a T

Technische Universitdt Miinchen
Lehrstuhl fiir Datenverarbeitung

Accelerated Gradient Algorithms for Robust
Temporal Difference Learning

Dominik Jakob Meyer
Vollstdandiger Abdruck der von der Fakultét fiir Elektrotechnik und Informationstechnik
der Technischen Universitdt Minchen zur Erlangung des akademischen Grades eines

Doktor der Naturwissenschaften (Dr. rer. nat.)

genehmigten Dissertation.

Vorsitzende(r): Prof. Dr. Bernhard Wolfrum

Priifer der Dissertation:
1. Prof. Dr.-Ing. Klaus Diepold

2. Prof. Dr.-Ing. Matthias Althoff

Die Dissertation wurde am 09.10.2020 bei der Technischen Universitat Miinchen eingereicht
und durch die Fakultéit fiir Elektrotechnik und Informationstechnik am 28.04.2021 ange-
nomimen.



Dominik Jakob Meyer. Accelerated Gradient Algorithms for Robust Temporal Difference
Learning. Dissertation, Technische Universitdt Miinchen, Munich, Germany, 2021.

© 2021 Dominik Jakob Meyer

Chair for Data Processing, Technische Universitdt Miinchen, 80290 Miinchen, Germany,
http://www.ldv.ei.tum.de.

This work is licenced under the Creative Commons Attribution 3.0 Germany License. To
view a copy of this licence, visit http://creativecommons.org/licenses/by/3.0/de/ or send a
letter to Creative Commons, 171 Second Street, Suite 300, San Francisco, California 94105,
USA.


http://www.ldv.ei.tum.de







Abstract

In modern reinforcement learning, as in many modern machine learning algorithms, gradi-
ent descent techniques play a central role as the main solution method. One of the first
gradient based solution methods for reinforcement learning is the so called gradient descent
temporal difference learning. Often it is not possible to use sophisticated feature extraction
methods such as deep learning due to computational restrictions. In these cases a linear
approximation framework is one of the most widespread methods of making continuous sys-
tem measurements that are no longer exactly representable, computationally feasible. In
such a linear approximation setting, gradient temporal difference learning algorithms were
the first linear in computation and storage complexity algorithms that were applicable to
reinforcement learning.

If the dimension of features is large compared to the number of samples and the sampling
process involves a lot of noise, then the gradient descent temporal difference learning meth-
ods tend to degrade in performance. Additionally, stochastic gradient methods can be slow
in convergence, especially close to the optimum.

A proper technique to remedy problems with noise and large feature dimensions is regu-
larization. This thesis describes a combination of the original underlying cost function with
regularization and derives a solution method that still conserves the linear time and storage
complexity. To speed up convergence of the algorithms, this thesis additionally extends
the algorithms to Nesterovs method of accelerated gradient descent. In order to be able
to perform this extension, it is investigated if the preconditions for the application of the
acceleration scheme are met by the cost function.

The resulting algorithms can perform more stable learning in environments with the
presence of additive Gaussian noise while still being of linear computational complexity in
terms of feature size. On the test domains investigated in this thesis, they converge to the
same value of error measure with one quarter of the samples as the original algorithms on
average. Also, they are able to converge to sensible results in terms of the problem domain
with up to five times as many Gaussian noise features as information bearing features

present.
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Chapter 1.
Introduction

Recent developments in machine learning applications are fascinating the world of the ca-
pability of intelligent machines powered by learning algorithms and the problems that can
nowadays be solved which have been thought of intractable just a few years ago. The on-
going intensive study of self learning systems that can solve complex problems has among
other things surely been sparked by the success of the Alpha Go [74] algorithm, which for
the first time was capable to defeat the top human players in the ancient Chinese board
game of GO. This problem space — meaning the amount of possible combination of moves
and positions on the game board — was deemed intractable to solve for a long time due
to its large size of theoretically 2 x 10'7°, which is more than the number of atoms in the
observable universe. By letting an intelligent agent use reinforcement learning and play
thousands of games against itself and incorporating prior recorded world class matches, it
was possible to tackle the complexity of this domain and make it tractable for processing
on modern highly parallel computing infrastructure.

Another landmark of evolution in intelligent systems comprises the work of the company
OpenAlI whose engineers managed to apply self learning algorithms to a hide-and-seek
environment [2]. Here the intelligent agents managed to develop strategies for winning the
game by only specifying the rules of the game but not how to solve it. Strategies previously
not thought of were discovered and perfected by the intelligent system again while competing
with itself.

This is possible due to the recent advances of reinforcement learning algorithms paired
together with feature extraction methods based on deep learning.

Although, these recent advances in algorithmic game playing deliver astonishing results,

in many applications it is not possible to simulate the environment. Also most of the time
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the computational power necessary for a massive parallel implementation that runs for days
on thousands of cloud machines, is not available. Often problems can be reduced to work
with predefined static or semi-automatic feature extraction and generation and the compu-
tational power available at runtime of the algorithm only permits a linear approximation
structure. This then allows learning even in computationally restricted — such as embedded
industrial setting — environments, where algorithms are much more constrained as to how

much computation per algorithm iteration can be used.

1.1. Scope of this Work

In this thesis such reinforcement learning algorithms, based on a linear approximation struc-
ture with predefined or semi-automatic features, will be covered. The advantage of those
algorithms is that they can be applied in restricted and embedded environments.

Let us begin by specifying the reinforcement learning problem that is to be solved by
the algorithms covered in this thesis. The basis of it all is a Markov Decision Process. It
consists of a state space S, a space of actions that can be chosen in every state, a state
transition probability specification that describes how likely the system transits from one
state under taking a specific action to any other state and a immediate scalar reward upon

transitioning from state to state.

Agent
Sk ax
|
N S
> B— Environment
L Sk+1
|

Figure 1.1.: Tllustration of the agent environment interface (adapted from [77]).




1.1. Scope of this Work

Reinforcement learning now aims to find a suitable policy that selects in every state an
action such that the cumulative reward received after each transition will be maximized.
Figure 1.1 describes the interaction of the agent, in this case the reinforcement learning
agent, with the environment. The agent selects according to its current policy an action
and the environment responds to this action by returning the next state and the immediate
reward associated with the state transition to the agent. The agent then in turn can use
this reward to update its internal representation of the environment and the policy and can
select the next action.

This type of behavior can be described as a sequential decision making system. As the
interaction with the system goes on, the agent selects what to do in every state. Since one
goal is to find the optimal policy, i.e. the policy that does the sequential decision making
in such a way that the cumulative received reward will be maximized, we need a tool which
measures how good the current realization of the policy is. Such a tool is the so called value
function. This value function represents for each state how large the expected cumulative
future reward would be, when starting in this current state and following the current policy
thereafter.

Now we can divide the overall reinforcement learning problem into two stages. The so
called optimal control problem, where the goal is to find the optimal policy and the prediction
problem, where the goal is to find the value function for the current policy. In this thesis the
prediction problem will be covered. This is useful, since if a value function for some policy
is given, an improved policy can be constructed with the help of this value function by
greedily selecting those actions that lead to states with a maximal future expected reward,
i.e. maximum value function.

How can such a value function be envisioned concretely? If we go back to the example of
the game of GO, then one state would be a certain configuration of black and white game
pieces on the 19 x 19 board. The reward would be a positive quantity for winning and zero
for all other moves. For every such board configuration, the value function would tell us
how likely it is to win while following the current policy. Since it was already stated that
all game configurations cannot be represented since there are simply too many of them, the
value function has to be represented by some approximation.

For tackling the game of GO sophisticated representations, such as deep neural networks,
are necessary. Since they are successful in approximating almost arbitrary complex func-

tions, they are a popular tool of choice. However, using deep neural networks requires a
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large amount of samples and computation to be available during training. In this work, the
algorithms will be restricted to linear approximations where the states are each encoded by
a set of features. This feature vector should have a dimension smaller than the cardinality
of the state space. The value function can then be expressed as the inner product of the
feature vector with some weight vector.

Now the prediction problem of finding the value function for some policy is reduced to
finding the weight vector for the value function approximation such that it is as close as
possible to the true value function. A measure how close the approximation is to the true
value function for some weights, is given by the Mean Squared Projected Bellman Error
(MSPBE).

Minimizing this cost function will yield the best possible approximate solution the the
prediction problem which can be achieved in the limits of the approximation framework.
This minimization can be done via closed form solution methods or — as will be covered in
this thesis — by stochastic gradient descent algorithms. The most popular stochastic gradient
descent methods for linear approximated reinforcement learning are the algorithms from the
Gradient Temporal Difference (GTD) learning family. These algorithms will be investigated

and extended in this thesis in the way as will be described in the next section.

1.2. Formulation of the Research Problem

As described above, the MSPBE is chosen as a cost function for gradient temporal differ-
ence learning. Another choice would be the unprojected form of the Bellman error. The
primary motivation why the projection is incorporated, is the stability of the optimization
procedure. Nevertheless, other algorithms, such as Bellman residual minimization (BRM)
or the classical Temporal Difference (TD) learning algorithm exist, which aim at minimizing

the unprojected or even a different cost function. This gives rise to the question:

e What are the motivations for choosing the projected cost function apart from numer-

ical stability?

When speaking of stability of the optimization procedure, a related issue - the conver-
gence in the presence of noise - comes to mind. To improve algorithm and convergence
performance a technique often chosen is to introduce sparsity through regularization to the

objective function. Another reason to sparsely regularize the cost function is the selection of
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relevant features. This means, that in the feature representation, some components of the
feature vector could be useful to solve the task at hand, while other should be discarded.
Sparse regularization can act as such an automatic feature selection mechanism. However,
existing sparse regularization approaches for reinforcement learning are often based on batch
learning algorithms [39] and cannot be used in on-line learning systems or are complicated

to implement [45]. The questions that arise from these facts are therefore:

e Can the simple ¢; sparsity promoting norm be introduced to on-line gradient based

reinforcement learning?
e Does this technique help with convergence and noise-robustness of the algorithm?
e Can a sparsity promoting norm be used to achieve light feature selection?

e How does this simple on-line technique compare to the only other regularized algorithm
known to the author, namely RO-TD [45]7?

In general, for stochastic gradient descent algorithms, the convergence speed can be
severely impacted by the way of sampling or noise in the process. Nesterov’s accelerated
gradient descent provides a method to speed up slow stochastic convergence for convex cost
functions. So this seems as a promising fit for a combination and gives rise to the following

questions:

e Does the MSPBE fulfill all conditions for the Nesterov accelerated gradient to be
applied?

o How is the practical speedup of the new method in some usual benchmark problems?

e Can a combination of accelerated gradient descent and regularization even more im-

prove noise robustness and convergence speed?

Finally, in reinforcement learning another important aspect is to be able to use samples
in the learning process that are not generated by the distribution of the current policy pu but
some other sampling distribution. This ability to converge under such conditions is called
off-policy learning. Additionally, to increase learning performance, not only one step in the
environment is used to estimate the return, but several weighted sample steps should be

used. The remaining questions that arise are therefore:
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e Do the previously introduced algorithms also work in an off-policy sampling setting

and how is the performance?

e Can the algorithms be extended to multistep sampling?

1.3. Contributions of this Work

In this thesis I introduce a simple, yet effective regularization scheme for stochastic gradient
descent temporal difference reinforcement learning. I also motivate the use of the projected
Bellman error function as a basis for gradient reinforcement learning algorithms beyond just
algorithmic justification but also look at the impact of parameters usually predetermined
by the application.

The regularization scheme combines the iterative soft thresholding technique derived with
a proximal formulation of the objective function. It enables to have a straightforward
derivation of the algorithm, which is simple to implement in just a few additional instructions
in each gradient descent step. Therefore, the beneficial computational properties of the
stochastic gradient reinforcement learning algorithms are preserved.

