (Eq.
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5.3); sec gives more detail on the relationship. This model may appear simple, but crucially
the tensor contraction W x5 0; X3 ¢; integrates information from b, and o, multiplicatively, and
acts as a gating mechanism, as discussed in more detail in section[5.5]

The typical approach used to increase modeling capability for BFs (including PSRs) is to use
an initial fixed nonlinearity to map inputs up into a higher-dimensional space [73, 98]]. PSRNNs
incorporate such a step, via RFFs. However, a multilayered architecture typically offers higher
representation power for a given number of parameters [[16].

To obtain a multilayer PSRNN, we stack the 1-layer blocks of Eq. by providing the
output of one layer as the observation for the next layer. (The state input for each layer remains
the same.) In this way we can obtain arbitrarily deep RNNSs. This architecture is displayed in
Figure[5.1b

We choose to chain on the observation (as opposed to on the state) as this architecture leads to
a natural extension of 2SR to multilayered models (see Sec. @ In addition, this architecture is
consistent with the typical approach for constructing multilayered LSTMs/GRUs [59]]. Finally,
this architecture is suggested by the full normalized form of an HSE PSR, where the observation
is passed through two layers.

G G 9
w, [~ D—G@, w, [~ w, [0,
(a) Single Layer PSRNN (b) Multilayer PSRNN

Figure 5.1: PSRNN architecture: See equation |5.4| for details. We omit bias terms to avoid clutter.

5.2 Theory

We now provide a theoretical justification for PSRNNs by showing that in the case of discrete
observations and a single layer the PSRNN provides a good approximation to a consistent model.
We first show that in the discrete setting using a matrix inverse is equivalent to a sum normalization.
We subsequently show that, under certain conditions, two-norm normalization has the same effect
as sum-normalization.

Let g, be the PSR state at time ¢, and o; be the observation at time ¢ (as an indicator vector).
In this setting the covariance matrix Cy; = E[o; X 0¢|01.;—1] will be diagonal. By assumption, the
normalization term Z in PSRs is defined as a linear function from ¢; to C;, and when we learn
PSRNNSs by 2-stage regression we estimate this linear function consistently. Hence, for all ¢,
Z X3 q is a diagonal matrix, and (Z X3 qt)_1 is also a diagonal matrix. Furthermore, since o, is
an indicator vector, (Z x5 q;)” " X2 0, = 0;/P(0;) in the limit. We also know that as a probability
distribution, ¢; should sum to one. This is equivalent to dividing the unnormalized update ¢;,; by
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its sum. i.e.

Gt+1 = Geg1/P(0y)
= Cjt+1/(1TCft+1)

Now consider the difference between the sum normalization G/ (lTQtH) and the two-norm
normalization Giy1/ ||¢e+1||,. Since ¢ is a probability distribution, all elements will be positive,
hence the sum norm is equivalent to the 1-norm. In both settings, normalization is equivalent to
projection onto a norm ball. Now let S be the set of all valid states. Then if the diameter of S is
small compared to the distance from (the convex hull of) S to the origin then the local curvature of
the 2-norm ball will be negligible, and both cases will be approximately equivalent to projection
onto a plane. We note we can obtain an .S with this property by augmenting our state with a set of
constant features.

5.3 Learning Multilayer PSRNNs

As a hybrid model PSRNNS are both valid PSMs and well conditioned RNNs. Therefore we can
initialize PSRNNs using two-stage regression, followed by refinement via BPTT.

we now extend two-stage regression to multilayered PSRNNs. Suppose we have learned a
I-layer PSRNN P using two-stage regression. We can use P to perform filtering on a dataset
to generate a sequence of estimated states ¢y, ..., ¢,. According to the architecture described
in Figure these states are treated as observations in the second layer. Therefore we can
initialize the second layer by an additional iteration of two-stage regression using our estimated
states qy, ..., G, in place of observations. This process can be repeated as many times as desired to
initialize an arbitrarily deep PSRNN. If the first layer were learned perfectly, the second layer
would be superfluous; however, in practice, we observe that the second layer is able to learn to
improve on the first layer’s performance.

Once we have obtained a PSRNN using the 2SR approach described above, we can use BPTT
to refine the PSRNN. We note that we choose to use 2-norm divisive normalization because it is
not practical to perform BPTT through the matrix inverse required in PSRs: the inverse operation
is ill-conditioned in the neighborhood of any singular matrix. We observe that 2SR provides us
with an initialization which converges to a good local optimum.

5.4 Factorized PSRNNs

In this section we show how the PSRNN model can be factorized to reduce the number of
parameters prior to applying BPTT.
Let (W, by) be a PSRNN block. Suppose we decompose W using CP decomposition to obtain

W:im@@@cz

i=1
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Let A (similarly B, C) be the matrix whose ith row is a; (respectively b;, ¢;). Then the PSRNN
state update (equation (5.4)) becomes (up to normalization):

Q1 =W Xo 0, X3 g+ b (5.5)
= (A B®C) X0 X3¢+ b (5.6)
= A" (Bo; ® Cqy) + b (5.7

where © is the Hadamard product. We call a PSRNN of this form a factorized PSRNN. This
model architecture is illustrated in Figure Using a factorized PSRNN provides us with
complete control over the size of our model via the rank of the factorization. Importantly, it
decouples the number of model parameters from the number of states, allowing us to set these
two hyperparameters independently.

@ B, F@r A U~ B, HOA A, H(D-E)
@r ¢, @ ¢,

Figure 5.2: Factorized PSRNN Architecture

We determined experimentally that factorized PSRNNs are poorly conditioned when compared
with PSRNNS, due to very large and very small numbers often occurring in the CP decomposition.
To alleviate this issue, we need to initialize the bias b in a factorized PSRNN to be a small multiple
of the mean state. This acts to stabilize the model, regularizing gradients and preventing us from
moving away from the good local optimum provided by 2SR.

We note that a similar stabilization happens automatically in randomly initialized RNNs: after
the first few iterations the gradient updates cause the biases to become non-zero, stabilizing the
model and resulting in subsequent gradient descent updates being reasonable. Initialization of the
biases is only a concern for us because we do not want the original model to move away from our
carefully prepared initialization due to extreme gradients during the first few steps of gradient
descent.

In summary, we can learn factorized PSRNNSs by first using 2SR to initialize a PSRNN, then
using CP decomposition to factorize the tensor model parameters to obtain a factorized PSRNN,
then applying BPTT to the refine the factorized PSRNN.

5.5 Discussion
The value of bilinear units in RNNs was the focus of recent work by Wu et al [115]. They
introduced the concept of Multiplicative Integration (MI) units — components of the form

Ax ® By — and showed that replacing additive units by multiplicative ones in a range of
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architectures leads to significantly improved performance. As Eq. shows, factorizing W
leads precisely to an architecture with MI units.

Modern RNN architectures such as LSTMs and GRUs are known to outperform traditional
RNN architectures on many problems [59]. While the success of these methods is not fully
understood, much of it is attributed to the fact that these architectures possess a gating mechanism
which allows them both to remember information for a long time, and also to forget it quickly.
Crucially, we note that PSRNNSs also allow for a gating mechanism. To see this consider a single
entry in the factorized PSRNN update (omitting normalization).

g1l = D Ay (Z Birloi © Y Cy [qt]z> +b (5.8)

The current state g, will only contribute to the new state if the function ), Bj;[o.]i of o; is
non-zero. Otherwise o, will cause the model to forget this information: the bilinear component of
the PSRNN architecture naturally achieves gating.

We note that similar bilinear forms occur as components of many successful models. For
example, consider the (one layer) GRU update equation:

2 =0(Wyo + U,qi + ¢2)
re = oc(Weor + Upqr + ¢;)
Q1= 2 O q + (1 — 2) ©c(Whor + Un(r: © q1) + cn)

The GRU update is a convex combination of the existing state ¢; and and update term W0, +
Un(r: ® q1) + ¢ We see that the core part of this update term Uy, (r; © ¢;) + ¢, bears a striking
similarity to our factorized PSRNN update. The PSRNN update is simpler, though, since it omits
the nonlinearity o(+), and hence is able to combine pairs of linear updates inside and outside o (+)
into a single matrix.

Finally, we would like to highlight the fact that, as discussed in section[5.5] the bilinear form
shared in some form by these models (including PSRNN5s) resembles the first component of the
Kernel Bayes Rule update function. This observation suggests that bilinear components are a
natural structure to use when constructing RNNs, and may help explain the success of the above
methods over alternative approaches. This hypothesis is supported by the fact that there are no
activation functions (other than divisive normalization) present in our PSRNN architecture, yet it
still manages to achieve strong performance.

5.6 Experiments

In this section we describe the datasets, models, model initializations, model hyperparameters,
and evaluation metrics used in our experiments and present our results.
We use the following datasets in our experiments:
¢ Penn Tree Bank (PTB) This is a standard benchmark in the NLP community [75]. Due to
hardware limitations we use a train/test split of 120780/124774 characters.
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¢ Swimmer We consider the 3-link simulated swimmer robot from the open-source package
OpenAl gym[] The observation model returns the angular position of the nose as well as
the angles of the two joints. We collect 25 trajectories from a robot that is trained to swim
forward (via the cross entropy with a linear policy), with a train/test split of 20/5.

® Mocap This is a Human Motion Capture dataset consisting of 48 skeletal tracks from three
human subjects collected while they were walking. The tracks have 300 timesteps each,
and are from a Vicon motion capture system. We use a train/test split of 40/8. Features
consist of the 3D positions of the skeletal parts (e.g., upper back, thorax, clavicle).

¢ Handwriting This is a digit database available on the UCI repository [4, 43]] created using
a pressure sensitive tablet and a cordless stylus. Features are z and y tablet coordinates and
pressure levels of the pen at a sampling rate of 100 milliseconds. We use 25 trajectories
with a train/test split of 20/5.

Models compared are LSTMs [73], GRUs [32]], basic RNNs [44], KFs [65], PSRNNs, and
factorized PSRNNs. All models except KFs consist of a linear encoder, a recurrent module, and a
linear decoder. The encoder maps observations to a compressed representation; in the context
of text data it can be viewed as a word embedding. The recurrent module maps a state and an
observation to a new state and an output. The decoder maps an output to a predicted observationE]
We initialize the LSTMs and RNNs with random weights and zero biases according to the Xavier
initialization scheme [50]. We initialize the the KF using the 2SR algorithm described in [S3]].
We initialize PSRNNs and factorized PSRNNSs as described in section 5. 1.11

https://gym.openai.com/
*This is a standard RNN architecture; e.g., a PyTorch implementation of this architecture for text prediction can
be found at https://github.com/pytorch/examples/tree/master/word_language_modell
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Figure 5.3: PTB Experiments
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In two-stage regression we use a ridge parameter of 10(~2)n where n is the number of training
examples (this is consistent with the values suggested in [26]). (Experiments show that our
approach works well for a wide variety of hyperparameter values.) We use a horizon of 1 in the
PTB experiments, and a horizon of 10 in all continuous experiments. We use 2000 RFFs from
a Gaussian kernel, selected according to the method of [87], and with the kernel width selected
as the median pairwise distance. We use 20 hidden states, and a fixed learning rate of 1 in all
experiments. We use a BPTT horizon of 35 in the PTB experiments, and an infinite BPTT horizon
in all other experiments. All models are single layer unless stated otherwise.

We optimize models on the PTB using Bits Per Character (BPC) and evaluate them using
both BPC and one-step prediction accuracy (OSPA). We optimize and evaluate all continuous
experiments using the Mean Squared Error (MSE).

5.6.1 Results

In Figure@]we compare performance of LSTMs, GRUs, and Factorized PSRNNs on PTB, where
all models have the same number of states and approximately the same number of parameters. To
achieve this we use a factorized PSRNN of rank 60. We see that the factorized PSRNN significantly
outperforms LSTMs and GRUs on both metrics. In Figure [5.3b] we compare the performance of
1- and 2-layer PSRNNs on PTB. We see that adding an additional layer significantly improves
performance. In Figure we compare PSRNNs with factorized PSRNNs on the PTB. We
see that PSRNNs outperform factorized PSRNNs regardless of rank, even when the factorized
PSRNN has significantly more model parameters. (In this experiment, factorized PSRNNs of
rank 7 or greater have more model parameters than a plain PSRNN.) This observation makes
sense, as the PSRNN provides a simpler optimization surface: the tensor multiplication in each
layer of a PSRNN is linear with respect to the model parameters, while the tensor multiplication
in each layer of a Factorized PSRNN is bilinear. In addition, we see that higher-rank factorized
models outperform lower-rank ones. However, it is worth noting that even models with low rank
still perform well, as demonstrated by our rank 40 model still outperforming GRUs and LSTMs,
despite having fewer parameters.

In Figure [5.4 we compare model performance on the Swimmer, Mocap, and Handwriting
datasets. We see that PSRNNSs significantly outperform alternative approaches on all datasets. In
Figure[5.5| we attempt to gain insight into why using 2SR to initialize our models is so beneficial.
We visualize the the one step model predictions before and after BPTT. We see that the behavior
of the initialization has a large impact on the behavior of the refined model. For example the
initial (incorrect) oscillatory behavior of the RNN in the second column is preserved even after
gradient descent.

5.7 Related Work

It is well known that a principled initialization can greatly increase the effectiveness of local
search heuristics. For example, Boots [18]] and Zhang et al. [119] use subspace ID to initialize
EM for linear dyanmical systems, and Ko and Fox [67]] use N4SID [108]] to initialize GP-Bayes
filters.
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Figure 5.4: MSE vs Epoch on the Swimmer, Mocap, and Handwriting datasets

Pasa et al. [83] propose an HMM-based pre-training algorithm for RNNs by first training an
HMM, then using this HMM to generate a new, simplified dataset, and, finally, initializing the
RNN weights by training the RNN on this dataset.

Belanger and Kakade [15] propose a two-stage algorithm for learning a KF on text data. Their
approach consists of a spectral initialization, followed by fine tuning via EM using the ASOS
method of Martens [76]]. They show that this approach has clear advantages over either spectral
learning or BPTT in isolation. Despite these advantages, KFs make restrictive linear-Gaussian
assumptions that preclude their use on many interesting problems.

Haarnoja et al. [53] also recognize the complementary advantages of Bayes Filters and RNNs,
and propose a new network architecture attempting to combine some of the advantages of both.
Their approach differs substantially from ours as they propose a network consisting of a Bayes
Filter concatenated with an RNN, which is then trained end-to-end via backprop. In contrast our
entire network architecture has a dual interpretation as both a Bayes filter and a RNN. Because of
this, our entire network can be initialized via an approximately consistent method of moments
algorithm, something not possible in [S3].

Finally, Kossaifi et al. [69] also apply tensor decomposition in the neural network setting.
They propose a novel neural network layer, based on low rank tensor factorization, which can
directly process tensor input. This is in contrast to a standard approach where the data is flattened
to a vector. While they also recognize the strength of the multilinear structure implied by tensor
weights, both their setting and their approach differ from ours: they focus on factorizing tensor
input data, while we focus on factorizing parameter tensors which arise naturally from a kernelized
interpretation of Bayes rule.
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Figure 5.5: Test Data vs Model Prediction on a single feature of Swimmer. The first row shows
initial performance. The second row shows performance after training. In order the columns show
KF, RNN, GRU, LSTM, and PSRNN.
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5.8 Conclusions

We present PSRNNs: a new approach for modelling time-series data that hybridizes Bayes filters
with RNNs. PSRNNs have both a principled initialization procedure and a rich functional form.
The basic PSRNN block consists of a 3-mode tensor, corresponding to bilinear combination of the
state and observation, followed by divisive normalization. These blocks can be arranged in layers
to increase the expressive power of the model. We showed that tensor CP decomposition can be
used to obtain factorized PSRNNs, which allow flexibly selecting the number of states and model
parameters. We showed how factorized PSRNNs can be viewed as both an instance of Kernel
Bayes Rule and a gated architecture, and discussed links to existing multiplicative architectures
such as LSTMs. We applied PSRNNs to 4 datasets and showed that we outperform alternative
approaches in all cases.
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Chapter 6

Hilbert Space Embedding of Hidden
Quantum Markov Models

In this chapter we present our second hybrid model, Hilbert Space Embedding of Hidden Quantum
Markov Models (HSE-HQMMs). Where PSRNNSs brought together ideas from HSE-PSRs and
RNNs, HSE-HQMMs include an additional element: Quantum Mechanics. Quantum Mechanics
is a key formalism for modelling many dynamical systems in physics, and is often useful where
alternative models fail. We provide a brief introduction to quantum mechanics, and show how
it can be used to derive a new class of models. Specifically we investigate the link between
Quantum Mechanics and HSEs and show that the sum rule and Bayes rule in Quantum Mechanics
are equivalent to the kernel sum rule in HSEs and a special case of Nadaraya-Watson kernel
regression, respectively. We show that these operations can be kernelized, and use these insights
to propose a Hilbert Space Embedding of Hidden Quantum Markov Models (HSE-HQMM) to
model dynamics. We present experimental results showing that HSE-HQMMs are competitive
with state-of-the-art models like LSTMs and PSRNNs on several datasets, while also providing a
nonparametric method for maintaining a probability distribution over continuous-valued features.

Overall, we present four contributions: (1) we show that the sum rule for QGMs is identical to
the kernel sum rule for HSEs, while the Bayesian update in QGMs is equivalent to performing
Nadaraya-Watson kernel regression, (2) we show how to kernelize these operations and argue
that with the right choice of features, we are mapping our data to quantum systems and modeling
dynamics as quantum state evolution, (3) we use these insights to propose a HSE-HQMM to model
dynamics by mapping data to quantum systems and performing inference in Hilbert space, and,
finally, (4) we present a learning algorithm and experimental results showing that HSE-HQMMs
are competitive with other state-of-the-art methods for modeling sequences, while also providing
a nonparametric method for estimating the distribution of continuous-valued features.

6.1 Quantum Mechanics

There is a great deal of missinformation and hype surrounding the field of Quantum Mechanics.

Slogans such as “light is both a wave and a particle”, “the cat is neither dead nor alive until
you look™, and “you can ask about the position or the momentum, but not both” have given the
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field a (mostly undeserved) reputation for complexity. While many of the problems in physics
which are studied using quantum mechanics are indeed complex, quantum mechanics itself is
not. Quantum Mechanics should be viewed as nothing more or less than a system for formalising
and manipulating uncertainty. In this it is no different to Classical Probability theory, except
in the way it choose to represent uncertainty, and the functions we choose to manipulate such
representations.

Classical Probability theory, otherwise known as classical mechanics, represents uncertainty
over a discrete system using the notion of a stochastic vector — a vector of real, non-negative
numbers which sums to 1. We manipulate such vectors using stochastic matrices — matrices of
non-negative real numbers where each column sums to 1. This system works because the space
of stochastic vectors is closed under the action of stochastic matrices, in other words applying a
stochastic matrix to a stochastic vector always results in another stochastic vector. This ensures we
never end up with something which is not a valid distribution. An example of classical mechanics
is provided in figure[6.1]

Figure 6.1: An example of classical mechanics. We transform a stochastic vector representing
information about an unknown quantity (in this case a coin flip) into another stochastic vector
using a stochastic matrix.

Quantum Mechanics takes an alternative approach, instead of representing uncertainty over
a discrete system using stochastic vectors instead we use unitary vectors — a vector of complex
numbers with norm 1. Crucially the square of the absolute value of a unitary vector is a stochastic
vector, therefore every unitary vector corresponds to a valid probability distribution. In the
language of quantum mechanics unitary vectors contain probability amplitudes whose squared
values are probabilities. Instead of stochastic matrices we manipulate unitary vectors using unitary
matrices — matrices whose conjugate transpose is equal to their inverse. We note that in the case of
real numbers the class of unitary matrices is equal to the class of orthonormal matrices — matrices
whoose columns are orthogonal and have norm 1.

Vectors and matrices in quantum mechanics are traditionally represented using Bra-Ket
notation. In Braket notation a row vector x is denoted by (z| called a Bra and a column vector is
denoted by |x) called a Ket. Using this notation an inner product between z and y is denoted by
(x|y) and an outer product between x and y is denoted by |x)(y|. To maintain consistency with
literature we also use this notation for this section.

In quantum mechanics unitary vectors are known as pure states. We we can combine quantum
mechanics with classical mechanics to obtain a classical mixture of quantum pure states, known
as a mixed state. We can think about this as a mixture of particles, each of which has a distribution
represented as a pure state. We represent a mixed state using the notion of a density matrix.

102



0.95 | -0.25

0.25 | 0.95

0.71 0.86
>
0.71 0.50
0.5 0.75
Recover probabilities
05 by squaring vector 0.25

Figure 6.2: An example of quantum mechanics. We transform a unitary vector representing
information about an unknown quantity (in this case a coin flip) into another unitary vector using
a unitary matrix. The vectors in red are the squared absolute values of the unitary vectors.

Given a collection of pure states x1, ..., z,, and a classical probability distribution p(z) over z;Vi a
density matrix D is defined as the expected outer product of the pure states:

D = E, pl|z)(z]] (6.1)
= Z Pr(z;)|x) (2] 6.2)

If the pure states are orthogonal we can recover them from the density matrix using the eigen-

decomposition operation. An example of the construction of a mixed state is shown in figure
6.3]

0.5 0.7 1 0.7 {|0.7 1 0.7 1 110 0.75 |0.25
X -0.5 + 0.5 -

0.5 0710 0.7 0 0.25 ]10.25

Classical QM Density Matrix

Figure 6.3: Example illustrating the construction of a mixed state (density matrix) from a
distribution over two pure states

The diagonal entries of a density matrix give the probabilities of being in each system state,
and off-diagonal elements represent quantum coherences, which have no classical interpretation.
Consequently, the normalization condition is tr(p) = 1. Uncertainty about an n-state system
is represented by an n x n density matrix. The density matrix is the quantum analogue of the
classical belief vecz.

6.2 Advantages of Quantum Mechanics

A natural question one might ask is why it’s worth going through the effort to develop machine
learning models which incorporate quantum mechanics at all. Why not just stick with the models
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based on classical mechanics that we already have? In this section we discuss the various ways in
which quantum mechanical systems differ from classical ones, and the advantages this offers for
building machine learning systems.

6.2.1 Continuous Time

Many real world systems are continuous in the time domain. In contrast the vast majority
of existing models assume that observations occur at fixed discrete intervals. This is often a
reasonable assumption as measuring devices tend to collect samples at fixed intervals, it still falls
short in several cases. For example there might be missing data points, or we might collect data at
irregular intervals. Both cases are difficult to deal with when filtering algorithms are designed
around fixed regular observations. Furthermore we might want to make predictions about the
behavior of our system between scheduled observations. For example we might have a GPS
system that reports an estimate of the location once per second, but we might want to estimate our
location after half a second.

The problem is that in most Bayes filters such as HMMs, when we are given an operator
which advances the system forwards one second in time, there is no obvious way to extend it to an
operator which advances us forwards half a second in time (or by some other arbitrary multiple).
Formally given a state ¢; and an operator A which advances ¢; to ¢;.1 via ¢; = Aq; where t is
measured in 1 second intervals there should be some way to obtain a new operator B such that B
advances us forwards half a second in time. Clearly a desirable property of any such B is that
applying it twice should be the same as applying A once. In other words what we really want is to
be able to take the square root of the update operator A. Unfortunately in classical mechanics A
is a stochastic matrix, and this square root is unlikely to be a valid stochastic matrix.

Fortunately this is not the case when working with models based on Quantum Mechanics.
This is because the square root of a unitary operator is guaranteed to exist, and furthermore is
guaranteed to be unitary. The intuition behind this is that every unitary operator can be thought of
as a set of rotations in the complex field. Therefore we can always compute arbitrary fractions of
this operator in terms of partial rotations. Another way to see this is via the eigendecomposition.
Given a unitary matrix A its eigendecomposition A = USU* is gauaranteed to exist. Therefore
for arbitrary n € [0, 1] we can compute An as:

An = US»U* (6.3)

since A is unitary, all of the eigenvalues of A in have absolute value of 1. Therefore the eigenvalues
of An also have value 1. This idea is illustrated in figure

6.2.2 Richer Class of Transformations

Another potential benefit of models build using quantum mechanics is that they represent a
potentially richer class of functions. In classical mechanics our update operators are limited to
those which can be represented via stochastic matrices. A significant limitation of these operators
is they consist entirely of positive numbers. This means that our update operation is limited
to constructive interference, where additional information increases the likelihood of an event
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Figure 6.4: Example of how quantum mechanical systems allow for continuous time. Given an
operator which advances the system state by 2 seconds we can obtain an operator which advances
the system one second by taking the square root of the original operator.

occuring. This is in contrast to quantum mechanics, where we use unitary operators which may
contain negative numbers. This means that quantum mechanical systems can exhibit destructive
interference where new additional information decreases the likelihood of an event.

Destructive interference has the potential to be extremely useful in many machine learning
domains, where these sorts of negative dependencies are common occurances. For example if we
purchase a washing machine, we are unlikely to want to purchase another one for a long period of
time.

6.2.3 Easier to Learn

A third potential benefit of quantum mechanics is that they may be easier to learn (in the opti-
mization sense) than many many systems which rely on classical mechanics. As we discussed in
chapter 2] many Bayes Filters are difficult to learn because of the positivity constraint. While there
exist techniques such as projected gradient descent which attempt to solve this problem they often
produce poor results. In contrast there is no such constraint on quantum mechanical systems as
unitary matrices may contain negative numbers.
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6.2.4 Rotational Symmetry

Finally quantum mechanical systems may offer a particular advantage when modelling systems
which exhibit rotational symmetry. Many dynamical systems exhibit rotational symmetry in their
features, where the feature space forms an n dimensional sphere. For example the wind direction
is a feature which lies on a circle, the images from a camera lie on the surface of a 3 dimensional
sphere, etc. These features can prove difficult to model using classical mechanics. To see why
consider the state space.

In classical mechanics our state space consists of all valid stochastic vectors. The space of
such vectors of length n is known as the Probability simplex of dimension n. For length 2 vectors
this is a line, for length 3 vectors a triangle, etc. This means it can be difficult to model features
with rotational symmetry, where if we move far enough away from our original state we will
eventuall end back at the same state. In contrast the space of valid unitary vectors is a sphere of
dimension n. This perfectly matches the symmetry of the underlying dynamical system. The state
space for 3 dimensional systems is illustrated in figure[6.5]

OIS
Y ""II‘“\\\\\
O TR
SHT R

(a) Classical Mechanics State Space — the (b) Quantum Mechanics State space — the
probability simplex unit sphere

Figure 6.5: Illustration of the state space: Probability Simplex vs. Unit Sphere

6.3 Quantum Circuits

Prior to launching into a discussion of quantum mechanics in the context of dynamical system
models we take a short detour to introduce the concept of quantum circuits, a useful tool used
throughout the remainder of this chapter. Quantum Circuits provide a useful graphical language
for illustrating models involving quantum mechanics, in much the same way that graphical models
provide a useful graphical language for illustrating conditional independence assumptions in
classical mechanics. For this reason quantum circuits are ubiquitous in the quantum computing
literature, and we refer the reader to Nielsen and Chuang [81]] for a more complete treatment. We
note that we use quantum circuits for d-dimensional quantum states, while traditionally quantum
circuits illustrate operations on 2-dimensional quantum states (‘qubits’).

Generally speaking, the boxes in a quantum circuit represent a bilinear unitary operation (or
matrix) on a density matrix, and the wire entering from the left represents the input, and the wire
exiting the right represents the output. A matrix U that take multiple wires as input/output are
operating on a state space that is the tensor product of the state spaces of the inputs. A matrix @

106



that takes one wire as input while a parallel wire passes untouched can equivalently be written as
a matrix (I ® @) operating on the joint state space of the two inputs. Finally, note that while we
can always tensor two smaller state spaces to obtain a larger state space which we then operate on,
the reverse isn’t usually possible even though we may draw the wires separately, i.e., it may not
be possible to decompose the output of an operation on a larger state space into the smaller state
spaces. This is analogous to how distributions of two random variables can be tensored to obtain
the joint, but the joint can only be factored if the constituent variables are independent. These
examples are illustrated below.

pa —T 1
s oo — U1
PB . .
(a) pa ® pp = pap if the two states start () U(pa ® pp)UT = plyp # 4y @ p), in
off separable general

pa —
i
(© pa @ appi’ = (1@ a)pip(I® a)f

Figure 6.6: Simple quantum circuit operations

6.4 Quantum Graphical Models

In this section we connect the core concepts of classical mechanics (Joint Distribution, Marginal-
ization, Sum rule, chain rule, Bayes Rule) to the quantum mechanics setting. Once we have
established these connections we can use them to build quantum mechanical models for dynamical
systems. Our key assumption throughout this section is that that the density matrix is the quantum
analogue of a classical belief state. This work is extends earlier work by Srinivasan et al. [[102].

Joint Distributions The joint distribution of an n-state variable A and m-state variable B can be
written as an nm X nm ‘joint density matrix’ pag. When A and B are independent, pag = pa® pp.
As a valid density matrix, the diagonal elements represent probabilities corresponding to the states
in the Cartesian product of the basis states of the composite variables (so tr (pap) = 1).