The second algorithmic contribution combines the accelerated gradient technique for
stochastic gradient descent to improve convergence speed for convex cost functions. As
a prerequisite to applying this for gradient reinforcement learning, the necessary conditions
for the cost functions have to be ensured. These conditions are convexity and L-Lipschitz
continuity, which are derived for the projected Bellman error and proven to hold to varying
degree, depending on the chosen feature representation.

Additionally, both types of modifications are combined into an accelerated and regularized
variant and extended to be tested in off-policy and multistep sampling settings.

All algorithms are evaluated on several well known benchmark problems in reinforcement
learning to demonstrate their claimed performance and to study the specific characteristics
empirically which are improved robustness to noise, accelerated convergence and automatic
feature selection.

The algorithms of this thesis can perform more stable learning in environments with the
presence of additive Gaussian noise while still being of linear computational complexity in
terms of feature size. On the benchmark problems they converge to the same value of error

measure with one quarter of the samples as the original algorithms on average. Also, they
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are able to converge to sensible results in terms of the problem domain with up to five times
as many noise features as information bearing features present. This means that systems
where computational power is limited and only a linear feature representation is admissible,
the same results with four times less samples on average even if real world noisy sensor

measurements are used.

1.4. Outline of this Thesis

A thorough mathematical formulation of the reinforcement learning problem and the studied
algorithms are given in Chapter 2. Also in Chapter 2 the properties of the different possible
objective functions are compared. An overview over regularization in gradient descent as
well a study of related work are given in Chapter 3. In this chapter the first of the two main
algorithms is derived and experiments to study the empirical performance are presented.
Chapter 4 proofs convexity and L-Lipschitz continuity of the cost function and introduces
the acceleration technique to the gradient reinforcement learning algorithms. In the same
manner as in the chapter before, the algorithm is put to an empirical test to show perfor-
mance in well known benchmark problems. In the last chapter, Chapter 5, both algorithm
modifications are extended to the so called off-policy setting, which is an important prop-
erty for algorithms in reinforcement learning. Also modifications for multistep sampling for

even quicker convergence are introduced in this chapter. Chapter 6 concludes this thesis.







Chapter 2.
The Reinforcement Learning Setting

In this chapter the basics of reinforcement learning are introduced in finer grained details
as in the introductory chapter above. The reason for this is to enable a concise notation
of quantities in the chapters thereafter allowing to follow some mathematical rigor in the
proofs in the chapters to come. The notation closely follows the notation of Bertsekas [5]
with some parts borrowed from the introductory book of Sutton [77].

To begin the mathematical introduction and notations, we start by investigating and

defining the Markov Decision Process.

2.1. Markov Decision Processes

A Markov Decision Process (MDP) is a 5-tuple (S, A, P, R, ), consisting of a state space
S, an action space A, a state transition probability kernel P : & x A x § — [0, 1], which
indicates the probability of transiting from state s € S to successor state s € S when
taking action a € A, an immediate reward function R(s,a,s’) : S x A x S — R for the
transition from state s to s’ taking action a, and a discounting factor v € [0,1]. Often the
current state s of the system is denoted as s; as the system is in that state at timestep ¢
and corresponding s’ is denoted as the state following timestep t, i.e., s;;1 this is done to
simplify notation when just any state and the successor should be taken into consideration
irregardless in which timestep the system.

The actions in each time step t are selected according to a stationary probabilistic policy
w(als), which gives the probability of taking action a when in state s. Note, that it is often
easier to write down a deterministic policy p(s), which can be obtained from the probabilistic

policy by sampling from the action distribution given state s. While interacting with the
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system, the reward can be recorded and the main goal of RL is to find a so-called optimal

policy u*, which selects actions optimally with regards to maximizing the discounted return

RH(S) = Z lth(Stv M(St), 5t+1) = Z ’ytrta (21)
t=0 t=0

where ry := R(sy, at, S141) = R(s¢, pu(8t), s¢+1) is the immediate reward at timestep ¢ when
choosing action a; in state s; according to policy p starting with sy = s. This type of
discounting is done, as already described in the first chapter, to give more weight to the
immediate rewards but also to bound the sum when possibly dealing with an infinite amount
of timesteps.

The RL problem can be devised into two types of problems: the first is to find the afore-
mentioned optimal policy, called the control problem, the second is the so-called prediction
problem or policy evaluation problem. Here it is the goal to find the associated wvalue

function

V:S—R

0 (2.2)
s Vu(s) =E,[R'(s)]| = E, [Z 'ytrt|so = s] ,
t=0
which indicates the future expected reward starting from state s and following the policy u
thereafter. The value function associated with the optimal policy p* is denoted by V*.
As the value function can be written in a recursive manner, it satisfies the Bellman
equation
Vs, Vo = Bpy, [R(s, u(s), ') + 7V, (s")] (2.3)

for the value function associated with policy p as well as the optimal value function V*.
The expectation in the Bellman equation is with respect to the policy as well as the state
transition kernel P according to which the successor state s’ is determined.

If the state space is finite, we can define P#* € R™ "™ with elements p;; € [0,1] to be
the stochastic state transition matrix, which specifies the transition probabilities from each
state to each other when following policy i in the environment specified by its own state
transition matrix P. Additionally, let R* € R"™ be the vector of average rewards when

following the policy. Then the value function is represented by the vector V,, € R", for

10
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which the the Bellman operator associated with p is defined as

T, :R" - R"

(2.4)
Vs, Vu(s) = (TuViu)(s) = Ep, [R(s, u(s), ') +7Vu(s)] -

The value functions associated with a policy unique fixed-points of the Bellman operator
associated with this policy, i.e. V,, = 7%,V [4]. Conveniently, knowing this leads to a first
scheme of computation to determine the corresponding value function V),, associated with

a given policy u. This is called policy evaluation and can be written down as
V, = lim TFV. 2.5
w= i TV (25)

where ’7;’“ =T, T, ... T, is the [-times repeated application of the Bellman operator 7,. As
k goes to infinity, this will converge to the true value function when initialized with any
starting vector V' as initial value function.
We can define a greedy policy with respect to any value function of any predefined policy
p1 as
Vs, pa(s) € argmax Ep [R(s,a,s") + vV, (s)] . (2.6)

It is well established, that the performance with respect to the expected reward of policy
p2 will be better than or equal policy p1, i.e. Vs, V,,(s) > V,, (s). Straightforwardly, this
fact leads to another computation scheme to determine the optimal policy by alternating
two steps, starting with some given policy pq: the first one is to calculate the corresponding
value function for the policy currently at hand, i.e., V,,. The second is to greedily improve
the policy using V,,, and Equation (2.6) and obtain po. This is called the policy improve-
ment step. Then again one goes back to the first step and calculates the value function
corresponding the the new policy ps. This method is called policy iteration.

Repeating the two steps of policy iteration, the final policy and value function it will
converge to are the optimal ones due to proven convergence of the policy evaluation and
policy improvement step as well as the fact that the number of possible policies is finite.

Another algorithm can be obtained by taking the optimal Bellman operator into consid-
eration. A repeated application of it will lead, given any initialization value function V', to
the optimal value V* as in

V* = lim (T*)*V. (2.7)

k—o0

11
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The desired optimal policy is then given by a greedyfication of V* using Equation (2.6).
Although, at a first glance, it seems that value iteration is the straightforward way to cal-
culate the optimal policy, when compared with policy iteration, in practice policy iteration
is preferred. This is on the one hand due to practical restrictions, where policy evaluation
and policy improvement steps can be only implemented approximately. This means, that
the policy evaluation step is not conducted until possibly infinite steps, but terminated
after a fixed limited amount of applications of the Bellman operator. The approximate
greedyfication of the policy then might lead to a new policy, that is only slightly improved,
but always better than the old policy. To summarize, it might require less computation
steps in total than value iteration due to the improvement of intermediate value functions.
Such customized and approximated policy iterations are now successfully implemented for

example in robot control [42] or computer GO [74].

2.2. Value Function Approximation

For most applications the state space size n = |S| is large. This fact is often called the
curse of dimensionality. It is therefore no longer possible to conveniently represent the
value function as a vector, having a table of values for each state (this is why the previous
approach is also called the tabular version). In such situations, it is necessary to employ
approximations to represent the value function.

In general every thinkable method that takes states as input and is able to output the
approximated scalar value is a possible candidate to be used in value function approximation.
The most common approximations include sophisticated neural networks [81, 74] and other
techniques such as kernels or Gaussian processes [22]. Often the most used and simplest
approximation architecture is a linear framework [5]. For every state, a feature transform

is defined, which maps each state s € S to a corresponding feature vector ¢(s) € R! as in

$:S >R

2.8
s — ¢(s), (28)

where [ is the dimension of features. We will sometimes denote ¢, = ¢(s) for the ease of
notation and the feature vector ¢, is called the feature vector of s whereas the components

of this vector are called features.

12



2.2. Value Function Approximation

An approximation should as closely as possible resemble the original value function, i.e.
Vo ~ V,. Here Vy denotes the value function approximation using a linear architecture
defined as

Viu(s) = Vo(s) := ¢(s) 0, (2.9)

where 6 € R! is the parameter vector of the approximation. The approximated value

function then lies in the space which is spanned by the columns of the feature matrix

G = (¢(s1), d(s2), ..., b(sn)) " € R™L. (2.10)

The feature space then can be defined as
V= {o0)0 € R'} (2.11)

where the columns of the feature matrix is a basis of this space. Most of the time the
features are specially crafted vectors that are suitable for the task at hand to be solved.
Often also automatically generated or general available feature representations are used,
which introduces certain artifacts in the learning system. To cope with this, regularization,
as described in Chapter 3 can be used.

In order to find a suitable approximation, an appropriate weight vector € has to be
found. This can be done by minimizing the squared distance between the ground truth

value function and the approximation as in
2
MSE(0) := ||V — Vtu (2.12)

which is called the mean squared error (MSE), where || - ||2 is the commonly known fs-norm.
Unfortunately, when trying to solve the MDP, the target of V, is usually not available. As
a substitute, we can aim our attention towards the fixed point of the Bellman operator. For
the ground truth value function it should be that V,, = 7,V,, holds, the so called Bellman
error V,, — T,V should therefore be zero once we have the solution to the value function.
The above MSE then can be substituted by a minimization of the mean squared Bellman
error
MSBE(6) := ||Vs — T.Vi;, (2.13)

where |z]|e = /3; &a? is a weighted norm and € € R™ is the steady state distribution

13



Chapter 2. The Reinforcement Learning Setting

of the underlying Markov chain. If the Markov chain defined by P, is ergodic, irreducible
and contains a single recurrent class, this means that all states are reachable from all other
states and if a random walk is run in the chain, the probability of visiting each state is
greater than zero, then the limiting distribution over states defined as

&(s) = lim P(s; = s) (2.14)

t—o00

exists. Here £(s) is the component of the limiting distribution for state s.

As illustrated in Figure 2.1, the result of applying the Bellman operator may be not
representable with the chosen features and therefore may lay outside of V. It is therefore
advisable to orthogonally project back the result on the feature space. This prevents ambi-
guities and ensures a unique solution exists. The resulting error function is called the mean

squared projected Bellman error (MSPBE) and can be defined as
MSPBE(0) := |[Vs — I, T, Vi, (2.15)

where the orthogonal projector is defined as IT,, := ®(®'Z®)"'@¢" = with £ = diag(€) is

the matrix with the elements of the state distribution £ on its diagonal.

T,.(20)

V = {®0]0 € R¥}

Figure 2.1.: Projection (dashed) of the MSBE on the linear space V spanned by features .

In order for the projection to be computable, the steady state distribution £ over all states

has to be existent.
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2.3. Sample Based Solution Methods

7.,(20)

11,7, (29)

V = {®0]0 € R*}

Figure 2.2.: The difference (green) in cost function for MSBE (in red) and MSPBE (in blue).