Marginalization Given a joint density matrix, we can recover the marginal ‘reduced density
matrix’ for a subsystem of interest with the ‘partial trace’ operation. This operation is the quantum
analogue of classical marginalization. For example, the partial trace for a two-variable joint
system p 45 where we trace over the second particle to obtain the state of the first particle is:

pa=1trp (pas) = Y _ p{ilpasli)s (6.4)
J
Finally, we discuss the quantum analogues of the sum rule and Bayes rule. Consider a prior

veer = P(X) and a likelihood P(Y'| X)) represented by the column stochastic matrix A. We can
then ask two questions: what are P(Y") and P(X|y)?
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Sum Rule The classical answer to the first question involves multiplying the likelihood with
the prior and marginalizing out X, like so:

P(Y)=) P(Y|z)P(x) (6.5)
= Avecr (6.6)

Srinivasan et al. [[102]] show how we can construct a quantum circuit to perform the classical sum
rule (illustrated in Figure see appendix for note on interpreting quantum circuits). First,
recall that all operations on quantum states must be represented by unitary matrices in order to
preserve the 2-norm of the state. p.,, is an environment ‘particle’ always prepared in the same
state that will eventually encode py-: it is initially a matrix with zeros everywhere except p; 1 = 1.
Then, if the prior vecr is encoded in a density matrix px, and the likelihood table A is encoded in
a higher-dimensional unitary matrix, we can replicate the classical sum rule. Letting the prior
px be any density matrix and U, be any unitary matrix generalizes the circuit to perform the
‘quantum sum rule’. This circuit can be written as the following operation (the unitary matrix
produces the joint distribution, the partial trace carries out the marginalization):

pr = trx (01 (px @ fen) U1 6.7)

Bayes Rule Classically, we perform Bayesian update as follows (where diag(A. ) selects the
row of matrix A corresponding to observation y and stacks it along a diagonal):
P(y|X)P(X)
>, (yl) P(a)

diag(A,,,))vecr
- 17diag(Ay,.))vecr

P(X|y) = (6.8)

(6.9)

The quantum circuit for Bayesian update presented by Srinivasan et al. [[102] is shown in Figure
It involves encoding the prior in py as before, and encoding the likelihood table A in a
unitary matrix Us. Applying the unitary matrix U, prepares the joint state pxy, and we apply a
von Neumann projection operator (denoted Py) corresponding to the observation y (the D-shaped
symbol in the circuit), to obtain the conditioned state px |, in the first particle. The projection
operator selects the entries from the joint distribution pxy that correspond to the actual observation
y, and zeroes out the other entries, analogous to using an indicator vector to index into a joint
probability table. This operation can be written (denominator renormalizes to recover a valid
density matrix) as:

eny <PyU2 (laX ® ﬁenv) (A]QTPJ>

tr (trem (PyUQ (Px @ Penv) UQTPJ» (6.10)

PX|ly =

However, there is an alternate quantum circuit that could implement Bayesian conditioning.
Consider re-writing the classical Bayesian update as a linear update as follows:

P(X|y) = (A - diag(vecr))" (diag (Avecr)) ™" vece, (6.11)
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Figure 6.7: Quantum-circuit analogues of conditioning in graphical models

where (A - diag(vecr))” yields the joint probability table P(X,Y), (diag (Avecr))™ " is a di-

agonal matrix with the inverse probabilities ﬁ on the diagonal, serving to renormalize the

columns of the joint probability table P(X,Y). Thus, (A - diag(vecr))” (diag (Avecr))™" pro-
duces a column-stochastic matrix, and vece, is just an indicator vector that selects the column
corresponding to the observation y. Then, just as the circuit in Figure is the quantum general-
ization for Equation [6.6] we can use the quantum circuit shown in for this alternate Bayesian
update. Here, p, encodes the indicator vector corresponding to the observation y, and Ug’ isa
unitary matrix constructed using the prior 7 on X. Letting U. 4 to be any unitary matrix constructed
from some prior on X would give an alternative quantum Bayesian update.

These are two different ways of generalizing classical Bayesian rule within quantum graphical
models. So which circuit should we use? One major disadvantage of the second approach is that
we must construct different unitary matrices Ug for different priors on X. The first approach also
explicitly involves measurement, which is nicely analogous to classical observation. As we will
see in the next section, the two circuits are different ways of performing inference in Hilbert space,
with the first approach being equivalent to Nadaraya-Watson kernel regression and the second
approach being equivalent to kernel Bayes rule for Hilbert space embeddings.

6.5 Translating to the language of Hilbert Space Embeddings

In the previous section, we generalized graphical models to quantum graphical models using the
quantum view of probability. And since quantum states live in complex Hilbert spaces, inference
in QGMs happens in Hilbert space. Here, we re-write the operations on QGMs in the language
of Hilbert space embeddings, which should be more familiar to the statistical machine learning
community.

6.5.1 Hilbert Space Embeddings

Previous work [97]] has shown that we can embed probability distributions over a data domain
X in a reproducing kernel Hilbert space (RKHS) F — a Hilbert space of functions, with some
kernel k. The feature map ¢(x) = k(x,-) maps data points to the RKHS, and the kernel function
satisfies k(x,2") = (¢(x), ¢(2')) . Additionally, the dot product in the Hilbert space satisfies the
reproducing property:

<f(>7 k(ma )>f = f(l') (6.12)
<k($a')7k(:plv')>}— = k’($,I/) (6.13)



Mean Embeddings

The following equations describe how a distribution of a random variable X is embedded as a
mean map [97]], and how to empirically estimate the mean map from data points {z1,...,z,}
drawn i.i.d from P(X), respectively:

ix = Ex [¢(X)] (6.14)

1
o = > olxi) (6.15)

Quantum Mean Maps We still take the expectation of the features of the data, except we
require that the feature maps ¢(-) produce valid density matrices representing pure states (i.e.,
rank 1). Consequently, quantum mean maps have the nice property of having probabilities along
the diagonal. Note that these feature maps can be complex and infinite, and in the latter case, they
map to density operators. For notational consistency, we require the feature maps to produce
rank-1 vectorized density matrices (by vertically concatenating the columns of the matrix), and
treat the quantum mean map as a vectorized density matrix vecuyx = vecpx.

Cross-Covariance Operators

Cross-covariance operators can be used to embed joint distributions; for example, the joint
distribution of random variables X and Y can be represented as a cross-covariance operator (see
Song et al. [[100] for more details):

Quantum Cross-Covariance Operators The quantum embedding of a joint distribution P(X,Y)
is a square mn X mn density matrix pxy for constituent m x m embedding of a sample from
P(X) and n x n embedding of a sample from P(Y"). To obtain a quantum cross-covariance matrix
Cxy, we simply reshape pxy to an m? x n? matrix, which is also consistent with estimating it
from data as the expectation of outer product of feature maps ¢(+) that produce vectorized density
matrices.

6.5.2 Quantum Sum Rule as Kernel Sum Rule

We now re-write the quantum sum rule for quantum graphical models from Equation in the
language of Hilbert space embeddings. Srinivasan et al. [102] showed that Equation [6.7|can be
written as py = Zz V,U Wpx Wwto TV:, where matrices IV and V' tensor with an environment
particle and partial trace respectively. Observe that a quadratic matrix operation can be simplified
to a linear operation, i.e., UpU' = reshape((U* ® U)vecp) where vecp is the vectorized density
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matrix p. Then:

veopy =3 ((wUW>* ® (vﬁw)) 6.17)
veciy = (Z (WUW)* ® (VUW)) (6.18)
vecy = AVEZ?CILLX (6.19)

where A = (X2,(VUW)* @ (V;UW)). We have re-written the complicated transition update
as a simple linear operation, though A should have constraints to ensure the operation is valid
according to quantum mechanics. Consider estimating A from data by solving a least squares
problem: suppose we have data (Y x, ®y) where ® € R4*" T € R?%*" are matrices of n
vectorized dy, do-dimensional density matrices and n is the number of data points. Solving for A
givesus A = (IDYT&(TXT})_P But @YT} =n-Cyx where Cy x = % > (vecuy, ® Vecu}i).
Then, A = CyxCy, allowing us to re-write Equation as:

vecly = nyc)_(_leeC[LX (6.20)

But this is exactly the kernel sum rule from Song et al. [100], with the conditional embedding
operator Cy|x = Cy XC;&. Thus, when the feature maps that produce valid (vectorized) rank-1
density matrices, the quantum sum rule is identical to the kernel sum rule. One thing to note is
that solving for A using least-squares needn’t preserve the quantum-imposed constraints; so either
the learning algorithm must force these constraints, or we project vecyy back to a valid density
matrix.

Finite Sample Kernel Estimate We can straightforwardly adopt the kernelized version of the
conditional embedding operator from HSEs [100] (X is a regularization parameter):

Cyix = ®(Kyp + M) YT (6.21)

where @ = (¢(y1),...,0(yn)), T = (¢(x1),...,¢(x,)), and K = YT, and these feature maps
produce vectorized rank-1 density matrices. The data points in Hilbert space can be written as
vecuy = Pay and vecuy = Tax where o € R are weights for the training data points, and the
kernel quantum sum rule is simply:

vecpy = Cy|xvecuy = Pay = O(Kpe + MDYy = ay = (Ko + M) K ax (6.22)

6.5.3 Quantum Bayes Rule as Nadaraya-Watson Kernel Regression

Here, we re-write the Bayesian update for QGMs from Equation in the language of HSEs.
First, we modify the quantum circuit in to allow for measurement of a rank-1 density matrix
py 1n any basis (see Appendix for details) to obtain the circuit shown in Figure described by
the equation:

Pxly X ey ((]1 ® W) PIL® 0T (px @ pen) UTI @ a!)TPI I ® a)T) (6.23)
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where u changes the basis of the environment variable to one in which the rank-1 density matrix
encoding the observation py is diagonalized to A — a matrix with all zeros except A;; = 1.
The projection operator will be P = (I ® A), which means the terms (I ® 4)P(I ® 4') =
Iea) oA (Iea)=1®ulu') = (I p,), allowing us to rewrite Equation[6.23]as:

pxty o s (18 )0 (px © pens) U (1 )1 (6.24)
Let us break this equation into two steps:
ﬁXY - U ()aX X ﬁenv) UT = UWpAXWTUT
Weny ((]I ® ﬁy)ﬁXY (]I ® ﬁy)T> (6.25)
) ~

PXly = ¢ (treny (I ® py)pxy (LT ® py)T))
Px ) PXly
U
ﬁenv @ D @

Figure 6.8: Quantum circuit to compute posterior P(X |y)

Now, we re-write the first expression in the language of HSEs. The quadratic matrix operation
can be re-written as a linear operation by vectorizing the density matrix as we did in Section[6.5.2}
vecpxy = ((UW)* @ (UW))vecuy. But for vecuy € R, W € R™*", and U € C"s*"s
this operation gives vecyixy € R***!, which we can reshape into an n? x s matrix C%% (the
superscript simply indicates the matrix was composed from a prior on X'). We can then directly
write CT%. = B x5 vecx, where B is ((UW)* @ (UW)) reshaped into a three-mode tensor and
X 3 Tepresents a tensor contraction along the third mode. But, just as we solved A = Cy xCy in
Section we can estimate B = Cxy) XC;& =C Xy|x as a matrix and reshape into a 3-mode
tensor, allowing us to re-write the first step in Equation as:

C;%(/ = C(Xy)XC;(AlXVeC[LX (626)
= CXY|X X3 vVeclx (627)
Now, to simplify the second step, observe that the numerator can be rewritten to get vecy x|,

Ja (,65 ® ﬁy) vect, where vect is a vector of 1s and Os that carries out the partial trace operation.
But, for a rank 1 density matrix p,, this actually simplifies further:

vecjix|y < Cyy-vecp, (6.28)
= (CXy|X X3 vec,uX) vecp, (6.29)

One way to renormalize vecpix), is to compute (C XY|X X3 Veci X) vecp, and reshape it back
into a density matrix and divide by its trace. Alternatively, we can rewrite this operation using a
vectorized identity matrix vecl that carries out the full trace in the denominator to renormalize as:

(CXy|X X3 Vec,uX) vecp,

6.30
vecl? (CXY‘X X3 VecuX) vecp, ( )

VeC,u)qy =
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Finite Sample Kernel Estimate We kernelize these operations as follows (where ¢(y) =

vecp,):
T - diag (ax) - T p(y)
_ 6.31
VXl = LocITY - diag (ax ) - 976 (y) @20
_ M (ax), k(i y) (6.32)
Zj (OéX)j k(ij y)
ol (6.33)
(X) (ax);k(yi,y)

where (ay '), = and vecI” T = 17 since T contains vectorized density matrices,

and vecl carries out the trace operation. As it happens, this method of estimating the conditional
embedding vecpi x|, is equivalent to performing Nadaraya-Watson kernel regression [[79, 112]
from the joint embedding to the kernel embedding. Note that this result only holds for the kernels
satisfying Equation 4.22 in Wasserman [[111]; importantly, the kernel function must only output
positive numbers. One way to enforce this is by using a squared kernel; this is equivalent to a
2"_order polynomial expansion of the features or computing the outer product of features. Our
choice of feature map produces density matrices (as the outer product of features), so their inner
product in Hilbert space is equivalent to computing the squared kernel, and this constraint is
satisfied.

6.5.4 Quantum Bayes Rule as Kernel Bayes Rule

As we discussed at the end of Section [6.4] Figure is an alternate way of generalizing Bayes
rule for QGMs. But following the same approach of rewriting the quantum circuit in the language
of Hilbert Space embeddings as in Section[6.5.2] we get exactly Kernel Bayes Rule [100]:

vecixyy = Cxy (CEy) () (6.34)

The relationship between Bayes Rule, Quantum Bayes Rule, and Kernel Bayes Rule is
illustrated in figure [6.9]

What we have shown thus far As promised, we see that the two different but valid ways
of generalizing Bayes rule for QGMs affects whether we condition according to Kernel Bayes
Rule or Nadaraya-Watson kernel regression. However, we stress that conditioning according
to Nadaraya-Watson is computationally much easier; the kernel Bayes rule given by Song et al.
[100] using Gram matrices is written:

fixjy = TDKy,((DK,,)* + M) ' DK, (6.35)

where D = diag((K,, + AI) "' K, ,ax). Observe that this update requires squaring and inverting
the Gram matrix K, — an expensive operation. By contrast, performing Bayesian update using
Nadaraya-Watson as per Equation is straightforward. This is one of the key insights of this
paper; showing that Nadaraya-Watson kernel regression is an alternate, valid, but simpler way
of generalizing Bayes rule to Hilbert space embeddings. We note that interpreting operations on
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Bayes Rule

P(y|X)P(X)
P X|ly) = ==—~+—-%
KW= 5 o))
° . o‘/
+—> R reny (PyUQ (ﬁX & pAenv) UQTPJ)
0 =C" . (CT. )L PX|ly = N -
fixy =Cxy(Cyy)  o(y) vE o <trem (PyU2 (x @ Pons) UJPJ))
Kernel Bayes Rule Quantum Bayes Rule

Figure 6.9: The relationship between Bayes Rule, Kernel Bayes Rule, and Quantum Bayes Rule.
Quantum Bayes Rule and Kernel Bayes Rule both generalize bayes rule. Quantum Bayes Rule is
obtained from Bayes by representing uncertainy using Quantum Mechanics via density matrices.
Kernel Bayes Rule is obtained from Bayes Rule by embedding our probability distributions in an
RKHS. Kernel Bayes Rule and Quantum Bayes rule are equivalent.

QGMs as inference in Hilbert space is a special case; if the feature maps don’t produce density
matrices, we can still perform inference in Hilbert space using the quantum/kernel sum rule,
and Nadaraya-Watson/kernel Bayes rule, but lose the probabilistic interpretation of a quantum
graphical model.

6.6 HSE-HQMMs

We now consider mapping data to vectorized density matrices and modeling the dynamics in
Hilbert space using a specific quantum graphical model — hidden quantum Markov models
(HQMMS). The quantum circuit for HQMMs is shown in Figure [6.10|[102].

pr—1 —  F——
. Ui
Px; — . Pt

N U2
Py, —— ot D

Figure 6.10: Quantum Circuit for HSE-HQMM

We use the outer product of random Fourier features (RFF) [87] (which produce a valid
density matrix) to map data to a Hilbert space. U, encodes transition dynamics, U, encodes
observation dynamics, and p; is the density matrix after a transition update and conditioning
on some observation. The transition and observation equations describing this circuit (with

114



UI =1 ® a') are:
pr =t (Ul (pe1 @ fpx,) UY ) (6.36)
pe o try, (UIPyU}UQ (3. ® py) UgU,P;U}) (6.37)

As we saw in the previous section, we can rewrite these in the language of Hilbert Space
embeddings:

vecply, = (Copwy1Co 10y, )VECHLz, (6.38)

vecy; = Vec(]ICT(éMXs :jcv/ubecicb()zg)( - (6.39)

And the kernelized version of these operations (where T = (¢(x1), ..., ¢(x,)) is (see appendix):
oy, = (Koy yory + M) 'Ky 10,0, (6.40)

o _ 2 (0n,), k(i) 6.41)

t Z]( t)]k(yﬁy)

It is also possible to combine the operations setting Cy,y.je; 1 = CaryeleiCoroi1Co, (o, 1O
write our single update in Hilbert space:

(Cxtyt\xt_1 X3 VeCly, ,)P(Yt)
VeC]IT<Cl’tyt|l’t71 X3 Vec:ul?t71>¢(yt)

(6.42)

VeCly, =

Making Predictions As discussed in Srinivasan et al. [[102], conditioning on some discrete-
valued observation y in the quantum model produces an unnormalized density matrix whose
trace is the probability of observing y. However, in the case of continuous-valued observations,
we can go further and treat this trace as the unnormalized density of the observation y;, i.e.,
Ty () o< veeI (Cypyyj_y X3 vecpy,_y )¢ (y:) — the equivalent operation in the language of quantum
circuits is the trace of the unnormalized p; shown in Figure A benefit of building this model
using the quantum formalism is that we can immediately see that this trace is bounded and lies in
[0, 1]. Tt is also straightforward to see that a tighter bound for the unnormalized densities is given
by the largest and smallest eigenvalues of the reduced density matrix py, = try, (px,y,) Where
px,y, 1s the joint density matrix after the application of Us.

To make a prediction, we sample from the convex hull of our training set, compute densities
as described, and take the expectation to make a point prediction. This formalism is potentially
powerful as it lets us maintain a whole distribution over the outputs (e.g. Figure[6.12)), instead of
Jjust a point estimate for the next prediction as with LSTMs. A deeper investigation of the density
estimation properties of our model would be an interesting direction for future work.

Learning HSE-HQMMs We estimate model parameters using 2-stage regression (2SR) [55]],
and refine them using back-propagation through time (BPTT). With this approach, the learned
parameters are not guaranteed to satisfy the quantum constraints, and we handle this by projecting
the state back to a valid density matrix at each time step. Details are given in Algorithm
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Algorithm 3 Learning Algorithm using Two-Stage Regression for HSE-HQMMs

Input: Dataasyi;.r =yi1,...,¥r
Output: Cross-covariance matrix Cy,y, |,,_,, can be reshaped into 3-mode tensor for prediction
1: Compute features of the past (h), future (f), shifted future (s) from data (with window k):

hy < h(yi—ki—1)
£y «— f(Yeesn)
st f(Vit1a4k41)

2: Project data and features of past, future, shifted future into RKHS using random Fourier features of
desired kernel (feature map ¢(-)) to generate quantum systems:

()

vecp,” + vec (|y)e(ylt)
vecpgh) < vec (|h);(hl)
Vecpgf) <« vec (|£)(f]¢)
veep!™ — vec (|s)¢(s;)

3: Compose matrices whose columns are the vectorized density matrices, for each available time-step

(accounting for window size k), denoted ®,, T,, T, and T, respectively.

4: Obtain extended future via tensor product vecp(s’y) — Vecpgs) ® Vecpgy)

5. Perform Stage 1 regression

and collect into matrix I'; .

-1
Cop = Ty} (TwT] +2)
f f -
Coyn < Tuy Th (T4T] +2)
6: Use operators from stage 1 regression to obtain denoised predictive quantum states:

Tf|h < Cf‘hTh

T heC hTh

57y| 87y‘

7: Perform Stage 2 regression to obtain model parameters

-1
a Yl % Yl
Civtyt‘a?tfl — F57y|hTf\h (Tf\hrf\h + )‘>

116



6.7 Connections with PSRNNs

As a reminder, the PSRNN update equation is:

W X3 vecw;_1 Xo O(y;)

W x5 vecw;—1 X2 ¢(y1)]|r

(6.43)

vecw; =

where W is a three mode tensor corresponding to the cross-covariance between observations and
the state at time ¢ conditioned on the state at time ¢ — 1, and w is a factorization of a p.s.d state
matrix y; = ww?! (so renormalizing w by Frobenius norm is equivalent to renormalizing ;. by
its trace). There is a clear connection between PSRNNs and the HSE-HQMMs; this matrix j,
is what we vectorize to use as our state vecu; in HSE-HQMMs, and both HSE-HQMMs and
PSRNNSs are parameterized (in the primal space using RFFs) in terms of a three-mode tensor
(W for PSRNNSs and (C,,y,|2,_, for HSE-HQMMs). We also note that while PSRNNs modified
kernel Bayes rule (from Equation heuristically, we have shown that this modification can be
interpreted as a generalization of Bayes rule for QGMs or Nadaraya-Watson kernel regression.
One key difference between these approaches is that we directly use states in Hilbert space to
estimate the probability density of observations; in other words HSE-HQMMs are a generative
model. By contrast PSRNNs are a discriminative model which rely on an additional ad-hoc
mapping from states to observations.

6.8 Experiments

We use the following datasets in our experiments:
¢ Penn Tree Bank (PTB) [[75]. We train a character-prediction model with a train/test split
of 120780/124774 characters due to hardware limitations.

¢ Swimmer Simulated swimmer robot from OpenAl gynﬂ We collect 25 trajectories from a
robot that is trained to swim forward (via the cross entropy with a linear policy) with a 20/5
train/test split. There are 5 features at each time step: the angle of the robots nose, together
with the 2D angles for each of it’s joints.

e Mocap Human Motion Capture Dataset. We collect 48 skeletal tracks from three human
subjects with a 40/8 train/test split. There are 22 total features at each time step: the 3D
positions of the skeletal parts (e.g., upper back, thorax, clavicle).

We compare the performance of three models: HSE-HQMMs, PSRNNSs, and LSTMs. We
initialize PSRNNs and HSE-HQMMs using Two-Stage Regression (2SR) [41]] and LSTMs using
Xavier Initialization and refine all three models using Back Propagation Through Time (BPTT).
We optimize and evaluate all models on Swimmer and Mocap with respect to the Mean Squared
Error (MSE) using 10 step predictions as is conventional in the robotics community. This means
that to evaluate the model we perform recursive filtering on the test set to produce states, then use
these states to make predictions about observations 10 steps in the future. We optimize all models
on PTB with respect to Perplexity (Cross Entropy) using 1 step predictions, as is conventional in
the NLP community. As we can see in Figure HSE-HQMMs outperform both PSRNNs and

'https://gym.openai.com/
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LSTMs on the swimmer dataset, and achieve comparable performance to the best alternative on
Mocap and PTB. Hyperparameters and other experimental details can be found in Appendix

MSE on Mocap Data MSE on Swimmer Data
1.0 0.60
0.9 \ —— HSE-HQMM 055 \ —— HSE-HQMM
0.8 PSRNN ' \ PSRNN
0.7 LSTM 0507 | LSTM
i 0-6 0 0.45
=05 =
0.4 0.40 .
0.3 0.35 ) S
— . \%
02 S~ VAV
- - - - - - 0.30 — - - - - -
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
3.0 Log Perplexity on PTB Data
58 |‘ —— HSE-HQMM
> PSRNN
< 2.6
Lo
224
]
e- 22
g
= 2.0
1.8

0 5 10 15 20 25 30 35 40
Epoch

Figure 6.11: Performance of HSE-HQMM, PSRNN, and LSTM on Mocap, Swimmer, and PTB

Visualizing Probability Densities As mentioned previously, HSE-HQMMs can maintain a
probability density function over future observations, and we visualize this for a model trained on
the Mocap dataset in Figure We take the 22 dimensional joint density and marginalize it to
produce three marginal distributions, each over a single feature. We plot the resulting marginal
distributions over time using a heatmap, and superimpose the ground-truth and model predictions.
We observe that BPTT (second row) improves the marginal distribution. Another interesting
observation, from the the last ~30 timesteps of the marginal distribution in the top-left image, is
that our model is able to produce a bi-modal distribution with probability mass at both y; = 1.5
and y; = —0.5, without making any parametric assumptions. This kind of information is difficult
to obtain using a discriminative model such as a LSTM or PSRNN.

6.9 Related Work

Various formulations of Quantum Graphical Models (QGMs) have been proposed by researchers
in physics and machine learning [[72, 102, 116]] as a way of generalizing probabilistic inference
on graphical models by adopting quantum mechanics’ formalism for reasoning about uncertainty.
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Figure 6.12: Heatmap Visualizing the Probability Densities generated by our HSE-HQMM model.
Red indicates high probability, blue indicates low probability, x-axis corresponds to time, y-axis
corresponds to the feature value. Each column corresponds to the predicted marginal distribution
of a single feature changing with time. The first row is the probability distribution after 2SR
initialization, the second row is the probability distribution after the model in row 1 has been
refined via BPTT.

While Srinivasan et al. [102] focused on modeling dynamical systems with Hidden Quantum
Markov Models (HQMMs) [78]], they also describe the basic operations on general quantum
graphical models, which generalize Bayesian reasoning within a framework consistent with
quantum mechanical principles. Inference using Hilbert space embeddings (HSE) is also a
generalization of Bayesian reasoning, where data is mapped to a Hilbert space in which kernel
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sum, chain, and Bayes rules can be used [97, 99, 100]. These methods can model dynamical
systems such as HSE-HMMs [98]], HSE-PSRs [25]], and PSRNNs [41]. [92] present related but
orthogonal work connecting kernels, Hilbert spaces, and quantum computing.

The in the work most closely related to ours Srinivasan et al. [102] present a maximum-
likelihood learning algorithm to estimate the parameters of a HQMM from data. However, it is
very limited in its scope; the algorithm is slow and doesn’t scale for large datasets. In this paper,
we leverage connections to HSEs, kernel methods, and RFFs to achieve a more practical and
scalable learning algorithm for these models. However, one difference to note is that the algorithm
presented by Srinivasan et al. [[102] guaranteed that the learned parameters would produce valid
quantum operators, whereas our algorithm only approximately produces valid quantum operators;
we will need to project the updated state back to the nearest quantum state to ensure that we are
tracking a valid quantum system.

6.10 Conclusions

We explored the connections between QGMs and HSEs, and showed that the sum rule and Bayes
rule in QGMs is equivalent to kernel sum rule and a special case of Nadaraya-Watson kernel
regression. We proposed HSE-HQMMs to model dynamics, and showed experimentally that
these models are competitive with LSTMs and PSRNNs on making point predictions, while also
being a nonparametric method for maintaining a probability distribution over continuous-valued
features. Looking forward, we note that our experiments only consider real kernels/features, so
we are not utilizing the full complex Hilbert space; it would be interesting to investigate whether
incorporating complex numbers improves our model. Additionally, by estimating parameters
using least-squares, the parameters only approximately adhere to quantum constraints. The final
model also bears strong resemblance to PSRNNs [41]. It would be interesting to investigate both
what happens if we are stricter about enforcing quantum constraints, and if we give the model
greater freedom to drift from the quantum constraints. Finally, the density estimation properties
of the model are also an avenue for future exploration.
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6.A Kernelizing HSE-HQMMs

Here we derive the kernel embedding update for HSE-HQMMs as given in Equation The
observation update follows directly from the Nadaraya-Watson kernel regression given in Equation
The transition update comes from a recursive application of the quantum sum rule given in

Equation[6.21] Let T = (¢(x(",), o(2(?)), ..., 6(2{"))) and @ = (¢(x{"), 6(x(?), ..., d(a{")).
Starting with ji,_; = Ya;_; using the kernel sum rule recursively twice with Cx,x, , =
D(Ky, 1o, , + MN)7TIYT, we get:

I[:Lt+1 = Clethcht‘thlﬂtfl
= day = P(Ky, oy, +ND)TTTO(K,, o, + D)y, (6.44)
= Q41 = (th—wft—l + )\]I>71th—1xt(th—lxt—l + )‘]DilKl‘t—ll‘t—latfl

If we break apart this two-step update to update for a single time-step, starting from «;_; we can
write o) = (Ky, 2, + M) Ky, 2,0 1.
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6.B Experimental Details

6.B.1 State Update

Given HSE-HQMM model parameters consisting of the 3-mode tensor C,,y,|.,_,, current state
veci,, and observation in Hilbert space ¢(y;) we perform filtering to update the state as follows:

VecumH = (Cxtyt|$t—1 X3 Vecluxt) ¢(yt) (645)

where A X . b corresponds to tensor contraction of tensor A with vector b along mode c. In our
case this means performing tensor contraction of Cy,,, with the current state and observation
along the appropriate modes.

|1

6.B.2 Prediction

Given HSE-HQMM model parameters consisting of the 3-mode tensor C,,,|,,_, and current
state vecy,, we can estimate the probability density of an observation ¥, (up to normalization) as
follows:

fY(ZJt) = VeC]IT«CItyHItfl X3 Nwt>¢(yt> (646)

If we want to make a point prediction from our model (in order to calculate the mean squared
error, etc) we can use the mean [y, |z;]. In practice we approximate this quantity using a sample

Yi:n:
1 n
Ely|x] = n Z yify (yi) (6.47)
i=1

6.B.3 Pure State HSE-HQMMs

In our experiments we use a HSE-HQMM consisting of a single pure state, as opposed to the
full density matrix formalism. Using a single pure state is a special case of the general (mixed
state) HSE-HQMM, and allows the model to be efficiently implemented. The learning algorithm
modified for a pure state is shown in Algorithm [4]

6.B.4 Parameter Values

Hyperparameter settings can be found in table[6.1] Some additional details: In two-stage regression
we use history (future) features consisting of the past (next) 10 observations as one-hot vectors
concatenated together. We use a ridge-regression parameter of (.05 (this is consistent with the
values suggested in Boots et al. [26], Downey et al. [41]). The kernel width is set to the median
pairwise (Euclidean) distance between neighboring data points. We use a fixed learning rate of
0.1 for BPTT with a BPTT horizon of 20.
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Algorithm 4 Learning Algorithm using Two-Stage Regression for Pure State HSE-HQMMs

Input: Dataasy,.r =yi1,...,yr
Output: Cross-covariance matrix C,,,|»,_,, can be reshaped to 3-mode tensor for prediction
1: Compute features of the past (h), future (f), shifted future (s) from data (with window k):

h; = h@’tfk:tfl) f; = f(}’t:t+k) St = f(yt+1:t+k+1)

2: Project data and features of past, future, shifted future into RKHS using random features of
desired kernel (feature map ¢(-)) to generate quantum systems:

V)e <= @y(ye) )t < dn(hy)  [£) <= @p(f) [8): < 9p(st)

3: Compose matrices whose columns are |y);, |h);, |f);, |s); for each available time-step
(accounting for window size k), denoted ®,, T, T, and T, respectively.