2.3. Sample Based Solution Methods

In order to introduce four sample based solution methods, least squares temporal difference
LSTD learning, least squares policy evaluation LSPE, temporal difference (TD) learning and
gradient temporal difference (GTD) learning, to obtain the parameters for the approximation

of the value function Vj for a given policy u, we need to reformulate the MSBPE. Therefore,

let & = [p1,02,...,¢,] be the feature matrix containing all feature vectors in its rows,
Vo = @0 be the approximation of the value function, 11, = O(PTEP)"'d" = the orthogonal
projection onto the feature space according to the norm || - ||¢ weighted by the steady state

distribution of the MDP and 7, be the Bellman operator induced by policy p. Note that

it is assumed, that the unique steady state distribution & exists due to ergodicity of the

underlying Markov chain and that the feature matrix @ has rank [ (dimension of features).
We then can define the MSBPE in terms of

MSPBE(6) := |[#0 — 11, T,.(99)] 2, (2.16)

which is the corresponding mean squared error formulation for the projected Bellman equa-
tion with linear value function approximation as in 0 = I1,,7,,($6).

Now it is advised to also reformulate the Bellman operator in terms of matrices. To
this end let again P € R™™ be the state transition probability matrix for the underlying

problem and let P# € R™™ be the state transition probability matrix incorporating the
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Chapter 2. The Reinforcement Learning Setting

selection probabilities for actions according to policy p. Analogous to this, let R, € R" be
the vector with components r; = Z?:l pijT(8i, $5), @ = 1,...,n containing the reward for
each state under policy p with p;; being the components of matrix P#. Then the Bellman

operator for policy u can be written as
T.V =R, +~P"'V, V € R". (2.17)
The solution for minimizing the MSPBE is now the solution to
0* = arg gxg}% |86 — (R, + vP"®0")|Z, (2.18)

which can be calculated by obtaining the gradient of Equation (2.18) with respect to 6 and
setting it to 0 as in
&' = (80" — (R, + yP D0*)) = 0. (2.19)

The straightforward solution to this can be obtained with matrix inversion by first multi-

plying the right hand side out into individual terms
0=9¢"=60* — 'R, — vd' ZP'PY* (2.20)

and then isolating 6* on the right hand side while moving the middle term to the left hand
side
PER, = (P'ED — 4D EP D)H*. (2.21)

The derivation can be finished by isolating 68* on the left hand side and simplifying the rest

of the terms as in
0" = (0" 50 — &' EPIP)HPER,) = (DT E(I —yPH)®) N (DER,) = C N,  (2.22)

where C = @' Z(I — yP*)® and d = PZR,,.

The drawback of this formulation is that there has to be computed a matrix inversion of
a matrix of dimension [ and that the dimension of inner products for calculating C' and d
is in terms of number of states n, which can be huge. Unfortunately, we cannot get rid of
the matrix inversion for now, but can reformulate the problem to estimate C' and d while

sampling and forming a sampling based estimate.
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2.4. Least Squares Temporal Difference Learning and Policy Evaluation

2.4. Least Squares Temporal Difference Learning and Policy

Evaluation

The main idea to derive the sampling based methods LSTD and LSPE is to approximate the
matrices C and d with their sampled counterparts Cj, and d, respectively. The algorithm
step is denoted by k. Relevant quantities in this calculations can be regarded as expected

values with respect to the steady state distribution £ such as in

OTED =B [0(s)0(5) | = D Gialsi)lsi)
=1

@T EPlD = E§ Pw [ } = ZZfzpzﬂb Sz ( j)Ta (2.23)
=1 j5=1
= ZR, = E¢ pu [ Zz&pmqb 5i)r 5275] Zfz ;)1

s
I¥
—

:1]

Assembling together these quantities to form C = ¢'5d — y@'ZPFP and d = $= R,
and at the same time replacing the expected values with a sampled approximation of the

expectation using k samples of the form (¢(s;), r(s;, Si+1), @(si+1)), we obtain

k
€ Ch= g D () (9050) — 70(s01) T
iz (2.24)
1 k
d~ dk = m tgo gZS(St)T(St, St+1).

As the authors present in [90, 89|, the estimate of this two quantities can be calculated

iteratively as samples are collected with

Cr = (1= m)Cro1 + med(s8) (B(sk) — Vbsps,) |

(2.25)
dp = (1 — mg)dp—1 + ned(58)7r(Sk, Skt1),

with stepsize n, = k%rl and initial Cy = 0,dy = 0. The authors also give further discussion
and analysis on convergence of such an estimation method especially in conjunction with
the LSTD algorithm presented in the following.

As presented in Equation (2.22), the matrix C and vector d can now be replaced in every

17



Chapter 2. The Reinforcement Learning Setting

step with their empirically estimated counterparts Cj and di. We then obtain the LSTD

update step for the linear weights as
O = C; tdy. (2.26)

Instead of formulating the problem in terms of finding the linear weights 6* with one
matrix inversion, the Bellman equation can be used to state an incremental update as
in the update of the value iteration algorithm in Equation (2.5) for the optimal Bellman

operator. The the optimal weights are then the solution 6* of the fixed point equation
D0 = 11,7,,(P). (2.27)

This hold true since the composed operator I1,,7, is a contraction in the weights £ norm,

cf. [5]. Reformulating the projection as a minimization problem then manifests as

_ ; _ 2
Opr1 = arg min |90 — T,.(0k) ||z
(2.28)

2
n
:arg(grelgllz&( o(si) TG Zpu r(si, 85) +'Y¢<3J) ) .
i=1

If we now have k samples available, the empirical minimization problem can be written

down as

k
2
041 = arg min > (3(s0) 70 = (st se41) = ¥6(s141) k) (2.29)
t=0

By setting the derivative of Equation (2.29) to 0,

k
!
= Z¢ s¢) 9¢(5t) — (81, St410(s¢) — 7¢(St+1) Ord(st), (2.30)
t=0
splitting the summation and bring parts of it to the left side of the equation

k k
D B(s1) "0e(st) =D r(se,se11)0(se) + ¥d(se41)  Ord(se), (2.31)
=0

t=0
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2.5. Stochastic Gradient Descent

we can rearrange the terms

k k

Z ¢(3t)¢(3t)—r0 = Z P(s¢) (T(St, St4+1) + 7¢(St+1)T9k) (2.32)

t=0 t=0
and obtain the update for the iterative LSPE algorithm as

-1

k k
Op+1 = (Z ¢(3t)¢(5t)T> (Z P(se)(r(se; s141) + 7¢(3t+1)T9k> : (2.33)
t=0 t=0

2.5. Stochastic Gradient Descent

To derive the main algorithmic contributions of this thesis, the reinforcement learning prob-
lem will be reduced to an optimization problem of the MSPBE cost function. In the previous
section one method with its advantages and drawbacks was already illustrated. Other op-
timization methods that will be used from here onwards are based on gradient descent
and stochastic gradient descent. In this section a basic introduction to gradient descent
algorithms will be given.

Let us define a cost function as J(6) : R — R, where § € R! are the parameters of
the function to be optimized. Further, assume that the data on which the cost function
evaluates the cost is contained in the sample matrix & € R™*! as rows ¢; € R'.

Many problems can be solved directly, which means all data and a closed form description
is available, as for example for quadratic problems. These solution methods often consist of
calculating the inverse of a matrix (as for example in the previous section) which in most
of the cases is of computational cost O(n?). The benefit is that the optimum can be found
in one step of computation but at the same time the drawback is that this one step of
computation is costly and for a large sample size infeasible to be calculated directly.

An alternative is to calculate the gradient VyJ and then use this gradient in a method
called gradient descent [86] . Hereby, one starts out with an initial guess of the parameters

0o and then takes steps in the direction of the negative gradient (for minimization) as in
0k+1 = Hk - akVQJ(Gk), (2.34)

where k is the iterate over the algorithm steps and «y is a step size. If oy is chosen properly
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Chapter 2. The Reinforcement Learning Setting

then the iterates 6, will converge to a local minimum. If the function J is convex and other
conditions are met, then it can be guaranteed for gradient descent to converge to the global
optimum 6*.

A drawback of gradient descent is that the data @ has to be available in every step to be
able to calculate the full gradient VyJ. It can be assumed, that the data samples ¢; are
generated by a certain distribution, then we can redefine an ezpected cost function [9] as an

expectation over the samples as

J(0) = Eq¢ [Q(6,0)], (2.35)

where Q(¢,0) is the cost function for some specific sample ¢ and parameters . Unfor-
tunately, this expectation cannot be calculated since the underlying distribution over the
samples is unknown. It is therefore necessary to approximate the costs by taking a finite

set of independent samples and define the empirical cost as

n

J(0) = %ZQ(@,@), (2.36)

=1

as well as doing the gradient descent on batches of size n of data as in
R 1 &
Op+1 =0k — axVoJ(0r) = O — akﬁ Z VoQ (s, 0r). (2.37)
i=1

Every step in this type of iteration still relies on the computation of the gradient over the
whole batch of samples available. This has the drawback for example, that the update has
to be delayed until enough data is available for one algorithm update. We can, however,

just update the parameters with every random sample as in

1 = Ok — aVoQ(ok, Ok)- (2.38)

Algorithms of this type are called stochastic gradient descent algorithms. Solution methods
of this type can be applied in situations, where an update of the solution is necessary as
soon as a new sample is available. In general it is necessary that the update directions fulfill

the following conditions [9]
By [VoQ(6,0)] = Vg (). (2.39)
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2.5. Stochastic Gradient Descent

This is the reason why in the later derivations in this thesis, the gradients are expressed in

terms of expectations in order to obtain a stochastic gradient algorithm.

2.5.1. Temporal Difference Learning

The methods for minimizing the Bellman error in this chapter so far all fall in the category
of batch methods. This means, that in the process of learning, an amount of samples
gets collected and then the parameter vector 6 gets determined such as for example in
the LSTD case by a computationally costly O(n3) matrix inversion, both in computation
time and memory storage. Although the matrix inversion can be accelerated by using
incremental versions utilizing the Sherman-Morrison-Woodbury update [73] for a rank-1
update of the inverse C} ! However, as the time complexity reduces to some O(kn), the
memory complexity still remains quadratic [31].

Ideally, an incremental algorithm only retains the weight vector and updates with each
sample only requiring linear complexity. The remaining three algorithms to be introduced
in this section all fulfill this requirement although each of them has their own advantages
and drawbacks.

The probably most widely known an commonly used algorithm in reinforcement learning
is the classic Temporal Difference (TD) learning, first introduced by Sutton [75, 77]. This
method bases on the minimization of the cost function introduced in Equation (2.12) and
a heuristic scheme to approximate unknown values by the method of bootstrapping.

Let us recall the mean squared error for a linear value function approximation given the

ground truth value as

n n
2
MSE(0) := [|Vo = Vil = D (Val(si) = Vul(si)® = D _(8(s:) "0 — Viuls:))*. (2.40)
i=1 i=1
Unfortunately, the quantity V,(s;) is not available and has to be approximated. As it is
known that V), is a fixed point of the Bellman operator, we can use this and the current
estimate of the value function to approximate it empirically as Ti:R* >R, Ve o+

YV (sit1), cf. [29]. In effect the cost function for TD policy evaluation can be now written
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as
Jm(0) : R' = R

60— Eapﬂ

(9T¢(Si) - 7?9;1¢(8i+1))2} = Ee¢.p, [(9%(8@‘) —r— 79;1¢(Si+1))2]

= |80 — R, — v, P01 |2,
(2.41)

where 0;_1 is the estimate of the value function parameter vector from the previous algo-
rithm iteration k& — 1.

We can now calculate the gradient of the cost function for TD as

1
- 0) = —@' = &' EP) — d' EP,DO),
2V9JTD( ) R, + Y POk 1 (2.42)

= &' 5 (0 — R, — yP,PO),_1),

where the three summands in the first line of Equation (2.42) can be replaced by their

respective expectation formulations as in Equation (2.23) and simplified as in

%VGJTD(Q) = — B [¢r] + VBe.p, [6(6)T] Oh1 — Bep, [007] 6
= B p, [6(r+7(¢) 01— 007)] (2.43)
= —E¢,p, [¢0(6r—1,0)],

where 6;(w, ) := r; +v(¢') Tw — ¢ 0 is called the TD-error and ¢/ = ¢(s;41) is the feature
for state s;4; in the sample for state s; with feature ¢ = ¢(s;).
From Equation (2.43), we can derive the stochastic update rule to obtain the TD update

at iteration k for sample (sg,rg, Sk11) as

Ort1 = Ok + ard(s) (1 + Y0 (sk41) 01 — d(sk) ' Or), (2.44)

where «j, is an appropriate step size that fulfills the Robbins-Monro [70] conditions for
stochastic approximation, i.e. 372 ax = 0o and Y32, ai < oo.

Unfortunately, this TD learning algorithm can have stability problems, when used with
value function approximations, such as we just derived. In the case of linear value function

approximations, TD learning can diverge, when trained with samples generated by a differ-
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2.5. Stochastic Gradient Descent

ent distribution than the policy would generate, cf. [1] for further details and an example
application. This is called off-policy sampling and will be discussed further in Section 5.2.
If TD learning is coupled with a non-linear value function approximation, then it is possibly
diverging even under on-policy updates, where the samples are generated by the policy u.
An example and further discussion can be found in [84].

An explanation why the TD learning algorithm is unstable under certain conditions is,
that it is not a gradient method by strict mathematical definition. Although, the update
was derived by taking the gradient of Equation (2.41), the objective function itself already
contains a approximation in the application of the empirical one-step Bellman operator.
Maei [47] and Barnard [3] have further formal arguments supporting this claim.

To overcome these instability issues under approximation, Baird [1] proposed a true gradi-
ent method for temporal difference learning based on the work of Schweitzer and Seidmann
[72]. This method and the improved gradient TD algorithms will be presented in the next

section.

2.5.2. Gradient Temporal Difference Learning

In order to be able to derive a proper gradient based learning algorithm, we start off by
taking the MSBE from Equation (2.13) into consideration as an objective function. The
cost function for the residual gradient (RG) algorithm therefore has to be written as
JR(;(Q) :R"—> R
0 = Vo = TuVoll = 11960 — T,.(90) 2 (2.45)
= ($0 — R, —yP,®0)" = (0 — R, — yP,99).

In order to obtain the RG algorithm, the gradient of Jrg is derived! as
1 — -
5 Vora(0) = (520 — PR, — 72 P,®0)" (& — P, )

= (Bep, [070 -7 - v(cb/)T@DT Er, |07 ()] (2.46)
= —Eep, [r+107¢ —070| Ep, [6 —1¢/]
= —Eep, [6(0,0)]Ep, [¢ —7¢'] .

!The full derivation of the RG cost function gradient can be found in Appendix A.1
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This formulation is preferred to the TD cost function, because it is based on the gradient of
the MSBE cost function without bootstrapped approximations, now is stable with respect
to the aforementioned issues in off-policy and non-linear learning [47]. However, since we
have the product of two expectations, the stochastic gradient algorithm would require two
independent samples (cf. [18] for further details) of the state s transited from state sg. If
it is assumed, that these two independent samples are available as (¢(sg), r}, ¢(sk4+1)") and
(o(sk), 7y, d(sk+1)"), then the stochastic gradient formulation at algorithm step k could be

written as

Ort1 = O + g (ch + Y(p(s11)") O — ¢(3k)T0k) (o(sk) = ¥o(sk41)") - (2.47)

If only one sample is used assuming 7}, = 7} and ¢(sg11)" = ¢(sk+1)”, then the RG algorithm
converges not to the MSBE objective but to the mean squared temporal difference error, cf.
[18, 47]. To cope with this problem without having the need to take double samples, which
would require a simulator of the environment, Sutton et al. [79, 78, 47] have developed
a gradient descent TD learning algorithm (GTD) based on the mean squared projected
Bellman error (MSPBE). This algorithm is stable with off-policy sampling and claimed by
the authors also to be stable with non-linear value function representations.

To derive the GTD family of algorithms, first let us establish two formulations of error
functions that are going to be minimized by the method of stochastic gradient descent. The
first formulation of error function is inspired by the above TD algorithm. In the optimum,
the expected update of IE¢ p, [¢4(6,6)] for the TD algorithm should be 0, where 6 and
0" are the corresponding local instances of 6 according to each algorithm step. Then an
algorithm which minimizes this squared expected update error should be converging to the
same solution in the optimum. This form of the error objective is often referred to as the
NEU(#) objective and leads to the first version of the gradient temporal difference GTD

learning algorithm, as derived in [79] and can be written down as

JGTD(G) :R" = R

) . (2.48)
0 = || E¢,p, [¢5(0,0')] |° = Eg¢,p, [63(0,0")] Eep, [¢3(6,0')] .
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The gradient of this objective is derived as follows, where it is assumed that 0 = ¢’

Vo(Jatp) = 2 E¢ p, [00(0,0)] E¢ p, [$Vd(0,0)]

2.49
=2 E&PM [¢5(0, 9)] EE,PH [¢V9(¢5 - 'Wb,)—r} ) ( )

and with the same technique, to avoid double sampling, we can write the update rule for
the GTD algorithm as

Orr1 = Ok + apurdr(or — v95) "

(2.50)
U1 = Uk + Br(Pr0(Ok, Ok) — ug)-

Here u(f) is again an estimate of the expectation E¢ p, [¢5(0,0)] and oy, Br = kay are
appropriate step sizes with the same requirements as for the later GTD2 algorithm. As it
is shown in [78] and by experiments at the end of this chapter, that the GTD algorithm
converges slower and in general is considered more unstable than its counterparts GTD2
and TDC, this algorithm will not further be considered in the derivations of algorithms in
later chapters.

The second formulation of error function is again the already discussed projected Bellman
error as for the LSTD and LSPE algorithms. Therefore, the objective function for the second

two variants of the gradient TD algorithms is denoted as

JTDC(H) :R"—> R

(2.51)
0 = Vo = I, TuVgllg = (190 — 1, T, (20) 1 = [T, (90 — T,(20)) ]2,
since 90 = I1,,(90).
After rewriting the cost function
Jrpc(0) = | 11,(260 — T,.(#9) |2
— (I1,(®0 — T (@0)))" Z(I1,(@0 — T, (@) (2.52)

= (#0 — R, — yP,90) =T d(¢' =®)"'¢" =(¥0 — R, — yP,D0),
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the gradient of Jrpc can be derived? as
-1
Vo(Jrpe()) = 2 (@TEQS — TP} 5@) (@TE’@> (@ngpe ~®'ER, - @szﬂqsa)

= 2B p, (66— 7)) (Be[607]) " Bep, [6(r +(6)T0 - 670)].
(2.53)

The final form, suitable to derive a stochastic gradient descent scheme, can now be written

as

S Volrnc(0) = ~Ee s, 006 —10)T] (B [007]) " Bem, [0 +4(6)T0 — 6T0)]
= —Eep, [6(6 —1¢)T] (Ee [667]) " e, [65(0,0) (2.54)
= — (Eep, [607] —1Eer, [6(6)T]) (Ee [067]) " Eep, [66(6,0)
= B, [66(0,0)] + 1B, [6(6)] (Be [007]) " Eer, [05(0.0)]. (255)

Unfortunately, this formulation still contains the product of several expected quantities and
is therefore still susceptible to the double sampling problem as described above. In order to
alleviate this problem, a least mean squares estimation w(6) of the last two expected values

is introduced, such that

w(0) ~ (T [¢¢TD_1 E¢.p, [60(6,6)]. (2.56)

An update of the auxiliary weights estimation can be derived by first assuming we are at
update step k£ having wy and moving the inverted matrix on the other side of the equation
like

B |00 | wy = B p, [60(6,0)]. (2.57)

Then we can go further with subtracting the left side and combining the expectations as in

0= B p, [60(6,0)] - Be [66" | wi = B p, [60(0,0) — 60wy . (2.58)

2The full GTD2/TDC gradient derivation can be found in Appendix A.2
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After further simplifications inside the expectation, we have

0 =Ee,p, [¢(5(0,0) — dwy)] (2.59)
and a stochastic update of the auxiliary weights as in

Wiy1 = wi + Brdr(5(0k, Or) — dp wi), (2.60)

where By = kay, with k > 0 is an adequate stepsize.
If we now derive the stochastic gradient formulation starting from Equation (2.54), we
obtain the GTD2 algorithm as

Ori1 = Ok + adn (P — Yrt1) W,

(2.61)
Wiy1 = wi + Brdr(5(0k, Or) — dp wi),

whereas if we start from Equation (2.55), we get the TDC algorithm as

Ort1 = O + o (¢5(9k7 Or) + ’Y¢k(¢k+1)T’wk) = O + k0 Ok, O) — ke ydr(Prir) " wi

W1 = wi + Brdr(0(Ok, O) — b4 wi).
(2.62)

The authors of [47, 27] state, that the stepsizes have to satisfy > jeoar = > oo Ok = 00,
SR pa? < o0, Bk < oo and for GTD2 ), = kay with kK > 0, whereas for TDC
limy o0 % = (0. This choice of stepsizes ensures that both algorithms are so-called two-
timescale algorithms. This means that 0, gets updated on a slower timescale and wy acts
as if stationary from the view of the 6, update. It can be observed, that the first part of
the TDC update in Equation (2.62) is the same as for the classical TD algorithm. TDC
corrects TD for its shortcomings by the means of a correction term, which is the second part

of Equation (2.62). This is the reason why it is called TD learning with gradient Correction.

2.6. A closer Look at the Objective Functions

In the previous sections, sample based reinforcement learning algorithms were introduced,

that minimize an objective function, based on the Bellman operator and the resulting Bell-
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man error. The straightforward definition of an objective function, namely the MSBE, is
taking the mean squared error of the Bellman error. The second approach, in order to
increase stability and ensure nice algorithm behavior is to introduce a projection onto the
span of features @. This, of course, is only applicable in the presented way if a linear value
function approximation is used.

Which objective function should we now use for the optimization? In order to answer
this questions, we can look at several theoretical properties deduced from analyses of the
corresponding objective functions. We will first start to take a look on the theoretical
bounds of approximation quality using either objective. Second, we will shed more light
comparing the classical TD method with gradient based methods based either on the MSBE
and the MSPBE.

Proposition 1. If we have 0* as the unique solution of the linearly approximated projected
Bellman equation |90 — Hu’m(@G)Hg and V,, being the solution of the non-approximated
Bellman equation ||V — 7;¢VH§ and the fized point of the Bellman operator, then it holds
that

[V — 267 < (2.63)

1
ﬁ”v’t o HMVMH&
where T, and I1,/T,, are contraction mappings with modulus 0 < v < 1 asin ||T,V—=T,V'|¢ <
YNV = V'||¢ for some V, V.

Proof. We can use the Pythagorean theorem and the fact that I1,,V), is a contraction with

modulus v and V,, is a unique fixed point and derive

Vi = @02 = |[Vis = IuVidlE + (111,10 — 907
= Vi = IuVallg + 1T, TV = T T (907) (2.64)
< Vi = IuVallf + 57V — 2072

For a full proof refer to [5]. [

This inequality in Equation (2.63) explains the best error that can be achieved when using
linear value function approximation, which is the left side of the inequality. This means that
the solution 6* is this much away from the ground truth solution V},. The right side is the
upper bound of this error, which is dominated by the projection error of V,, onto the row

span of the features span(®). An illustration can be found in Figure 2.3, where the right
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T.(29)

V = {60 € R}

Figure 2.3.: MSPBE in the space spanned by the features. Projection error in red, Bellman error
in orange.

hand side projection error is indicated in red. Additionally, this is unfortunately not the
1

1—y
this error farther out. This means that the overall approximation error on the left hand

upper bound on the overall approximation error and the additional prefactor pushes

2
side is no longer tightly bounded from above if the discounting factor + is close to 1.