4: Obtain extended future via tensor product |s,y); < |s); ® |y); and collect into matrix ' .

5: Perform Stage 1 regression

-1
Con = T5Th (T} +2)
i i -
Cagin = Toy Th (T} + 1)
6: Use operators from stage 1 regression to obtain denoised predictive quantum states:

Tﬂh < Cf|hTh

Fs,ylh A Cs,ylhTh

7: Perform Stage 2 regression to obtain model parameters

- - - -1
Cavprloi—s Fs,ylhT}\h (Tf\th”|h + A)
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Parameter Value
Kernel Gaussian
Kernel Width Median Neighboring Pairwise Distance
Number of Random Fourier Features 1000
Prediction Horizon 10
Batch Size 20
State Size 20
Max Gradient Norm 0.25
Number of Layers 1
Ridge Regression Regularizer 0.05
Learning Rate 0.1
Learning algorithm Stochastic Gradient Descent (SGD)
Number of Epochs 50
BPTT Horizon 20

Table 6.1: Hyperparameter values used in experiments
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Part IV

Scalable Implementations
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Chapter 7

Sketching for Predictive State Methods

In Chapter [5] and Chapter [6] We introduced PSRNNs and HSE-HQMMs, two models which
unify Bayes Filters with Recurrent neural networks. We showed that these models possess many
attractive theoretical properties, and also perform well on a variety of real world data sets.

Unfortunately both models as currently described possess a significant weakness: They do
not scale well to large state spaces. To see why note that both PSRNNs and HSE-HQMMs are
parameterized using three mode tensors, hence they require O(d?) space, where d is the size of
the state vector. In Chapter Section [5.4| we suggested a partial solution to this problem by using
tensor CP decomposition to factorize the 3-mode parameter tensors into low rank components,
reducing the size of the model from O(d?) to O(K d). Unfortunately this approach is only a partial
solution, as such models cannot be learned directly using 2SR in its current form. At present the
only way to obtain a factorized model is to first learn the full tensor, then subsequently perform a
costly tensor decomposition. In other words the final model we obtain is small, but the cost of
obtaining it actually increases. If Factorized models are to be of practical value for solving large
scale problems, we require a new formulation of 2SR which directly learns a factorized model
from data without being forced to compute the full model as an intermediate quantity.

We propose a solution to this problem using the recently developed concept of tensor sketching.
A tensor sketch maintains a “sketch” or summary of a tensor, similar to how we might compress
an image. The key difference between tensor sketch and alternative compression techniques (such
as random projections) is that many tensor operations can be performed using sketched tensors.
Tensor sketches are particularly useful in the context of moment tensors (such as the tensors used
in PSMs). In this setting we can compute a sketch of the moment tensor as a simple function of
the individual data points. We can then perform operations such as tensor decomposition on the
sketched moment tensor to recover the tensor decomposition.

We present Sketched 2SR, a new formulation of 2SR which uses tensor sketches, combined
with tensor power iteration, to directly learn a factorized PSRNN from data. Sketched 2SR
requires only O(d) space and O(d?) time, compared with 25 R which requires O(d?®) space and
O(d*) time.

For the remainder of this section we will focus on PSRNNSs, in order to have a concrete
example to use for developing a sketched version of 2SR. note that while we focus on PSRNNS,
this work is generally applicable to the class of predictive state models.
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7.1 Tensor Sketch

Tensor sketching [85]] is a compression algorithm specifically design for tensors. Tensor sketch
allows us to convert large tensors into compact summaries or sketches which preserve certain
information.

Tensor sketch is an extension of the count sketch algorithm [40] for compressing vectors. To
hash a vector of dimensionality d, count count sketch utilizes two pairwise independent hash
functions h : [d] — [b] and ¢ : [d] — {£1}. A d dimensional vector x is hashed into a b
dimensional vector s, such that

solil = ) () (7.1)

Jh()=i

Thus, the sketch of a vector can be computed in O(d) time. In practice, we use multiple hash
functions and use the median of the estimated inner products to increase robustness.

We can approximately reconstruct elements of a sketched vector by taking an inner product
with the corresponding indicator vector:

i = (82, 8e,) = C(0)5:[1(0)]

We note that count sketching is a linear operation, an observation which will be important later.
We also note that count sketching is a lossy compression algorithm — we cannot recover the
original vector, we can only recover an approximation.

Tensor sketch extends the count sketch from vectors to arbitrary tensors as follows. To sketch
a tensor A € R%- into a vector of length b we select hash functions {h, ..., h,} where
h; : |d;] — Z and (, ..., (, where (; : [d;] — {£1}. Using these we define two new hash
functions A () and ((), where h() maps locations in the tensor to locations in the sketch, and (/()
maps locations in the tensor to {+1}:

Wiy, ..., in) = (Z hj(z'j)) mod b (7.2)

C(in, o) = [ [ G (G5) (7.3)
Therefore the sketch of tensor A € R4 ig defined as:
salj] = Z Cit, ey in) Aiy i (7.4)

(S in:h(i1,eeyin)=]

The main advantage of constructing tensor sketches in this particular way is that it allows
for efficient sketching of rank-1 tensors. If tensor as is rank-1 it can be factorized into vectors
a;, ..., a, such that:

A=a,® .. Qa,

Suppose we have access to the factors aq, ..., a,,. Then we can construct the sketch of A using
ai, ..., a, by convolving the sketches of its factors:

SA = Sq, * ... % Sq,, (7.5)
— F N (F(ay) 0 o0 Flsa,) (7.6)
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where F denotes the fourier transform. This computation can be performend in O(blog(b) time,
as opposed to sketching the original tensor which requires O(] [ d;) time. Furthermore because
sketching is a linear operation we can use this same technique to efficiently sketch factorized
tensors, which are simply sums of rank-1 tensors.

The key advantage of tensor sketch over alternative compression algorithms is that tensor
sketch preserves the inner product between tensors in expectation. In other words:

E[(sz,8y)] = (2, ), Var[(ss,sy)] = O(|<sx>5y>|2/b)- (7.7)

This means that many tensor operations, including tensor contractions, are also approximately
preserved:

A(ar, ..y ) R (54,80, % oo % Sap, S)T(Ibe) = (St Se; * Sp * S¢) (7.8)
Furthermore for a 3-mode tensor we have:

Sa(pe) = F 1 (F(sa) 0 Flsy o F(se) (7.9)

7.2 Sketched Two-Stage Regression

As a reminder (one layer) PSRNNs are parameterized by a single 3-mode tensor I/ which is used
to update the state ¢;:

qi+1 = W(qtvOtvj)/HW(Qt;OtaI)H (7.10)

Suppose we are given a training dataset of tuples of the form (hy, 0, 1) fort = 1,..,T.
Two-stage regression for learning PSRNNs (using ordinary least squares for stage 1B) first uses
ridge regression to compute a matrix ¥ such that:

b = K[y | byl (7.11)
— Wyh, (7.12)
We then use zﬂt to estimate W:
W = Ms((My+ X' 1, 1) (7.13)
where:
T ~ ~
My =Y "y 0 @ g (7.14)
t=1
T ~ A~
My =) b x (7.15)
t=1
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The multiplication in can be understood as reshaping M3 into a matrix with dim z@t rows
and dim o, x dim ¢,,, columns, pre-multiplying it by (M, + AI)~* Given T training examples,
computing M; requires O(T'p?) where p is the dimension of features. We also need O(p*) time to
compute W Via We also require O(p?) space to store both 1V and M. We now show how to
compute a sketch of W using only sketched quantities. We can then use that sketch to reconstruct
a CP decomposition of W.

From (7.14) and (7.13)) we can rewrite W as follows

W = (M + M) "' Wihy) ® 0y @ 41 (7.16)
t

We note that each term in Equation [7.16|is either a sum of rank-1 tensors, or a tensor contraction.
This means we can efficiently compute a sketch of I by first sketching the components, then
combining them using Equation 7.6 Computing a sketch of I/ in this way requires three passes
through the training data, as shown in Algorithm[5] For simplicity, the algorithm assumes a single
sketch is used but can easily be extended to ‘5 sketches.

Algorithm 5 Sketching the parameter tensor W
Input:
e Training examples {(h¢, 9, 1)},
e Hash functions ({%,,, (i }2,—1)

e S1 regularization )\,

e S2 regularization \y
Output:Parameter tensor sketch sy € R

/l Stage 1 Regression

Wi = (2, @ he) (D2, by @ hy + M)

/l Stage 2 Regression

My = 32, (Wihy) @ (Wihy)

sw <+ 0

fort=1to7T —1do
a < (M2 + )\2[>_1W1ht, b+ Ot, C <— "th +1
sw — sw + F LF(s) o F(s\P) o F(sY))

end for

N A AR A S e

The following proposition shows the time and space complexities of Algorithm [5]

Proposition 30. Assume that all feature vectors are of dimension p and that we use ‘B sketches of
size b each. Then, for T training examples, Algorithm |5\ has a time complexity of O(p® + T[p* +
Bp + Bblog b]) and a space complexity of O(p* + B).

Proof. Computing M, requires O(T'p?) time. Computing W, as well as (M + Ao 1) 1TV, requires
O(p®). Finally , to compute sy we repeat the following for each example ¢: Matrix-vector

product to compute a [O(p?)], computing the sketches [O(Bp)], and performing convolution
[O(Bblogb)].
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The space complexity is the sum of the sizes of M, and similar matrices [O(p?)] and the
sketches [O(Bb)]. O

Compared to the O(d* + T'd?®) time and O(d®) memory when learning W directly, Algorithm
can result in significant gains for large values of d.

7.2.1 Tensor Sketch as PSRNN Parameters

Having shown that it is possible to efficiently obtain a sketch of W from data, we now discuss
how to it to obtain a functional model. One obvious approach is to maintain a sketch of both the
state ¢; and the parameter tensor W and update the state using sketched tensor contraction. We
note that it is still possible to perform BPTT when using sketched quantities as sketching is a
linear (and hence differentiable) operation. However, initial experiments have shown that this
approach results in very poor results. As we demonstrate in this can be attributed to the fact
that, while tensor sketches provide a decent approximation when used for tensor decomposition,
the approximation quality for general tensor contraction can be very poor. Instead we propose an
alternative approach, where we use a sketch of I to compute a factorized PSRNN which does not
use sketches. This involves using the sketch of IV to compute an approximate CP decomposition
of the full W. It turns out that this approach is not subject to the limitations of the naive approach
and can be used to obtain a practical model. As a reminder, if we factorize W we can write the
PSRNN update equation as:

C"(Agq; o Boy)
Gt+1 = T
1T (Agi 0 Boy)|

(7.17)

which is referred to as a factorized PSRNN.

7.2.2 Hybrid ALS with Deflation

Wang et al. [110] proposed a CP decomposition method based on alternating least squares
(Algorithm |§]) The core operation in alternating least squares is the tensor product T'(7, b, ¢),
which can be carried out with sketches using (7.9).

Proposition 31. For K components and L iterations, Algorithm @ has O(LK*B(dlogB +
blogb) + L(dK? + K3)) time complexity and O(bB + Kd + K?) space complexity.

Proof. For each iteration and each component, we need to (1) sketch the factors [O(Bd)] (2)
perform contraction [O(Bblogb)] and (3) perform reconstruction [O(d®B logB)]. For each
iteration we also need to compute C''C o B'B* [O[(dK? + K?)]] and update A [(dK?)].
Normalization and updating of B and C' does not affect the asymptotic rate.

The space complexity arises from the need to store the sketches [O(8b)], rank-1 components
[O(Kd)] and matrices AT A, BT B,CTC [O(K?)]. O

Algorithm [6] scales linearly (instead of cubically) in the dimension d. [110] demonstrated that
Algorithm [ can recover the top few components of a 1000 dimensional tensor. However, we have
observed that Algorithm [6] often has trouble when simultaneously considering a large number of
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components, as we demonstrate in Section Also, for a large number of components (which
may be required to accurately approximate W), the fact that the cost is polynomial in K can
become problematic.

For this reason we opt to use a deflation based approach. We use Algorithm [6] to recover
one component. Then we deflate the input tensor by subtracting that component and reiterate.
Note that deflation can be performed on sketched tensors. The process is detailed in Algorithm
Recovering a single component means the intermediate quantities A" A, B' B and C"C in
Algorithm [6] are simply scalars. Not only does this approach produce better decomposition, as
we demonstrate in Section [7.3.2] but it is also better in terms of time and space complexity, as we
show below.

Proposition 32. For K components and L iterations per component, AlgorithmE]has O(LK*B(dlog b+
blogb) + K Ld) time complexity and O(bB + K d) space complexity.

Proof. The result is derived by substituting X = 1 in the time complexity of Algorithm [6]
(Proposition [31)) and multiplying the result K times. The deflation step needs O(Bblog b) time
and thus does not change the asymptotic rate. ]

Of course, it is possible to use a batched version of Algorithm [7, where in each iteration we
extract M components using ALS. However, we show in Section that using M = 1 is more
effective.

7.2.3 Learning a Factorized PSRNN

Given the previous discussion, we propose the following algorithm for learning a factorized
PSRNN:

1. Estimate the initial state ¢; as the average future feature vector % Zthl gb{ :
Estimate the parameter tensor sketch s, using Algorithm 5]

Factorize the parameter tensor using Algorithm

Use the factorized PSRNN to compute states ¢;.; by applying (7.10).

Solve a linear regression problem from g, to o, to estimate the prediction matrix Wiyeq.

A T

Further refine the resulting PSRNN using backpropagation through time.