An illustration of this behavior can be seen in Figure 2.4. Here the error bound of the left
hand side is indicated in orange, whereas the area in red indicates the possible error bound
determined by the right hand side. The error in blue indicates the projection error of the
value function. Note that with v approaching 1, this area grows quickly and therefore no
definitive statement on the original approximation error can be made. Note that for a real
norm on &, the visualization of the bounds are no longer necessary circular and are drawn
here for illustration purpose.

On the other hand, a similar proposition as the above can be derived when working with

the Bellman error without projection.

Proposition 2. Let (* be the unique solution of the linearly approximated Bellman equa-
tion without projection ||®¢ — E(@C)Hg and V), being the solution of the non-approximated
Bellman equation |V — 7;V||g and the fized point of the Bellman operator, it holds that

« 1+~
[V — @¢F]e < ﬁl\Vu — I Ve (2.65)
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d:=||Vu — . V,|le

Figure 2.4.: Illustration of the error amplification by values of « close to 1.

Proof. We assume that the matrix @ has rank [. This guarantees, that (* is the unique
fipoint to the unprojected Bellman equation ¢¢ = 7,(®(). Since the value function approx-
imation space throughout this thesis is restricted to linear only, the space V = {®0|0 € R*}

is linear and therefore compact. We can further then establish that
in||V,—Vle= |V, —I,V,]e. 2.66
min [V = Vlle = [V = MuViallg (2.66)

Then, we can adapt the proof technique from [40] and [59] to derive since || P,|l¢ =1

(e}
. 1
10 =7P) e < D 2™ IBllg < 3= (2.67)
m=0

For any value function V, we then have by first adding and immediately subtracting 7,V
and using the fact that V, = 7,V, and T,V = R, + P,V

V-V =V,—-TV+TV -V =PV, - V)+ T,V - V. (2.68)
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Then by moving vP,(V, — V') on the left side, we obtain
(L =vP)(Vu = V) =T,V =V, (2.69)
and can then substitute V with #¢* as in
Vi = 2 e < 12 =4 Pu) el Tu®C — B¢ e (2.70)
Further we have

726" =PC7 e = min [T,V =Vle < A+ Bulle) min [V =Vlle = A+ Pulle) V=L Ville-

(2.71)
and therefore can overall conclude that
Ve = 2¢*lle < 1 = vPu) "M e+ AIPulle) Vi = Ve (2.72)
With the known || P,ll¢ = 1 and ||( —yP,) " |le = 117 the solution can be obtained as
Vi = 867l < T2 Vi = DVl (273
|

If we now put the prefactors of these two bounds into relation and define

147 1
q(v) == -

—1_7 /71_727

then we can plot this function with regard to 7 as seen in Figure 2.5. From this plot it can

(2.74)

be clearly concluded, that the prefactor for the MSBE bound grows much faster than the
one for the MSPBE when ~ approaches 1. Therefore, from this standpoint of view, it is
beneficial to prefer methods minimizing the MSPBE to ones that minimize the MSBE.
Another argument for using the projected Bellman error as an objective function is that
the residual gradient method, which minimizes the unprojected Bellman error attains a
solution, that is an upper bound to the methods working on the projected equation. Scherrer

[71] conclude this in the following proposition.
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MSPBE vs. MSBE

200

0.0 0.2 0.4 0.6 0.8 1.0

Figure 2.5.: Difference of prefactors ¢(vy) for the bounds on MSBE and MSPBE.

Proposition 3. [71] The RG is an upper bound of the TD error, and more precisely:
¥V eV, Bra(V)? = Erp(V)? + | TV — ILT.V |, (2.75)

where Era and Erp are the minimal errors attained by the residual gradient and temporal

difference algorithms, respectively.

On the one hand the solution attained with temporal difference methods on the projected
objective is better than the gradient solution on the unprojected method, on the other hand
if the gradient method tends to zero it will force the temporal difference error towards zero.

In practice temporal difference methods are often used although the convergence is not
always guaranteed if sampling does not adhere to the distribution induced by the policy u
(see Section 5.2 for details). This has two reasons: According to Scherrer [71], the residual
gradient method has a higher variance under the influence of the sampling noise, which the
temporal difference based methods are less susceptible to and, second, the residual gradient
method requires double sampling in order to converge to the minimum of the unprojected
objective function.

As the gradient based methods are theoretically more sound and enjoy better convergence
guarantees [71, 47, 78, 79], especially if sampling is not done with respect to the distribution

determined by the policy, those methods are to be preferred. In order to attain a smaller
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minimal error, additionally methods based on the projected Bellman objective, such as the

GTD2 and TDC algorithm are overall superior.
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Chapter 3.

Regularization in Gradient Temporal

Difference Learning

In this chapter one of the main contributions, namely regularization for stochastic gradient
descent temporal difference learning, will be introduced. After motivating especially in
the linear value function approximation case, existing work will be covered and the main
algorithm, /1-regularized gradient temporal difference learning, will be introduced. Also a
comparison to one existing similar approach RO-TD will be investigated and a comparison
of the differences of the algorithms of this chapter and RO-TD.

3.1. Introduction

As motivated in the previous chapter, the LSTD algorithm [13, 12, 40] due to being a batch
algorithm is sample effective but cannot be used in an online setting. Additionally, the
algorithm gets computational expensive not only in the number of samples, but also with
increasing feature dimension. In a setting, where the features are high dimensional but
there are not so many samples available, i.e. [ > n, the LSTD method and methods derived
from it tend to overfit [32]. This means that selecting the features that are most relevant in
approximating the value function can often not be done a priori and the algorithm starts
selecting some set of features that might seem to be relevant to the task, but only appear
to be relevant when looking at the data at hand. If more data would have been available
the selection would have been a different one.

When coupled with automatic feature generation, it is not always guaranteed that all

features will contain useful information with regard to solving the task at hand, even some-
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Chapter 3. Regularization in Gradient Temporal Difference Learning

times there is no possibility to define a sensible way of predefined features and one has to
resort to generic or automatic feature generation and extraction. Noise and sensory mea-
surement errors contribute to the expressive uncertainty of the feature transformation and
the features themselves. If such a noisy feature transformation is coupled with linear value
function approximation, the noise naturally degrades learning performance of the value
function weights 6 and introduces bias.

One method to overcome these difficulties is to introduce regularization.

{1 — norm {9 — norm {+o — norm

Figure 3.1.: lllustration of norms in two dimensional space.

The most common form of regularization for ill-posed problem is the so called ¢ regular-
ization [63], by adding the term |63 to the cost function. This additional norm assumes,
that the parameter vector should be smooth and helps to solve these ill-posed problems. A
huge benefit of this form of regularization is, that it often allows for closed form solutions

and the overall cost function is then of the form
Jo(0) = J(0) + m|6]]5- (3.1)

However, in a lot of situations, it is more appropriate to give only weight to a limited set of
the features in the linear approximation scheme. The above regularization does not honor
this. In those cases, ¢ regularization is more appropriate and this is why this form is often
chosen in signal processing to do noise suppression in the presence of additive gaussian noise.

It forces many entries of the weight vector to be set to zero, i.e. not contributing to
the final result. Additionally, it can be shown in e.g. logistic regression, that if the num-
ber of training samples compared to the dimension of the parameters is small, then such
regularization performs in a superior way. The number of samples required in those cases

only grows logarithmically in the number of feature dimensions opposed to the usual linear
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growth [63], especially in the presence of irrelevant features, which do not contribute to the
result. Therefore, ¢; regularization provides an implicit way of feature selection and pro-
vides for better interpretability of the results obtained [82]. The problem then is formulated
as

J1(0) = J(0) +ml|6]1. (3:2)

Problems of this form can be usually solved using a so-called Least Absolute Shrinkage and
Selection Operator (Lasso) [82] method. Another solution method for a stagewise forward
selection of which coefficients to use, called least angle regression (LARS) [21], tends to
obtain the same solution in a more efficient way. The drawback here is, that the solution
is not guaranteed to be optimal and can achieve different final values, depending on the
initialization used.

In some situations, however, the solution of the Lasso can be sub-optimal and the overall
cost function is dominated not by the regularization, but by the original problem cost
function [82, 26, 25]. In order to cope with these problems, the elastic net formulation was
introduced as

J(0) = J(0) +m|0]3 + n2116]]1, (3.3)

which combines both, ¢» and ¢; regularization [91].

A graphical overview of the different regularization behaviors can be seen in Figure 3.1.
The leftmost figure describes how an fo norm would look in a two dimensional problem.
Note that intuitively the penalty for large coefficients in any dimension is shared as the
penalty can be described graphically as a ball (or circle in this case for two dimensions).
On the other hand, in the center part of Figure 3.1, the ¢; norm is depicted. Compared to
the /o variant, the £ penalizes especially along the coordinate axes. Intuitively, it would
be best for e.g. feature selection and sparsity to have a norm, which is only penalizing the
number of nonzero elements, i.e. the £y regularization, but this form is no longer convex.
The ¢; can therefore be seen as a convex relaxation of the ¢y regularization making it better
suited for optimization algorithms. As a comparison, on the rightmost side of the figure,
the so-called /y (also sometimes referred to as sup-norm) norm is depicted. Here only
the largest absolute values play a role in the penalty. This norm is not often used as a
regularization variant, but we will encounter it again for looking a theoretical properties of
MDPs and when proving the contraction properties of the Bellman operator 7.

The two fundamental regularized formulations, ¢; and ¢s have been applied to reinforce-
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ment learning to improve convergence and provide feature selection, especially in situations,

where the parameter vector is high dimensional and the number of samples available is lim-

ited. The next section introduces an overview of existing methods for solving regularized

reinforcement learning and discusses applicability of each solution method. Additionally,

in the section following, the proposed solution method of this work will be introduced and

motivated.

3.2. Prior Art

Regularization techniques have been applied in reinforcement learning methods before. Gen-

erally, those can be divided into two major groups of algorithm types:

1. Batch: Batch methods build on the equivalent batch methods for their regularized

counterpart in regression and supervised learning. This means that all the data is
collected beforehand and then an optimization method is applied to all samples at
once. This means that possibly a lot of data samples of state, action and reward
tuples have to be stored for later processing. Additionally, most of the batch methods
have at least quadratic computational complexity in the size of the feature vectors,
which makes them unsuitable for applications in high dimensional scenarios. On the
other hand, batch algorithms tend to be sample efficient. This means that with a
comparatively low number of samples the methods achieve similar performance as
sample-per-sample methods would only reach after a significant amount of additional

samples.

. Stochastic Gradient: Stochastic gradient methods update their model parameters

after each sample received instantly. This means that the sample tuples do not have
to be stored and as such those methods are storage space efficient as only the model
parameters have to be held in memory or persisted to disk. Most of the stochastic
gradient methods are also algorithmically very simple and therefore it is possible
to implement such a method, when working in limited computational environments.
A drawback of these methods is that they tend to converge rather slowly in the
number of samples and therefore need a significant larger amount of samples to reach

similar performance as batch methods. Additionally since the model is updated after
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each sample, these methods can be susceptible to noise and high variance samples.

Regularization is therefore a useful tool to improve the stability of these methods.

s Y
e Lasso-TD [46, 32]
o LARS-TD [39]
o LC-TD [35]
«RALP-TD [68, 80]
«L1-PBR [28]
«L21-LSTD [33]
« OMP-TD [64]

o LSTD [5] *D-TD [30]

o Reg. BRM/LSTD [24]
e Reg. Fitted Q [23]
e L21-LSTD [33]

Regularized
Reinforce-
ment Learning

[. L21-LSTD [33]

Stochastic
Gradient
«L1TD [65]
« GTD-IST [55]
e RO-TD [45, 49, 50, 44, 43]
e RDA-LMS [69]

Figure 3.2.: Overview of the different types of regularized reinforcement learning.

Due to the high popularity and good performance, and well-behavedness of traditional

batch least squares formulation of reinforcement learning algorithms, those were the first

to be considered for extension to regularization methods. In the following an extensive list

of this development in regularized batch methods will be covered in chronological order of

publication to give a sense of the development in the field of this types of algorithms.

As one of the earliest methods, Loth et al. [46] use the so called Lasso formulation from

Equation (3.2) to encourage feature selection and sparsity in the weight vector. They employ
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the well known regression formulation of the LSTD algorithm (Section 2.4) and extend the
loss function with an ¢; norm, by modifying the projected fixed point operator II'T of
the LSTD formulation with a regularized formulation. Then they apply the equi-gradient
algorithm on the batch sampled data. In [32], Ghavamzadeh et al. analyze the sample
complexity of Lasso-TD in great detail and give performance bounds for various conditions.
They can establish that the number of samples required for ¢; regularized methods only
scales in terms of relevant selected features and not with the total amount of features.

Fahramand et al. [24] extend the above idea using methodologies from regression and
regularization to introduce an ¢5 regularized cost function. In order to achieve this, they per-
form regression on the sampled Bellman error for the state action function, which is related
to the value function. Additionally, they provide an in depth analysis of the performance
of such classification methods as a means of value function approximation in reinforcement
learning. The authors apply the same technique to non-control tasks, such as BRM (see
Section 2.5.2) and LSTD (see Section 2.4) and add a policy iteration scheme on top. Fur-
ther, they analyze the sample complexity of those £5 regularized algorithms, while pointing
out that /1 regularized version of those algorithms are worth considering.

Next, Kolter et al. [39], similarly to [46], add an ¢; penalty term to the projected Bellman
error. They apply the least angle regression (LARS) algorithm [21] to solve the augmented
cost function by formulating the problem as a set of optimality conditions similar to [38] and
derive a method by maintaining an active set of features, that contribute to the solution, i.e.
having a weight of non-zero. A drawback of this method is that the projection of the Bellman
error is replaced by an f1-penalized projection, which does not guarantee correctness any
more as it does not correspond to the original Bellman error formulation. Additionally, the
matrix of temporal difference errors, stacked together, needs to be a P-matrix in order for
the solution to be correct. This assumption could be violated if the samples are obtained
via off-policy sampling.

Johns et al. [35] reformulate the problem of the ¢; regularized projected Bellman error as
a linear complementary problem. This enables to use nonspecialized solvers and provides
warm starting capabilities, which better capture the iterative nature of the reinforcement
learning problem, especially present when the algorithm is used in a policy iteration scheme.
Unfortunately, since the formulation is in terms of the Bellman error fixed point, the re-
quirement of the P-matrix still ensues.

Petrik et al. [68, 80] reformulate the minimization of the ¢; regularized MSPBE in term of
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approximate linear programs. Similar to Johns et al. [35] they can use off-the-shelf solvers
to tackle the problem.

Geist et al. [28] aim at alleviating the projection problems of LARS-TD [39] by adding the
{1 penalty in addition to the usual ¢o penalized projection of the Bellman error. Therefore,
in contrast to LARS-TD, which searches for the fixed-point of the Bellman operator, this
approach is convex and can therefore be solved by well known solution methods, which do
not fail if the feature matrix is not a P-matrix. This advantage is bought, however, with a
higher runtime and memory complexity.

The previous ¢1-PBR approach gets extended by Hoffmann et al. [33] to incorporate
both types of regularization, ¢5 and ¢; in one formulation. Additionally, they introduce a
data standardization step in order to have equal feature scaling and remove possible bias in
feature selection.

Finally, Geist et al [30] apply the Dantzig selector (DS) [15] algorithm to the projected
Bellman residual formulation. Since the Dantzig selector is a method for statistical learning
in situations, especially where the number of features is larger than the number of samples,
it is an adequate method to apply here. A benefit is that the reformulated problem can
be efficiently solved by an interior point linear programming solver. It is to note, that the
Dantzig selector penalizes the Bellman error not with the ¢» norm, but with the ¢, norm
(sup- or max-norm), which measures the largest absolute value.

Due to the high computational complexity for the optimization of regularized batch meth-
ods, the interest in regularized stochastic gradient reinforcement learning methods, was
sparked around the year 2012.

As one of the first to investigate stochastic gradient methods, Painter-Wakefield et al. [64],
apply the orthogonal matching pursuit (OMP) [53] to feature selection in RL. Here features
are selected greedily one after another depending on the decrease of the error residual.
The work is related to [67], where new features are generated based on their decrease of the
Bellman error. Here, however, the features are selected from a fixed, predefined set. It builds
on the previous connections of matching pursuit algorithms such as [36, 51, 52] and it has to
be mentioned, that this method indeed cannot be fully classified as a stochastic algorithm.
In [65], the authors additionally derive an ¢; regularized version of the original temporal
difference learning algorithm. The detailed derivation and discussion will be covered in
Section 2.5.2.

The other stochastic gradient type of regularized reinforcement learning algorithm known
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to the author, RO-TD [43], is closely related to the algorithm in this work, which will be
described in the next sections. Therefore, an in-detail comparison with RO-TD will be

covered in a separate Section 3.4.2.

3.3. Motivation of the proposed Approach

As was established in Section 3.1, the introduction of a regularization scheme for reinforce-
ment is useful. As we have seen in that section, we have — given no other information about
the problem is available — the reasonable choice between the ¢ and ¢; regularization or a
combination of both.

If the main problem lies therein that the underlying problem might be under determined,
then in a lot of cases the application of ¢5 regularization is advised. On the one hand, in
most of the cases it makes the problem again uniquely solvable and on the other hand in a
lot of cases, there exists an analytical solution method. A good example for this behavior
are again linear regression problems. A drawback is that this form makes no distinction
between the different components of the data and weights all contributions equally. It can
be beneficial for some problems where there exist especially noisy features, to only use a
subset of the features of the provided data. Additionally, in the presence of noise, this has
a big impact on algorithm performance when only coupled with ¢5 regularization.

In order to alleviate those problems, ¢; regularization can be used. Similar to the /f
variant, it helps making the overall problem again solvable for the case of underdetermined
problems. This can happen, if the dimension of features is large and on the other hand the
number of training samples is small compared to that.

To illustrate this further, one can regard the theory of Bellman error fixed points: If
the feature matrix has full rank, this means that the dimension of the features is equal or
smaller than the total number of unique states, then the overall problem of the MSBPE is
strictly convex (as will also be discussed in Chapter 4). If now the feature transformation
generates high dimensional feature vectors, which can easily happen for example when tile
coding [76] or kernel features are used, then the full rank condition is no longer necessarily
met. This means that the MSBPE is no longer strictly convex but only convex. A solution
can then be found, but other equally beneficial in terms of the cost function exist. Then

regularization helps to make the solution again unique, be it 5 or ¢;. The difference in
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both regularization techniques now is in terms of noise resistance as will be elaborated in
the next paragraph.

Another benefit of £; regularization is, that in the presence of noise, e.g. additive gaussian
noise, the overall problem performance is better preserved. Imagine a problem, where some
of the feature dimensions contain the useful information leading to a solution of the un-
derlying reinforcement learning task, but some features contain irrelevant information that
do not contribute to the task. Then this type of regularization discards these features and
sets them to zero. The further iterations of the optimization algorithms then do no longer
take these noisy feature dimensions into considerations leading to a better performance in
accuracy. Additionally, also computational performance can be increased. This is due to the
fact, that if the specialized implementation knows, that a feature dimension, whose weights
are set to zero is not considered in the optimization process, then these can be left out of the
overall calculation, whereas for £5 regularization those still have to be considered as further
samples could again contain nonzero information. In addition to a faster computational
implementation, also memory requirements can be impacted positively by using specialized
data structures, that honor the fact, that some components of the data can be discarded
[41, 65].

Another interpretation of the ¢; regularization can be done in terms of feature selection.
As was established before, the regularization promotes to have as many components of the
weight vector set to zero. Those zero components effectively cause the feature dimensions
corresponding to them to be discarded. This is useful if some of the features contain noise
and therefore are not contributing to the solution of the problem or if some features are
irrelevant to the solution and can be left out. The behavior of feature selection is especially
useful in situations, where not specially crafted features for the underlying problem at hand
can be specified and one has to rely on generic feature mappings or generic feature extraction
mechanisms. In most of the generic feature mappings for reinforcement learning, such as
tile coding [76], the number of features generated is large and possibly only a subset of them
is useful in encoding the state of the physical system. Then feature selection can get rid of
a lot of noncontributing features (by setting the respective weights to zero).

In this thesis ¢; regularization is applied to the cost functions of stochastic gradient
temporal difference learning algorithms and subsequently optimization algorithms will be
derived. Now, often it is assumed, that in online stochastic algorithms the data available

is plentyful and therefore the situation, where batch algorithms profit when there are less
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samples of data available than the feature dimension size, it is no longer valid. This might
be true for the convergence and stability of the algorithm, but leaves out the fact, that
sometimes even for batch data one would like to use a stochastic gradient algorithm because
of computational framework conditions. The argument, that is even more convincing is
that, even in the online setting the problem can be noisy and therefore slow to converge

and instable. If this situation is given, ¢; regularization can therefore still be helpful.

3.4. Derivation and Algorithm

We have three regularized formulations of cost functions. These can now be applied to the
cost functions introduced in reinforcement learning. As in this thesis the focus lies on ¢
regularization, only this variant will be further regarded.

Three basic cost functions exist, which we will closer inspect and add regularization in
order to derive an online stochastic gradient descent optimization algorithm. The first cost
function is the basis for the temporal difference (TD) learning algorithm, as introduced in
Section 2.5.1

JTD(H) : R" = R

, (3.4)
6 |80 — R, — yP, P01 2.

The second one is the projected mean squared Bellman error, which is the basis for the
LSTD/LSPE and GTD2/TDC algorithms

JR(;(Q) :R"—= R

(3.5)
0 |[Vo — TpVallg = 1960 — T.(20) |2,
and the NEU objective function of the GTD algorithm
Jorp(0) : R" - R (3.6)

0 || Ee.p, [5(6,6")¢] II*.

Let us now in the same fashion as for the introduction of the ¢; regularization in Equa-

tion (3.2), formulate modified objective functions, where the respective modified variant is
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indicated by J as

Jrp(#): R* - R
0 — (|90 — Ry — v Pub0r_1Z + nl6]1,

for the temporal difference learning algorithm,

jR(;(Q) R"—> R
0~ |[Vo = TuVallg + o] = (3.8)
120 — T (@0)Ig + 6]l

for the residual gradient algorithm family and

j@,fp])(@) R =R
0 — [|Be,p, [6(6,6")0] 1> +n6]]1,

and

jTDC(e) :R" =R

) (3.10)
0 = |[I1,.(20 — T (P0)) g + nll0]11

for the stochastic gradient temporal difference learning class of algorithms.

To minimize the regularized cost functions, we will derive a gradient descent algorithm
for the exemplary problem of Equation (3.2) and afterwards apply it to the three objective
function in Equations (3.7), (3.8) and (3.9). Since the method will be based on the method
of subgradient descent [6], the definition of the subdifferential is stated as

Definition 1 (Subdifferential). For a convex function f : RN — R, the subdifferential of f

at point w is defined as
Of(w) = {ue RN vy e RN : (y - w) Tu + f(w) < f(y)}. (3.11)

In order to minimize a problem like in Equation (3.2), one takes iterative steps in the

subgradient directions by iteratively applying

Op+1 = Op — Vo J (0r) — 0|0k |1, (3.12)
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where k is the iteration step and «y is an appropriate step size. The problem now lies
therein, that unfortunately the ¢; norm is not differentiable in the origin. Although most
of the times, the evaluation happens in parts of the definition space, where differentiation
is possible, the solution 6* for the regularized problems mostly lies in points that are not
differentiable, cf. [20].

In order to deal with such problems, that can be split into a differential subgradient
part (J in our case) and one non-differentiable part (]| - ||1), a two step algorithm, called
Forward-Backward Splitting (FOBOS) [20] can be used. Here the minimization procedure
is alternatively taking unconstrained subgradient steps for the first part and analytical
minimization steps for the regularization part.