7.3 Experiments

7.3.1 Tensor Product vs. Tensor Decomposition

As mentioned in Section tensor sketching allows us to approximate the tensor contraction by
applying (??) to the sketches of the tensor and the vectors. Tensor contraction appears as part of
the state update in as well as a core operation in tensor CP decomposition.

In this experiment, we compare using tensor sketching to approximate contraction within CP
decomposition vs a general application scenario. To do so we conduct a number of trials, in each
trial we generate a tensor T = Zfﬂl Aitl; @ v; @ w; € R200%200x200 "ywhere \; = exp(—0.5(i — 1))
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Algorithm 6 Fast ALS using sketches (DECOMPALS)
Input:
e Hash functions (), (@) fori € {1,2,3} and j € [B].

o Tensor sketch s’ for j € [B] where T € Rxd2xs,

e Number of factors K.
Output:Factor weights {\; } X, and unit vectors {(a; € R% b, € R ¢, € R%)}E | such
that W =~ Zlf:l A @ b @ cp.
1: A, B,C <« random (d, ds, d3) X K matrices with normalized columns.
2: forv=1to Ldo
33 fork=1to Kdo
for 5 =1to B do

Compute 31(72’5 ) and Se

s g([;)b o) (using (7.9)
end for
// reconstruct ay:
for j =1tod; do
10: ar; + med(Re({st,” [REA) ()]CI)}E)
11: end for
12:  end for
132 A+ A(CTC)o(B"B))*.
14: A < ||ag| fork € {1,..., K}
15:  Normalize the columns of A.
16:  Update B and C' similarly.
17: end for

(3 B)

oA

Algorithm 7 Hybrid Decomposition with ALS and Deflation (DECOMPHYBRID)

e Hash functions (), (@9 fori € {1,2,3} and j € [B].

e Tensor sketch s’ for j € [B] where T € Rixd2xds,

e Number of factors K, block size M.

Factor weights { )\, }1 | and unit vectors {(a, € R%, b, € R% ¢}, € R%)}E | such that

W =~ Zszl /\kak X bk X Ck.
for k = 1to K do

)\k, ag, bk, Cp < DECOMPALS(ST, K = 1)

forj =1to*B do

(2 7y 35)

(j%)\s *s * S¢,

W Y

end for
end for

A A T
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and u;, v; and w; are sampled uniformly from unit sphere. We use sketching with 8 = 10 and
b = 10000 to approximate two operations: (1) generic tensor contraction, where we approximate

= % for two random vectors b and ¢ drawn from unit sphere, and (2) recovering u, through
ALS method (Algorithm [6). We then compute the angle between the true and approximated
vectors.

The results are shown in Figure The figure shows clearly that tensor contraction via
sketching is robust when used within CP decomposition, even when its approximation quality is
poor in general. We examined the cases where ALS failed to recover u; and we found that this
“failure” is actually due to recovering a different vector ;. The results of this experiment provides
justification to use tensor sketching as a means to obtain a factorized PSRNN as opposed to using

it to represent the PSRNN, as described in Section
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Figure 7.1: Approximation quality of general tensor contraction vs. recovering the first rank-1
component of a tensor. (left): Histogram of dot product between normalized true and approximate
contraction results. (middle): Histogram of dot product between true and approximate first rank-1
component vector. (right): Histogram of maximum dot product between approximate first rank-1
component vector and all true rank-1 components, showing that failures in (middle) are due to
recovering a different rank-1 component.

7.3.2 Tensor Decomposition: Alternating Least Squares vs. Deflation

In the experiment shown in Figure [7.3] we compare different methods for tensor decomposition,
showing the efficacy of rank-1 updates with deflation

7.3.3 Sketching for Factorized PSRNNs

Downey et al. [41] showed that using 2SR to initialize a PSRNN to have good initial performance
(prior to BPTT) can improve both the convergence rate of BPTT, and the performance of the final
model. In this experiment we compare the initial performance of factorized PSRNNSs initialized
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Figure 7.2: Relative residual norm for different decomposition methods using tensor sketches.

using sketched 2SR with that of the corresponding full (unfactorized) PSRNN initialized using
conventional 2SR. Each factorized PSRNN can be thought of as an approximation of the full
PSRNN, with factorized models of higher rank corresponding to better approximations. The
key question we seek to answer in this experiment is to what degree the error introduced by
compression via sketched factorization impacts the performance of the model as a recursive filter.

We use the Penn Tree Bank (PTB) dataset for our experiments [75]. Due to hardware
limitations we use a train/test split of 120780/124774 characters. We use history (similarly future)
features consisting of the past (next) 10 characters as one-hot vectors concatenated together. We
use a ridge-regression parameter of 0.05 (consistent with the values suggested in 26} 41]). We use
a gaussian kernel with width set to the median pairwise (Euclidean) distance between neighboring
data points, approximated using 1000 RFF. We use a fixed learning rate of 0.1 for BPTT with a
BPTT horizon of 20. We evaluate using perplexity on the one-step prediction task.

Log Perplexity vs Compression Rate
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Figure 7.3: Log Perplexity on PTB for factorized PSRNN initialized using Sketched 2SR

Figure|7.3|shows the results. Each blue dot corresponds to a factorized PSRNN with some
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level of compression. Compression is obtained by using smaller sketches, and a factorized PSRNN
with lower rank factors. We see that (unsurprisingly) as the compression rate increases, model
performance decreases. However this decrease is graceful, and we see that it is possible to achieve
high compression rates (e.g. 20x) while still offering significant performance benefits over a
randomly initialized model. This result shows that we can use sketched 2SR to directly learn
factorized PSRNNs which are orders of magnitude smaller than the corresponding full PSRNNSs,
yet have comparable performance.

7.4 Conclusions

We present Sketched 2SR, a novel formulation of two-stage regression (2SR) which uses tensor
sketching, combined with tensor power iteration, to directly learn a factorized PSRNN from data.
Sketched 2SR requires only O(d) space and O(d?) time, compared with 2S5 R which requires
O(d?) space and O(d?) time.

This tensor sketch approach removes the scaling limitation of PSRNNs, overcoming a major
barrier preventing this class of models from being applied to real-world problems at commercial
scale. We note that while we focus on PSRNNSs, this work can be easily extended to a variety of
other models which can be initialized using the 2SR framework.

In addition as part of this work, we also demonstrate observations about the use of tensor
sketching that could be of independent interest.
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Chapter 8

Orthogonal Random Features for
Predictive State Models

The unified models previously developed in this thesis all rely on embedding and manipulating
the underlying probability distributions in an RKHS. To obtain practical implementations of these
models we use the machinery of Random Features (RFs): input features are mapped into a new
space where dot products approximate the kernel well [87]. While RFs an extremely powerful
technique, they have the unfortunate downside that we often require a significant number of
RFs in order to obtain good results. Furthermore, the number of required RFs grows with the
dimensionality of the input, resulting in models which can be large, slow to execute, and slow to
train.

One technique that has proven to be effective for reducing the required number of RFs for
kernel machines is Orthogonal Random Features (ORFs) [117]. When using ORFs, the matrix
of RFs is replaced by a properly scaled random orthogonal matrix, resulting in significantly
decreased kernel approximation error. A particularly nice feature of ORFs is that [35,[117] prove
that using ORFs results in a guaranteed improvement in pointwise kernel approximation error
when compared with RFs.

Unfortunately the guarantees in Yu et al. [117] are not directly applicable to the models
discussed in this thesis. To see why note that PSMs first obtain a set of model parameters
via ridge regression, then use these model parameters to calculate inner products in RF space.
This “downstream” application of RFs goes beyond the results proven in Yu et al. [117] and
Choromanski et al. [35]. Hence it is not clear whether or not ORF can be applied to obtain an
improvement in the our setting.

In this work, we show that ORFs can be used to obtain Orthogonal PSRNNs (OPSRNSs) which
are both smaller, and faster to execute and train those initialized using conventional unstructured
RFs. We theoretically analyze an orthogonal version of the 2-stage regression algorithm for
PSRNNs and show that orthogonal models lead to kernel algorithms with strictly better spectral
properties and explain how this translates to strictly smaller upper bounds on failure probabilities
regarding KRR empirical risk. We compare the performance of OPSRNNs with that of LSTMs
as well as conventional PSRNNSs on a number of robotics tasks, and show that OPSRRNs are
consistently superior on all tasks. In particular, we show that OPSRNN models can achieve
accuracy similar to PSRNNs with an order of magnitude smaller number of features needed.
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The ideas developed in this chapter are more generally applicable than just PSRNNs, however
we focus on PSRNNS for clarity of exposition.

8.1 Orthogonal Random Features

We explain here how to construct orthogonal random features to approximate values of kernels
defined by the prominent family of radial basis functions and consequently, conduct kernel ridge
regression for the OPSRNN model. A class of RBF kernels I (RBFs in shorthand) is a family
of functions: K, : R” x R" — R forn = 1,2, ... such that K,,(x,y) = ¢(2), for z = ||x — y||2,
where ¢ : R — R is a fixed positive definite function (not parametrized by n). An important
example is the class of Gaussian kernels.

Every RBF kernel K is shift-invariant, thus in particular its values can be described by an
integral via Bochner’s Theorem [87]:

n

Kx,y) = Re/ exp(iw ' (x — y))px (dw), (8.1)

where px € M(R™) stands for some finite Borel measure. Some commonly used RBF kernels K
together with the corresponding functions ¢ and probability density functions for measures (i x
are given in Table The above formula leads straightforwardly to the standard unbiased Monte-
Carlo estimator of K (x,y) given as: K(x,y) = ®,), ,,(x)®,, »(y), where a random embedding
D,p o R™ — R*™ js given as:

1 1 "

D, 0 (x) = (— cos(W, X), —— sin(w;x)) : (8.2)
v Vi i=1

vectors w; € R" are sampled independently from px and m stands for the number of random

features used. In this scenario we will often use the notation wi¢, to emphasize that different w;s

are sampled independently from the same distribution.

Name ‘ Positive-definite function ¢ ‘ Probability density function
. 1 o2

Gaussian o’ exp <_ﬁ22) @y OXP (—ﬁHWH%)

Laplacian exp(—z) H?=1 m

Figure 8.1: Common RBF kernels, the corresponding functions ¢, and probability density
functions (here: w = (wy, ..., wy) 7).

For a datasets X', random features provide an equivalent description of the original kernel
via the linear kernel in the new dataset (X)) = {®(x) : x € X'} obtained by the nonlinear
transformation ¢ and lead to scalable kernel algorithms if the number of random features needed
to accurately approximate kernel values satisfies: m < N = |X|.

Orthogonal random features are obtained by replacing a standard mechanism of constructing
vectors w; and described above with the one where the sequence (w1, ..., w,;, ) is sampled from a
“related” joint distribution xS on R™ x ... x R™ satisfying the orthogonality condition, namely:

K,m,n
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with probability p = 1 different vectors w; are pairwise orthogonal. Since in practice we often
need m > n, the sequence (W;);—1_., is obtained by stacking some number of blocks, each of
length [ < n, where the blocks are sampled independently from 95

Km,n*

It remains to explain how 95 is constructed. We consider two main architectures. For

the first one the marginal distributions (distributions of individual vectors w;) are px. A sample

(w9 ..., wo") from the joint distribution might be obtained for instance by constructing a random
matrix G = [(wid)T; . (wid)T] € R™*" performing Gram-Schmidt orthogonalization and

then renormalizing the rows such that the length of the renormalized row is sampled from the
distribution from which ||wi4|s are sampled. Thus the Gram-Schmidt orthogonalization is used
just to define the directions of the vectors. From now on, we will call such a joint distribution
continuous-orthogonal. The fact that for RBF kernels the marginal distributions are exactly
i and thus, kernel estimator is still unbiased, is a direct consequence of the isotropicity of
distributions fom which directions of vectors wi¢ are sampled. For this class of orthogonal
estimators we prove strong theoretical guarantees showing that they lead to kernel ridge regression
models superior to state-of-the-art ones based on vectors wid,

Another class of orthogonal architectures considered by us is based on discrete matrices. We
denote by D a random diagonal matrix with nonzero entries taken independently and uniformly
at random from the two-element set {—1, +1}. Furthermore, we will denote by H a Hadamard
matrix obtained via Kronecker-products (see: Choromanski et al. [35]). An m-vector sample from
the discrete-orthogonal joint distribution is obtained by taking m first rows of matrix G defined as
Guap = HD; - ... - HDy for: fixed k£ > 0, independent copies D; of D and then renormalizing
each row in exactly the same way as we did it for continuous-orthogonal joint distributions. Note
that Gpap is a product of orthogonal matrices, thus its rows are also orthogonal. The advantage
of a discrete approach is that it leads to a more time and space efficient method for computing
random feature maps (with the use of Fast Walsh-Hadamard Transform; notice that the Hadamard
matrix does not even need to be stored explicitly). This is not our focus in this paper though.
Accuracy-wise discrete-orthogonal distributions lead to slightly biased estimators (the bias is a
decreasing function of the dimensionality 7). However as we have observed, in practice they
give as accurate PSRNN models as continuous-orthogonal distributions, consistently beating
approaches based on unstructured random features. One intuitive explanation of that phenomenon
is that even though in that setting kernel estimators are biased, they are still characterized by
much lower variance than those based on unstructured features. We leave a throughout theoretical
analysis of discrete-orthogonal joint distributions in the RNN context to future work.

8.2 The theory of the orthogonal kernel ridge regression

In this section we extend the theoretical guarantees of Yu et al. [[117] to give rigorous theoretical
analysis of the initialization phase of OPSRNN. Specifically, we provide theoretical guarantees
for kernel ridge regression with orthogonal random features, showing that they provide strictly
better spectral approximation of the ground-truth kernel matrix than unstructured random features.
As a corollary, we prove that orthogonal random features lead to strictly smaller empirical risk of
the model. Our results go beyond second moment guarantees and enable us to provide the first
exponentially small bounds on the probability of a failure for random orthogonal transforms.
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Before we state our main results, we will introduce some basic notation and summarize
previous results. Assume that labeled datapoints (x;, y;), where x; € R", y; € Rfori = 1,2, ...,
are generated as follows: y; = f*(x;) + v;, where f* : R" — R is a function that the model aims
to learn, and v; for ¢ = 1, 2, ... are independent Gaussians with zero mean and standard deviation
o > 0. The empirical risk of the estimator f : R" — R is defined as follows:

N

RUF) = Byl S0 = F(x0))), 53

j=1
where N stands for a dataset size.
By .. € RY we denote a vector whose j' entry is f*(x;). Denote by fxrr a kernel ridge
regression estimator applying exact kernel method (no random feature map approximation).
Assume that we analyze kernel K : R" x R™ — R with the corresponding kernel matrix K. It is

a well known result 3], [11] that the empirical risk of fkrg is given by the formula:

R(fxrr) = NN () T (K 4+ ANIy) 2f5 + N 1o? Tr(K*(K + ANTIy) 2), (8.4)

vec vec

where A > 0 stands for the regularization parameter and 1y € RNV is an identity matrix.
Denote by fkrr an estimator based on some random feature map mechanism and by K the
corresponding approximate kernel matrix.
The expression that is used in several bounds on the empirical risk for kernel ridge re-
gression (see for instance Avron et al. [10]) is the modified version of the above formula
for R(fxrr), namely: Rx(f5.) = NIN2(f7 )" (K + ANIy) "5+ N~lo?s,(K), where

vec vec

sx(K) = Tr(K(K + ANIy)™!). It can be easily proven that R(fxrr) < Rk (f5.).