To derive the analytical minimization step, we need to define the concept of the proximity

operator as for example in [56, 16] or originally in [57, 58].

Definition 2 (Proximal Operator). Let 1 be a real-valued convex function in RY, the the

proximity operator of ¢ for x € RN is defined as

prox,; () :argmgn{;|]u—$||%+¢(u)}. (3.13)

The proximal operator is a replacement of the projection in projected subgradient meth-
ods, in order to get the result in the regularized domain. The advantage is now for certain
functions v, a closed form solution can be analytically derived. Since our interest lies in the
case, where ¢ = n|| - || is the ¢; regularizer, the derivation will be conducted with respect

to these settings. The proximal operator for ¢; is denoted by
. (1 9
prox, () = argmin { 2w~ 2] + nllal | (3.14)
The subdifferential then is derived and set to zero to obtain the closed form solution as
u = prox,,.| (=) (3.15)

which is equivalent to
1
00 (Glu—al3 +ulel ) (3.16)
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As the first term is differentiable, we have
0€ndlzi tu—= (3.17)
and by moving x — u over, the solution satisfies
x —u € ndlz|. (3.18)

With the element-wise subdifferential of the #; norm

[1] ifxz; >0
Ollzillr € {[-1]  ifx <0, (3.19)
[—1, 1] if €T, = 0

we get as the solution the soft-thresholding operator [19]

v, —v ifx;, >v
W ()i =40 if —v<az;<v, (3.20)

v, +v ifr<v

with [-]; denoting the i-th vector element.

This can be rewritten as
U, (x) :=sgn(z) © max {|z| — v,0} (3.21)

where sgn is the elementwise sign of the vector elements and ® is the elementwise multipli-
cation of two vectors.
Since we now have derived the closed-form solution to the non-differentiable part of the

problem, we can put together the full FOBOS algorithm as
Oprr = Ok — 109 ] (61)
(1 , (3.22)
Ouss = argmjn {516 = Oy 18-+ el |

Here, oy is an appropriate step size and «; 1 is an interim stepsize, which can be set to
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Q1 = Qg in the stochastic optimization setting and to Qg1 = eyl in the batch setting
[20]. The final notation for the stochastic optimization of equation (3.2) then is written

down as
Opr1 = Ok — Vo J (Or)

Op+1 = Wakn(0k+%) = sgn(9k+%) ® max {9k+% -, 0} (3.23)
= 9k+1 = J/akn (Qk — OékVQJ(Qk)) s

since the first part is differentiable and the gradient of J is estimated with a stochastic

sampling process.

3.4.1. Regularized Gradient Temporal Difference Learning

By taking the three regularized objective functions (3.7), (3.8) and (3.9), their respective
gradients as well as the optimization scheme just derived, we can write down three regular-
ized gradient algorithms for reinforcement learning.

The first is the well known temporal difference learning update, which gives us the algo-

rithm update
Oki1 = Yoy (O + k@' = (805 — Ry — YPuB0s1)) , (3.24)

or in a stochastic gradient type formulation as

Os1 = oy (06 + b (Bk(D141 — 300k + dur) )

(3.25)
=Ya,n (Gk + apdr(re + dpy1 Ok — ¢;—9k)) -

This version of a regularized TD learning algorithm is called L1TD and was studied in [65].
It enjoys proven convergence guarantees and is able to select the relevant features for a task
even in the presence of noise. A drawback of this method is that regularized algorithms,
derived from the TD formulations inherit all drawbacks of the original TD algorithms.
These include possible instability when combined with nonlinear feature extractions, biased
estimations of the value function and non-convergence when the samples are not collected
on-policy, i.e. generated by the policy.

As discussed in the previous chapter, one possibility to remedy this situation is to derive

the gradient descent formulation without relying on bootstrapping, i.e. basing the gradient
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calculation on a potentially noisy estimation of the current value. The first derived algorithm
in this direction is the Bellman residual minimization, which can be applied in the similar

fashion to the iterative soft-thresholding formulation as in

Orr1 = Yayun (9k + ag(re + Y10k — b Ok) (D1 — 7¢k+1)) . (3.26)

This algorithm would then be called a regularized version of the residual gradient (RG)
algorithm. Unfortunately, if independent double sampling is not a feasible option, this
algorithm will still not converge to the desired task objective and also inherit the drawbacks
of the original algorithm version, just as the regularized TD method.

In order to remedy the drawbacks of the two previously introduced regularized formula-
tions, the formulation of the gradient temporal difference learning algorithms can be com-
bined with the iterative soft-thresholding operator technique in order to obtain a method,
that is both, more robust towards noise and outliers as well as reliably convergent to the
minimum of the mean squared projected Bellman error.

Following the derivation in [55], the three update rules of GTD, GTD2 and TDC can
be composed with the soft-thresholding operator in order to obtain three new methods for
{i-regularized online gradient TD learning. The first algorithm will be GTD-IST and the

update is written down as

Okt1 = Yayn (9k + apurdr(dr — ’Y%)T) , (GTD-IST)
Upg1 = Uk + Br(dr0(Ok, Ok) — ur),

(3.27)

again with uy being the auxiliary weights, oy and Sx appropriate step sizes and 7 a parameter
controlling the influence of the ¢; penalty. The two other gradient TD methods GTD2-IST
and TDC-IST then again are written down as

Okr1 = Yoy <9k + ardr(or — ’Y¢k+1)ka> (GTD2-1ST)
Ok+1 = Yoy (9k + agd (O, Ok) — amqbk(ﬁbkﬂ)ka) (TDC-IST) (3.28)
Wit = Wi + Bk (5(Ok, O) — b5 wy).

49



Chapter 3. Regularization in Gradient Temporal Difference Learning

3.4.2. Analytical Comparison to RO-TD

Liu et al. [45] derive a similar online regularized TD algorithm, but solve using a mirror-
descent method. Their resulting algorithm is called Regularized Off-policy convergent TD-
learning (RO-TD) and is re-stated and analyzed in several publications [49, 50, 44, 43]. This
algorithm can be considered as the closest to the algorithm presented in this chapter.
Their derivation closely follows the steps for obtaining the TDC algorithm variants, but
combines the two timescale update in a combined matrix vector update formulation. From
the original derivation, we get the first equality condition for the auxiliary weights w from
Equation (2.55) as
E¢ |60 w =g p, [66(6,0)], (3.29)

which can be expanded into the matrix formulation, as

(2720)w= (07200 - " =R, — 1@ ZP,0), (3.30)
and the two vector w and 0 be extracted via

~(0720)w+ (¢'26 10" ZP,8) 0 = 3" 2R, (3.31)

By setting the gradient %V@(JTDC(H)) = 0 to zero with substituting w, we can obtain

another equality condition as in
VEgp, |6(¢) | w=~Eep, [63(6,6)], (3:32)
again substitute the expectations with the matrix form
(10TEP®)w = (0T P00 — 87500+ BT ZR,,), (3.33)
and extract w and 6 as in
(v0TEP®)w+ (875D — 1@ ZP,8) 0 = T ER,, (3.34)

These two equations (3.29) and (3.32) can then be put together in a combined matrix vector
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equation system as follows

[—nqﬂs’qﬁ nqSTEqs—yqﬁTEPHﬂ m B [néTER#

_ - C = "Ml e Az =0 (3.35)
V9 'EP,d O'EP—d PP | |0 ®TER, ]

The corresponding empirical estimations of the quantities A = E[Ag], b = E[bg] and

x = [w,0]" can be denoted as

::[ —nok08 m(m—wm)w,b _ [mm] (3.36)

Yor(Pr1) T dr(dk — Ydrs1) " PrTk-

In short, the objective function optimized by the RO-TD algorithm including the sparse ¢;

regularization on the weights 6 then can be conveniently written as
Jro-tp(z) = [[Az — bll2 + 7|z (3.37)

By following the techniques stated in [61] and [37], Liu et al. [45] reformulate the objective

function as a saddle-point problem as in

Jro-tp(7) = [[Az — bll2 + 7|zl = ||2ﬂa}<<1yT (Az = b) + 7|1, (3.38)
where n = 2 is the conjugate number % +% = 1 corresponding to the original problem fit of
m = 2 (f3-norm) and y = [y1,92] ' is a vector of the same structure as z. This reformulated

objective function can now be solved by an iterative procedure by applying

Typ1 = o= aAly Yipy = Yo + e (Arwe — by) (3.39)
Ti41 = !pozkn (xtJr%) ) Y1 = I, (yt+%> )

where IT,,(z) := min (1, W) x is the projection of x on the ¢, unit-ball, ¥ is the already
well known thresholding operator, zg := 0,yp := 0 and «; an appropriate step size. To
have optimal computational cost, the update steps involving the matrix A and vector b

are decomposed into separate updates for the vector components of yi = [yi k. yQ’k]T and
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xp = |wg, Ox] and can be written down as

T —NPRDL Y1k — VPR Dhs1 Yo,k
Ak yk - T T T T 9 (340)
NOkPy Y1,k — YNPkPp 1YLk + PkPr Y2,k — YPkPpy1Y2,k
and
— Twy — 0(0y,0
Ay, — b, = l 19k i — 1080 (O ’“)1 (3.41)
YOk Py Wk — Gk (O, O)-

Liu et al. [45] argue against the objective function in Equation (3.10), where the sparse
penalty is simple added to the MSPBE cost function because the derivation of the gradient
in their opinion does not admit an analytical derivation and is difficult to compute. How-
ever, in the derivations of the subgradient and the proximal formulation of the simple sparse
augmented cost function Equation (3.10), this argument was shown to be not valid and a
more straightforward derivation and solution method is indeed possible. It is worth notic-
ing, that the formulation of Liu et al. [45] admits straightforward application of standard
methods to analyze the sample complexity of the resulting algorithms.

Mahadevan et al. [48], extend the RO-TD algorithm to variable basis adaptation. Here,
the regularization not only selects from a fixed basis @, but a nonlinearly parametrized basis
&(«) is assumed, whose weights « are adjusted in a two-timescale scheme.

In parallel, Qin et al. [69], first derive a batch version of ¢; regularized RL which can
be solved by a method of alternating directions [88] applied in basis pursuit problems for
compressive sensing. Those methods also employ a shrinkage operator in the gradient
descent method. Then they derive an online version of the algorithm, called regularized
dual averaging (RDA) [87], which in the same fashion as the previous algorithms imposes a
proximal penalty and solves using the soft thresholding stochastic gradient method. Note,
that this method similarly as GTD/2/TDC-IST, solves for the Bellman errors which use a
& weighted norm, which ensure the proper convergence and fixed point properties. RO-TD
[45] on the other hand solves for a square weighted Bellman error (|| - ||2 instead of || - ||¢)
which is only valid if the feature basis is orthonormal and the steady state distribution
of the underlying MDP is the identity, i.e. = = I. This could be an explanation for
the observations by White and White [85], where the mirror-prox versions of gradient TD
learning (of which RO-TD is one example) performed poorly compared to the original
versions of GTD/2 and TDC.

52



3.5. Experiments

3.5. Experiments

In order to evaluate the empirical behavior and performance of the derived algorithms they
were tested on several well established standard experiments in reinforcement learning.
All those experiments are simulations to highlight the behavior of the algorithms with
regard to specific difficulties. In the following, two different simulated test environments
and their specifics will be presented. Some of these environments will also be used in the next
chapters about accelerated algorithms, multistep methods and off-policy variants of those
algorithms. Additional, specialized experiment variants to highlight the specific properties

of the respective algorithms will be introduced in the corresponding chapters.