To measure how similar to the exact kernel matrix (in terms of spectral properties) a kernel
matrix obtained with random feature maps is, we use the notion of A-spectral approximation [10].

Definition 33. For a given 0 < A < 1, matrix A € RNV is a A-spectral approximation of a
matrix B € RMN if (1 - A)B <A <X (1+A)B.

It turns out that one can upper-bound the risk R(]?KRR) for the estimator fKRR in terms of the
A parameter if matrix K + ANI ~ is a A-spectral approximation of the matrix K + AN1y, as the
next result [[10] shows:

Theorem 34. Suppose that |K||y > 1 and that matrix K + ANy obtained with the use of
random features is a A-spectral approximation of matrix K + AN1y. Then the empirical risk
R(fxrr) of the estimator fxrr satisfies:

A~

I A rank(K) ,
AR ey (8.5)

R(]?KRR) <

8.2.1 Superiority of the orthogonal features for kernel ridge regression

Consider the following RBF kernels, that we call smooth RBFs. As we show next, Gaussian
kernels are smooth.
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Definition 35 (smooth RBFs). We say that the class of RBF kernels defined by a fixed ¢ :
R — R (different elements of the class corresponds to different input dimensionalities) and
with associated sequence of probabilistic measures {1, pia, ...} (1t; € M(R?)) is smooth if there
exists a nonincreasing function f : R — R such that f(x) — 0 as © — oo and furthermore
the k' moments of random variables X,, = ||w||, where w ~ p, satisfy for every n,k > 0:
EX* <(n—1)(n+1)-...-(n+ 2k —3)k!f*(k).

Many important classes of RBF kernels are smooth, in particular the class of Gaussian kernels.
This follows immediately from the well-known fact that for Gaussian kernels the above k"

moments are given by the following formula: E[X*] = ok (5 (+k )1) forn > 1.
2

Our main result is given below and shows that orthogonal random features lead to tighter
bounds on A for the spectral approximation of K + ANT1. Tighter bounds on A, as Theorem
explains, lead to tighter upper bounds also on the empirical risk of the estimator. We will prove it
for the setting where each structured block consists of a fixed number [ > 1 of rows (note that
many independent structured blocks are needed if m > n), however our experiments suggest that
the results are valid also without this assumption.

Theorem 36 (spectral approximation). Consider a smooth RBF (in particular Gaussian kernel).
Let A;iq denote the smallest positive number such that Kiiq + ANy is a A-approximation of
K + AN1y, where Kyiq is an approximate kernel matrix obtained by using unstructured random
features. Then for any a > 0,

A0 min

N )
— 2 . .
where: plj\?m is given as: p}‘\?m( ) = N2e=™%" for some universal constant C' > 0, m is the

number of random features used, o, is the smallest singular value of K + ANy and N is
dataset size. If instead orthogonal random features are used then for the corresponding spectral
parameter A the following holds:

P[Aua > a] < pid ( (8.6)

~ ao’ .
P[Aort > a] S p%:ﬁm< ;m),
ort iid

where function p°rt satisfies: py., < PN, for n large enough.

We see that both constructions lead to exponentially small (in the number of random features
m used) probabilities of failure, however the bounds are tighter for the orthogonal case. An exact
formula on p‘””t can be derived from the proof that we present in the Appendix, however for
clarity we do not give it here.

Theorem [36|combined with Theorem [34|1lead to risk bounds for the kernel ridge regression
model based on random unstructured and random orthogonal features. We use the notation
introduced before and obtain the following:

Theorem 37. Under the assumptions of Theorem and Theorem [36] the following holds
Jor the kernel ridge regression risk and any ¢ > 0 if m-dimensional unstructured random
feature maps are used to approximate a kernel: P[R( fKRR) > ] < pi,, (%5e2), where a, is

N
M and the probability is taken with respect to the random choices
e m

of features. lIf instead random orthogonal features are used, we obtain the following bound:
P[R (fKRR) > c] < pR, (FeFme).

8.7)

given as: a, = 1 —
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As before, since for large n function p3',, satisfies p%',, < pi}\}fm, for orthogonal random

features we obtain strictly smaller upper bounds on the failure probability regarding empirical risk
than for the state-of-the-art unstructured ones. In practice, as we will show in the experimental
section, we see gains also in the regimes of moderate dimensionalities n.

8.3 Experiments

In section [8.2] we extended the theoretical guarantees for ORFs to the case of the initialization
phase of OPSRNN:S. In this section we confirm these results experimentally and show that they
imply better performance of the entire model by comparing the performance of PSRNNs with that
of OPSRNN’s on a selection of robotics time-series datasets. Since OPSRNN models obtained via
continuous-orthogonal and discrete-orthogonal joint sampling (see: Section[8.1]) gave almost the
same results, presented OPSRNN-curves are for the continuous-orthogonal setting.

8.3.1 Experimental Setup

We now describe the datasets and model hyperparameters used in our experiments. All models
were implemented using the Tensorflow framework in Python.

We use the following datasets in our experiments:

e Swimmer We consider the 3-link simulated swimmer robot from the open-source package
OpenAl gymﬂ The observation model returns the angular position of the nose as well as
the (2D) angles of the two joints, giving in a total of 5 features. We collect 25 trajectories
from a robot that is trained to swim forward (via the cross entropy with a linear policy),
with a train/test split of 20/5.

¢ Mocap A Human Motion Capture dataset consisting of 48 skeletal tracks from three human
subjects collected while they were walking. The tracks have 300 time steps each, and
are from a Vicon motion capture system. We use a train/test split of 40/8. There are 22
total features consisting of the 3D positions of the skeletal parts (e.g., upper back, thorax,
clavicle).

e Handwriting This is a digital database available on the UCI repository [4] created using a
pressure sensitive tablet and a cordless stylus. Features are = and y tablet coordinates and
pressure levels of the pen at a sampling rate of 100 milliseconds giving a total of 3 features.
We use 25 trajectories with a train/test split of 20/5.

¢ Moving MNIST Pairs of MNIST digits bouncing around inside of a box according to ideal

physics. http://www.cs.toronto.edu/~nitish/unsupervised_video/.

Each video is 64x64 pixels single channel (4096 features) and 20 frames long. We use 1000
randomly selected videos, split evenly between train and test.

In two-stage regression we use history (similarly future) features consisting of the past (next)

2 observations concatenated together. We use a ridge-regression parameter of 10(~2) (this is

consistent with the values suggested in Boots et al. [26], Downey et al. [41]). The kernel width is

'https://gym.openai.com/
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set to the median pairwise (Euclidean) distance between neighboring data points. We use a fixed
learning rate of 0.1 for BPTT with a BPTT horizon of 20. We use a single layer PSRNN.

We optimize and evaluate all models with respect to the Mean Squared Error (MSE) of one
step predictions (this should not be confused with the MSE of the pointwise kernel approximation
which does not give the downstream guarantees we are interested in here). This means that to
evaluate the model we perform recursive filtering on the test set to produce states, then use these
states to make predictions about observations one time step in the future.

8.3.2 Results
Orthogonal RF for 2SR

In our first experiment we examine the effectiveness of Orthogonal RF with respect to learning a
good PSRNN via 2SR. In figure [8.2| we compare the MSE for a PSRNN learned via Orthogonal
RF with that of one learned using Standard RF for varying numbers of random features. Note
that these models were initialized using 2SR but were not refined using BPTT. We see that in all
cases when the ratio of RF to input dimension is small Orthogonal RF significantly outperforms
Standard RF. This difference decreases as the number of RF increases, with both approaches
resulting in similar MSE for large RF to input ratios.

Moving MNIST Data Set
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Figure 8.2: MSE for Orthogonal RF vs Standard RF after two stage regression

Orthogonal RF for BPTT

In our second experiment we examine the effectiveness of Orthogonal RF with respect to learning a
good PSRNN via 2SR initialization combined with refinement via BPTT. In figure[8.3|we compare
the MSE for a PSRNN learned via Orthogonal RF with that of one learned using Standard RF over
a number of epochs of BPTT. We see that on all datasets, for both Orthogonal RF and Standard
RF, MSE decreases as the number of epochs increases. However it is interesting to note that in all
datasets Orthogonal RF converges to a better MSE than Standard RF.

8.3.3 Discussion

These results demonstrate the effectiveness of Orthogonal RF as a technique for improving the
performance of downstream applications. First we have shown that Orthogonal RF can offer
significant performance improvements for kernel ridge regression, specifically in the context of
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Moving MNIST Data Set
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Figure 8.3: MSE for Orthogonal RF vs Standard RF after two stage regression and BPTT

the 2SR algorithm for PSRNNs. Furthermore we have shown that not only does the resulting
model have lower error, it is also a better initialization for the BPTT gradient descent procedure.
In other words, using a model initialization based on orthogonal RF results in BPTT converging
to a superior final model.

While the focus of these experiments was to compare the performance of PSRNNs and
OPSRNN:s, for the sake of completeness we also include error plots for LSTMs. We see that
OPSRNN:Ss significantly outperform LSTMs on all data sets.

8.4 Related Work

Orthogonal random features were introduced in Yu et al. [[117] as an alternative to the standard
approach for constructing random feature maps to scale kernel methods [87]. Several other
structured constructions were known before [2, [17, 133}, 134, |58, 1109, [118]], however these were
motivated by computational and space complexity gains and led to weaker accuracy guarantees.
In contrast to this previous work, orthogonal random features were proposed to improve accuracy
of the estimators relying on them. Such an improvement was theoretically and experimentally
verified, but only for pointwise kernel approximation [35,117]] and for specific kernels (such as
Gaussian for dimensionality large enough, as well as dot-product and angular kernels). It was not
clear whether these pointwise gains translate to downstream guarantees for algorithms relying
on kernels (for instance kernel ridge regression), even though there was some partial empirical
evidence that this might be the case (in Choromanski et al. [35] orthogonal random features were
experimentally tested to provide more accurate approximation of the groundtruth kernel matrix in
terms of the Frobenius norm error). Even for the pointwise estimators and for the selected kernels,
the guarantees were given only with the use of second moment methods (variance computation)
and thus did not lead to strong concentration results with exponentially small probabilities of
failure, which we obtain in this paper.

To the best of our knowledge, we are the first to apply orthogonal random features via
kernel ridge regression for recurrent neural networks. There is however vast related literature
on orthogonal recurrent neural networks, where the matrices are enforced to be orthogonal or
initialized to be random orthogonal. Probably some of the most exploited recent directions are
unitary evolution RNN architectures [8], where orthogonal and unitary matrices are used to
address a key problem of RNN training - vanishing or exploding gradients. Related results are
presented in

144



Henaff et al. [57]], Saxe et al. [90] (orthogonal initialization for training acceleration), Ganguli et al.
[48]] and White et al. [114]. Most of these results do not provide any strict theoretical guarantees
regarding the superiority of the orthogonal approach.

Even though these approaches are only loosely related to our work, there is a common
denominator: orthogonality, whether applied in our context or the aforementioned ones, seems
to to be responsible for disentangling in (deep) representations [1]. Our rigorous theoretical
analysis shows that this phenomenon occurs for the orthogonal KRR that is used as a subroutine
of OPSRNNSs, but the general mechanism is still not completely understood from the theoretical
point of view.

8.5 Conclusions

We showed how structured orthogonal constructions can be effectively integrated with recurrent
neural network based architectures to provide models that consistently achieve performance
superior to the baselines. They also provide significant compression, achieving similar accuracy as
PSRNNSs with an order of magnitude smaller number of features needed. Furthermore, we gave the
first theoretical guarantees showing that orthogonal random features lead to exponentially small
bounds on the failure probability regarding empirical risk of the kernel ridge regression model.
The latter one is an important component of the RNN based architectures for state prediction that
we consider in this paper. Finally, we proved that these bounds are strictly better than for the
standard non-orthogonal random feature map mechanism. Exhaustive experiments conducted on
several robotics task confirm our theoretical findings.
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Proof’s

We will use the notation from the main body of the paper.

8.A Proof of Theorem

We will assume that a dataset X = {x, ..., xy } under consideration is taken from a ball B of a
fixed radius r (that does not depend on data dimensionality n and dataset size V') and center X.
We begin with the following lemma:

Lemma 38. Fix an RBF kernel K : R x R". Consider a randomized kernel estimator K with
a corresponding random feature map: ®,,,, : R" — R*™ and assume that for any fixed i, ] €
{1, ..., N} the followig holds for any ¢ > 0: P[|®,, ,(x;) T @ n(x;) — K(xi,%x;)| > ] < g(c) for
some fixed function g : R — R. Then with probability at least 1 — N*g(c), matrix K + My isa
A-spectral approximation of matrix K + Ny for A = UN <, where o, stands for the minimal

singular value of K + A y.

min

Proof. Denote K + ANIy = VX2V, where an orthonormal matrix V € RV*" and a diagonal
matrix ¥ € RV deﬁne the eigendecomposition of K + ANIy. Following [10], we notice that
in order to prove that K + A\l is a A-spectral approximation of K + Al y, it suffices to show that:

|ST'VKVTE ! - S 'VKV S, < A (8.8)
From basic properties of the spectral norm || || and the Frobenius norm |||| » we have:

PIE'VKVTE ' = S 'VKV S, > Al < P 'V[|K - K|V, > A]
(8.9)
A2 ]
=V VI=- 13

Furthermore, since V is an isometry matrix, we have: |[S7'V||2 < L and |[VTZ |2 <

Omin
1

Omin

Thus we have:

The latter probability is equal to p = P[||[K — K||2 >

p <P[|K-K|% > A2, ]. (8.10)

min

Now notice that from the union bound we get:

.. .. AO-min ..
p < N*PIRG, ) — K(0,))] > Z2] = N[y () By 5) — K (i, )] >
R (8.11)
Therefore the probability that K + Ay is a A-spectral approximation of K + Al is at least

1 — N?g(c) for ¢ = 2%uin and that completes the proof.
O]

Our goal right now is to compute function g from Lemma [3§] for random feature maps
constructed according to two procedures: the standard one based on independent sampling and the
orthogonal one, where marginal distributions corresponding to the joint distribution (w1, ..., w,;,)
are the same, but vectors w; are conditioned to be orthogonal.
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We start with a standard random feature map mechanism. Note first that from basic properties
of the trigonometric functions we conclude that for any two vectors x,y € R", the random feature
map approximation of the RBF kernel K (x, y) which is of the form K (x,y) = 1P (%) T @ ()
can be equivalently rewritten as: K(X, y) = =57 cos(w; z) for z = x — y. This is true for
any joint distribution (w1, ..., W, ).

Lemma 39. If mapping ®,, ,, is based on the standard mechanism of independent sampling
then one can take as function g from Lemma a function given by the following formula:
g(z) = e ™ for some universal constant C' > 0.

Proof. Notice first that by the remark above, we get: P[|®,, .(x;) " P, (x5) — K (x4, %;)| > 2] =

P[>, Z; > x|, where Z; = - cos(w, z) — L¢(z), 2 = ||x — y||2 and ¢ is a positive definite
function associated with an RBF kernel K. From the unbiasedness of the estimator we see that
E[Z;] = 0. Also, notice that: | Z;| < 2 and different Z;s are independent. Thus, from the standard
application of Chernoff inequality we get: P[> " | Z;, > z] < e~Cm=* for some universal constant
C > 0 (that does not depend on m). That completes the proof. ]

By combining Lemma [38] with the formula on g for the standard unstructured case from
Lemma (39| we already obtain the formula for p“d from the statement of the theorem. It remains
to show that PR < PN

Note that in the previous proof the upper bound on g is derived as a monotonic function of
E[e!2=1 %] for a parameter ¢ > 0 (that is then being optimized),as it is the case for the standard
Chernoff’s argument. Now, since variables Z; are independent, we obtained: ]E[etzzll Zi} =
[T, E[e'#]. Thus, if we can prove that for the continuous-orthogonal distribution we have:
E[et=i=1 %] < [[, E[e'4], then we complete the proof of Theorem. (note that the marginal
distributions of Z; are the same for both: standard mechanism based on unstructured random
features and the one based on continuous-orthogonal sampling of the m-tuple of n-dimensional
vectors).

This is what we prove below.

Lemma 40. Fix some z € R" and t > 0. For a sample (W, ..., wo") from the continuous-
orthogonal distribution the following holds for n large enough:

Efew D e 9] o T Elen oo™ 7], (8.12)

i=1

Proof. Since different blocks of vectors w; used to construct the orthogonal feature map are
independent (the number of blocks is greater than one if m > n), it suffices to prove the inequality
just for one block. Thus from now on we will focus just on one block and thus without loss of
generality we will assume that m < n.

Note first that

H Efen (™) 72)] = Fen it cos((wi) T2)] (8.13)
i=1
where (wid, ... wiid) stands for the m-tuple sample constructed by the standard unstructured
mechanism.
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Thus we need to prove that
E[e% > COS((W?”)TZ)] < ]E[ei > COS((W?d)TZ)] (8.14)
Using Taylor expansion for e”, we conclude that it sufficies to prove that:

Z (t)JAlJr___Jrjm]E[cos((w‘l’“)Tz)j1 e Cos((w%t)Tz)jm]

T ol
J1rizoim n J1ic et Ik (8 15)
< Z (3)j1+...+ij[COS((Wllld)—rz>.jl Tt C.OS(<W'1nl;i>TZ)Jm]7
4~ 'n gl !
J15J25-5Im
i.e. that:
S Cpretin LAy ) > 0 816
L g Gl gl T (8.16)
J15J25--5]m
where:
A(j1, .y Ji) = E[cos((Wi) Tz)7 - - cos((wWih) Tz)im — cos((w™) "z)7" - ... - cos((wo') Tz )im]
(8.17)
By applying the trigonometric formula:
1
cos(a) cos(B) = é(cos(oz + B) 4 cos(a — 3)), (8.18)
we get:
. . 1
Ay - 00) = G, ) E|
S1yeeny Sj cootim —17 1
1 1+t 6{ + } (8'19)

cos (W' @, Wi @, ... ®s,;, 1 wild) ®s;, .)'z) —

-
cos (((W(frt Ry, W R, ®sj, 1 wi™) ®s;, ) z)]7
where ®; stands for vector-addition operator and ® _; stands for vector-subtraction operator.
Note that without loss of generality we can assume that s;, = s;,1;, = ... = +1, since for
other configurations we obtain a random variable of the same distribution. Consider a fixed

configuration (sy, Sg, ..., Sj,+..+5,,) and the corresponding term of the sum above that can be
rewritten in the compressed way as:

F = Elcos(nwid+nowid . 4n,, wih) T z] —E[cos(nwi +nows ... 4n, wo) T z], (8.20)

for some nq, ..., n,, € Z. Without loss of generality, we can assume that ny, ..., n,, € N, since
the distribution of the random variables under consideration does not change if n; is replaced
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with —n;. Without loss of generality we can also assume that there exists ¢ € {1, ..., m} such that
n; > 0, since otherwise the corresponding term £ is equal to 0.

Denote by Ry, ..., R,, the set of independent random variables, where each is characterized by
the distribution which is the distribution of vectors wi¢ (and thus also of vectors w?'). Denote:
R = \/n3R?+ ...+ n2 R2,. Note that n;w™ + nows™ + ... 4 n,, W ~ Rv, where v is a unit
Ly-norm vector taken uniformly at random from the sphere of radius 1 and furthermore: 12 and v
are chosen independently That is implied by the isotropicity of vectors wi'. Similarly, denote

Note that, by the s1m11ar analysm as before, we conclude that n, wid + nowid + ..+ n, wid ~ Rv
and furthermore, I? and v are chosen independently.
Therefore, by expanding cos(z) using Taylor expansion, we get:

|Z|2k [( TA 2k |Z|2k

[( T/Z\)%]E[R%]’ (821)

o Z' o Z'

where: z = 7oy Denote: A(k,n) = E[(v'2)*] (note that v,z € R"). It is easy to see that for
odd k we have: A(n, k) = 0. We obtain:

z|| 2% ( kA 2k,n),_ =~
F= Z (ol (2k,n) (E[R*] — E[R*)). (8.22)
The following technical fact will be useful:

Lemma 41. Expression A(k,n) is given by the following formula:

o 1 " k cn—2
Allm) = ety /0 cost (0) sin"2(0)do, (8.23)

which can be equivalently rewritten (by computing the integrals explicitly) as:

A%k, n) (n=2)(n—4)-...-6(n=2) (2k — 1!
n—=3)(n—5).-y(n=2) (n—1)(n+1). (n+2k 3)
(n+42k —3)(n+2k —5)...-y(n=2)
(n+2k—2)(n+2k—4)...-(n=2)’
where: 6(n = 2) = 2ifn = 2and §(n = 2) = 1 otherwise and: v(n = 2) = 1 if n = 2 and
v(n = 2) = 2 otherwise.
In particular, the following is true:

(8.24)

(2% — 1)!
A2k < : 8.25
ARkl < O m ) s 26— 3) (8.23)
We will use that later. Note that v,/ v; ~ v 'Z. Therefore we obtain:
2k k:A 2/€
F= § jHZ’ (2k.n) (8.26)
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where
=Y (%)E[(RQ)’f‘i/\i], (8.27)

R Rv)v.
m} nin; R R;v; v;.

and \ = ZME{l .....
Note that E[(R?)*~!\] = 0 since E[(v,' v;)] = 0 and furthermore, directions v, ..., v, are
chosen independently from lengths Ry, ..., R,,. Therefore we have:

o = (S)E[(RQ)“AQ] + B, (8.28)

where: i
=> ( E[(R*)* ). (8.29)
=3

Now let us focus on a single term p = E[(R?)*~'\!] for some fixed [ > 3.
Note that the following is true:

p<E(R)( Y mmRR)] max Elvivilo.o Vvl (830

2150155205 ]1

where the maximum is taken over iy, j1, ..., i, j; € {1, ..., m} such that iy # js fors =1,..., 1.
Note first that:

E(R) (Y nnRiR;)] <

i,5€{1,....,m}
R+ (n;R;)’
E[(Rz)kil( Z (n ) ; (nj J) )l] < E[(R2>k7l(m _ 1)I(R2)l] < (m _ 1)1E[R2k].
i,5€{1,....m}
(8.31)
Let us focus now on the expression max;, j, _;,; E[|[v, v; |- ... - [v] v} |]
We will prove the following upper bound on max;, j, ., [|v v]1| vl
Lemma 42. The following is true:
1 0g2 n og2 n
BIVIvAl - Ivall € (B o5 ) @)

\/n—\/_log n)

Proof. Note that from the isotropicity of Gaussian vectors we can conclude that each single

|v/v;. | is distributed as: ——Z——, where g1, ..., g,, stand for n independent copies of a random
bs "0 92+..4g2 T
24 4g2

variable taken from N(0, 1). Note that g7 + ... + g2 is taken from the x2- distribution. Using the

a?
well-known bounds for the tails of Xn distributions, we get: P[g} + ... + g2 —n < a] < e" .

Note also that P[|g;| > z| < 26\/1. Thus, by taking: a = y/nlog(n), x = log(n) and
applying union bound, we conclude that with probability at least 1 — e
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log(n)

fixed random variable |V;E v;,| satisfies: |V;£Vjs| < Thus, by the union bound

we conclude that for any fixed 41, ji, ..., 4, j; random variable ]vTvﬂ] vy vjl| satisfies:
Vivil o vivy| < (%) with probability at least 1 — [(e™ == +e” () ). Since
v vj,|-...- |v] v is upper bounded by one, we conclude that:
10 n lo, 2(n) lo, 2(71,)
Bl vl o v S (B g g ) g3y)
Vi — Vnlog(n)
[

Using Lemma[42] we can conclude that:

p < (m—1)E[R*]- (( NG jo%fog<n))l + l(e_log?# + e—l"g?"))> (8.34)

Therefore we have:

ok log(n) ; ie_logi(n) 6_1og22(n)
5k<z<) 'B[R™] - <<\/n—\/ﬁlog(n)) +i( + )) (8.35)

Thus we can conclude that for n large enough:

21 3 og“(n
B, < k(2m)k( Og;”) 2ke™ T E[R?]. (8.36)
n2
Thus we get:
2k( kA 2k, k
where:

QkA 2k 21 3 log2 n
| < Z =] n)k(2m)k(—0g (1) | e 52 g RN

n

Nl

, (8.38)
og2 n
_2og () ) g e
n2
B satisfies: B = Ak and A is given as:
QkE R2k 2k
A= Z Ll ] ks 1) 1 o, (8.39)

Now note that since data is taken from the ball of radius r, we have: ||z|| < 2r. Furthermore,
from the smoothness of the considered class of RBF kernels, we obtain:

E[Ry] < max nZmF(n—1)(n+1)-..- (n+ 2k — 3)fF(k)k. (8.40)

i=1,....m
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. Note that (2k — 1)!! = M Thus, by applying the above

Denote h = argmax;_; ok LI

upper bound on A(2k, n), we obtain:

<> (m? k)FE? < Z (4m2(2r)2n2 f(k))E. (8.41)
k=0 k=0

Now, notice that for a given n,, m and r, the above upper bound is of the form Zzozo q,’j,
where ¢, — 0 as k — oo (since f, — 0 as k — oo for smooth RBF kernels). Then we can
conclude that the contribution of the terms I' to the expression 7 = % from the LHS of
8.16|1s of the order O( ) (notice that every n; satisfies: n; < j;). Now let us consider F' — I

We have:

|]]**(— kA(Qk n) (k 2\k—212
F-T= E 42
§ j S Rl 20 (8.42)
By the same analysis as before we conclude that
1
F—-T=p+o,(-), (8.43)
n
where . .
o PP D AR ) (R sz g2
p= E 2R 5 E[(R7)"=)\%] (8.44)
k=0
and futhermore: p = 15 + 0,(1), where
Iz ]| ** (= ’“A(% ) (KN pr pok
= E K
W§ :  JEIR™)] (8.45)

and IV is some constant (that depends on m). Thus to show Inequality for n large enough, it
suffices to show that p > 0 and that p does not depend on n (even though n is explicitly embedded
in the formula on p via A(2k, n)). This follows from the straightforward extension (for different

n;s) of the fact that for n; = ... = n,,,, p can be rewritten in terms of the positive definite function
¢ describing an RBF kernel under consideration, namely:

_ 1 d*(¢™(x)) d(¢™(2))

p= o ((Imz]*— 5= e=tpual — (Im2z] =) fe=fnsal)- (8.46)

dx? dx

That the above expression is positive is implied by the fact that every positive definite function
¢ (not parametrized by n) can be rewritten as ¢(r) = o(r?), where o is completely monotone
on [0, +o0] and from the basic properties of completely monotone functions (see: [91]). That
completes the proof of the theorem.

8.B Proof of Theorem

The theorem follows straightforwardly from Theorem Theorem|36|and the fact that rank(IA{) <
m (since m-dimensional random feature maps are used for kernel approximation).
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Chapter 9

Conclusions

Building models to understand, predict, and control dynamical systems has been a field of study
for many years, resulting in a large and diverse array of distinct models. In this thesis we focused
on the idea of developing novel hybrid models which unify these many disparate approaches. In
particular we focused on two types of models: Bayes Filters and Recurrent Neural Networks.
We showed that these two model classes had complementary strengths and weakness, and that
combining them offered significant advantages. The work done in this thesis advances the field of
dynamical system modelling in a number of ways:

We began by unifying the various various Method-of-Moments learning algorithms for Bayes
Filters under a single learning framework called two-stage regression. This unification greatly
improves our understanding of this class of algorithms, and the models to which they are applicable.
As a consequence of this formulation it allows practitioners to directly apply the rich literature
on supervised learning methods to incorporate many types of prior knowledge about problem
structure.

We then leveraged this framework to develop two new hybrid models which unify the ad-
vantages of Bayes Filters and Recurrent Neural Networks in a single model. In our first model,
Predictive State Recurrent Neural Networks (PSRNNs), we developed a Bayes Filter with a pre-
dictive state which can also be initialized via Method-of-Moments and further refined via Gradient
Descent. In our second model, Hilbert Space Embedding of Hidden Quantum Markov Models
(HSE-HQMMs), we combine machine learning models with ideas from quantum mechanics. We
showed that by manipulating uncertainty using density matrices and unitary operators we can
obtain a nonparametric method for maintaining a probability distribution over continuous-valued
features.

Finally We showed how these new ideas can be implemented at scale by solving two imple-
mentation issues. Firstly, Naive implementations of two-stage regression scale poorly due to
the cubic relationship between the size of the state and the number of model parameters. We
showed how to avoid this problem by using tensor sketches, combined with tensor power iteration,
to efficiently learn PSRNNs from data. Secondly techniques which use Random Features to
approximate kernel embeddings often require a large number of such features. We show that
orthogonal random features can be used in place of conventional random features to learn smaller,
faster PSRNNs.

Together these contributions show that hybrid models which unify Bayes Filters with Recurrent
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Neural Networks offer many exciting new possibilities. In essence they allow us to combine
the best parts of statistics, optimization, and machine learning into a single model which offers
statistical insight while often outperforming the best discriminative approaches on real world
applications. Furthermore we believe that we have only begun to scratch the surface of what is
possible with hybrid models, and we hope to encourage future researchers to further explore this
area.
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