Random Markov Decision Process

The first evaluation to test a new RL algorithm is to check the ability for finding an adequate
set of weights in a random Markov decision process. Here the convergence speed can be
tested in environments, to which the solution is well known and a squared error to the
ground truth solution 6* can be calculated in every iteration step of the learning procedure.
Of course some algorithms behave differently and scale with the number of states and the
feature dimension. Therefore, two different random MPDs were generated. The first one is
referred to as the small random MDP and it consists of n = 30 states, each with n, = 4
actions to choose from. The feature size is [ = 10 randomly generated features individually
for each state. This means that for each state a specific random vector ¢(s) is generated by
sampling each dimension from a normal distribution, which is unique and stays the same
for every state throughout the experiment. The reward for each action in every state is
also generated randomly from a normal distribution as well as the transition probabilities P
from each state to every other state taking a specific action. These rewards and transition
probabilities are stationary in the experiment. The second random MDP is the big random
MDP and is generated in the same fashion as the small one with the difference that there
exist n = 400 states, [ = 200 feature size and n, = 10 actions in every state. The discount
factor for both MDPs is arbitrarily set to constant v = 0.95. The policy for evaluating the
value function on the random MDPs was chosen to be uniform randomly selecting between
the possible actions in each state and the starting state distribution of this environment is

chosen uniformly random over all states.
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Inverted Pendulum

The random test environment consist of discrete state and actions. To test the performance
of the algorithms on continuous problems, two variations of inverted pendulums as intro-
duced in [18] are used in this work. The first environment is a linear cart pole balancing task.
Here, a movable cart is attached to a linear rail on which it can move left or right, refer to
Figure 3.3. The action are then the horizontal forces on the car to the left and the right. The
state feature vector consists of the position of the cart x, the velocity &, the angle of the pole

with respect to the upright position v and the angular velocity v, i.e. s = (z,%, v, @)T. The
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Figure 3.3.: Linear cart pole balancing task.

pendulum is initialized in the upright position and controlled via a linear stochastic policy
m(als) = N(a|s"6,,0?) with a small amount of random exploration controlled by o. The in-
troduced noise can be controlled by increasing the noise coefficient added to the car accelera-
tion component, that is used to determine the next state in the simulation. Using as a feature
all components of the state vector and their squared products additional to a constant bias
term ¢,(s) = (1,5(1), 5(1)5(2), 3%1)’ 5(3), S(1)S(4)s S(2)1 - - » ‘9%4))T € RY, the linearized problem
can be solved exactly by dynamic programming and the optimal policy can be determined.
This feature set is referred to as perfect features, whereas an approzimate feature (or im-
perfect) set can be defined by only using the squared state components (due to symmetry
of the problem) and one additional bias feature ¢,(s) = (1, 3%1), s%g), 3%3), 3%4))T € R5. The

discounting factor is set to v = 0.95 and the reward is defined as

1
r(s,a) = r(z,&,v,0,a) == —1000* — 2% — 1—0a2. (3.42)
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This can be interpreted as heavily penalizing deviations from the upright position, penalizing
deviations from the middle position as well as lightly penalizing applying big forces to the
left or right.

3.6. Experiment Methodology

As the main focus of this chapter is to introduce new algorithms with respect to noise
tolerance and feature selection, All the above experiments were modified to allow for some
varying amount of noise to be introduced. These variants of the experiments will then be
reused in later chapters, where the noise will be combined with on- and off-policy variants

to show the performance of the combined algorithms.

Simulation of Noise

As the main goal of the soft thresholded algorithms is to make gradient temporal difference
learning more robust to noise and outliers. All experiments are modified in similar ways:
First the feature vector gets concatenated with a second vector ¢, ~ N(0, X?) only consist-
ing of Gaussian distributed noise components. This second vector is of length [, resulting in
a overall feature dimension of [ +,. To study the influence of the ratio between meaningful
original features (up to component /) and noisy features, the amount of noisy components
will be varied and indicated in each experiment. Additionally, the magnitude of the noise
will be varied by adjusting X', which will be a diagonal matrix containing for each noise
feature component the magnitude of the noise. To test the influence of normalization, in
every experiment it will be indicated if the overall resulting feature vector (4(s),d,)" is

normalized to overall length 1 or not.

Hyperparameter Optimization and Performance Criterion

In order to allow for a fair algorithm comparison, for each environment and setting within
this environment (e.g. number of added noisy features), an extensive hyperparameter search
was conducted. This search was conducted as a gridsearch for all applicable parameters.
This means that any combination of a subselection of parameter values was run in ev-

ery experiment for 20 independent runs and the average of the performance criterion was
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recorded. The best parameter set is then determined by selecting those with the best average

performance criterion. The parameter ranges considered were
o learning rate o € [0.001,0.004,0.007,0.01,0.04,0.07,0.1,0.2,0.3,0.4,0.5,0.7, 1.0, 4.0],

e the factor to derive the secondary weights,
k € [0.0001,0.001,0.01,0.05,0.1,0.5,1,2, 4,8, 16],

e the regularization parameter,
n € [0.0,0.001, 0.006,0.01,0.04,0.07,0.1,0.3,0.5,0.7,0.9, 1.0, 1.5, 2.0] and

o the acceleration parameter v € [0.0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9]

To determine the algorithm performance it is most straightforward to directly select the
mean squared Bellman error as criterion as this both indicates fit in terms of the original
cost functions for each of the algorithms in this thesis as well as the performance of the
resulting value function in terms of the underlying problem. This follows from modeling
the problem to be solved as a Markov decision process and the direct correspondence of the
weighted Bellman error with this problem modeling.

In unknown problem domains, it is usually not possible to exactly calculate the Bellman
error since the steady state distribution = and the projection 11, onto the features @ are not
known since the state space can be too big or otherwise no approximation through features
would have been used in the first place. To be able to calculate an exact error, fortunately
the problem domains are well behaved in terms of modeling and can be solved via dynamic
programming algorithms (e.g. policy evaluation) and the ground truth value function V*
is therefore easily determinable. The steady state distribution can be approximated with
extensive sampling as this only has to be done once for every domain considered since the

policies over which they are evaluated stay the same throughout the whole thesis.

3.7. Results

In the following sections, the results of studying the modified algorithms are presented. First
the convergence speed in terms of the number of samples to reach a certain value of error
measure are studied. Afterwards, the influence of the problem domain size and therefore the

size of feature vector is looked upon. Since the algorithms aim to improve the convergence
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performance in the presence of noise, the influence of additional additive Gaussian noise
features is investigated, followed by a look at the parameter sensitivity. The section closes
with an experimental comparison to RO-TD and the algorithm performance in continuous

experiment domains.

3.7.1. Convergence Speed

To investigate basic convergence properties the first set of experiments will be conducted
on a small random MDP as described in Section 3.5. This is beneficial due to the well-
behavedness of this designed experiment. It constitutes an ideal environment which fulfills
all the theoretical prerequisites for convergence which is not always given in more complex
or real-world applications.

Both algorithms, GTD2-IST and TDC-IST, show similar convergence behavior, especially
in the case of the TDC variants in Figure 3.4b, where convergence to similar final error
values can be observed. For GTD2 this is similar if the experiment is run for more than
2000 timesteps. On the x-axis, the sampling timesteps are denoted, while on the y-axis
the Bellman error can be seen. For this and all future plots of this thesis, the mean across
multiple independent runs is depicted with a bold colored line, while the variance across
the runs is represented by the shaded area around. In general the soft-thresholding not
only seems to help with noise robustness and feature selection, but also with convergence
speed in terms of samples used to reach a certain value in error measure. In the case of the
random MDP, this is somewhat expected as the sampling due to the policy and also in the

feature generation inherently introduce some noise in the overall sampling process.

Convergence Problems of GTD

As can be seen in Figure 3.5, the GTD variant of the algorithms has problems in finding
the correct parameter set for convergence. Even with an exhaustive gridsearch it was not
possible to find an optimal parameter set with satisfying convergence. Previous papers (e.g.
[17]) give a parameter set and plots in which this algorithm variant seems to consistently
decrease in error measure. If the same experiment with those parameters is ran for 4000
instead of 2000 episodes, a similar behavior as in Figure 3.5a can be observed. This is just
masked by the fact that the experiments were terminated after 2000 episodes.

Looking at the experiment on the big random MDP in Figure 3.5b, slightly different
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0.71 —— TDC-IST @=0.2 k=0.0001 1 = 0.07
05 061
= 051
& %
Lo 204
& 2
0.31
031 GTD2 a=0.1 k=2.0 02
—— GTD2-IST a=0.3 k=0.1 n=0.01 01
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
Timesteps Timesteps
(a) GTD2 (b) TDC

Figure 3.4.: Comparison of algorithm modification for the different GTD variants.

behavior can be observed. At first both, the original and modified version of the algorithm
seem to consistently decrease in error, but after a certain amount of timesteps the error
measure increases again and for the thresholded version stabilize around a much higher
value than for the other algorithm variants (GTD2 and TDC). The original version of the
algorithm, even after letting the experiment run for a long time, still seems to diverge.
Due to computational limits, it could not be explored, whether unmodfied GTD exposes a
similar oscillatory behavior as GTD-IST.

In the following, due to these undeterministic behavior, all variants of the GTD formula-

tion of the algorithms have not been considered further.

30-State Random MDP (Small) On-policy 400-State Random MDP (Big) On-policy
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0.490 ] 0.35 1
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Timesteps Timesteps
(a) Small random MDP (b) Big random MDP

Figure 3.5.: Comparison of convergence problems of the GTD algorithms on random MDP variants.
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3.7.2. Size of Domain

The next experiment is to compare the soft-thresholded algorithms on a larger version of the
randomly generated MDP (with 400 states). The increase in difficulty here is twofold: first,
from a computational view, domain is of course more challenging as the state vectors and
the sampled feature vectors are larger. Second, this domain also inherently introduces more
sampling noise and difficulty in approximation with a linear structure. The experiments are
therefore run over 10000 timesteps instead of 2000 as for the small MDP.

The modified as well as the original GTD2 and TDC algorithm variants can both deal
suitably well with the increased complexity of the larger experiment domain, as can be
seen in Figure 3.6. Overall — as expected — the convergence of both algorithms is a bit
slower and the soft-thresholded variants can keep their convergence speed advantage. Other
algorithms, however, seem to have problems to cope with the increased features size and

noise, as can be seen in the comparison to RO-TD in Section 3.4.2.

400-State Random MDP (Big) On-policy 05 400-State Random MDP (Big) On-policy
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Figure 3.6.: Comparison of modified algorithms for the different GTD variants on large Random
MDP.

3.7.3. Noise Sensitivity

One main goal of the thresholded algorithm modifications is to make the learning process
more robust to noise. This behavior is evaluated by letting the algorithms run on an
environment with a fixed amount of noisy features added (10 for the small random MDP,

200 for the big random MDP). Then the best parameters were found by the usual gridsearch
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procedure. Afterwards, while keeping those parameters fixed, the amount of noise features
is increased step by step and the final error is evaluated at the end of each experiment. This
is done for 20 independent runs.

As visible in Figure 3.7, the behavior on the small random MDP is as expected: The
unmodified algorithm versions degrade in convergence performance as more and more noise
features are added to the environment. The thresholded algorithms are able to decrease the
weight on the noise feature and are able to select those features meaningful for the correct
solution of the environment. On the x-axis of both plots, the amount of noise features are

denoted and on the y-axis the averaged error measure at the end of each experiment.
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Figure 3.7.: Noise sensitivity for varying amount of noise features

The GTD2 variants of the algorithms in Figure 3.7a even seem to be able to decrease the
error measure by selecting the correct features up to the performance of the non-thresholded
variant of the algorithm with no noise added. The TDC-IST variant of the algorithm in
Figure 3.7b significantly outperforms the original version by allowing just a small increase
in error measure whereas the original version seems to diverge for a great amount of noisy
features added. Keep in mind that the amount of noisy to non-noisy features is highly
skewed where [ = 10 original non-noisy features stand against {, = 50 noisy features on the

rightmost of both graphs.
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3.7.4. Sparsity

Building on the observations in the previous sections, that the thresholded algorithms can
cope with an increasing amount of noise well, the next thing to study now is the structure
of the solution vector. Intuitively, one would expect a correlation of a sparser solution
vector with a better algorithm performance in noisy environments. This is investigated in
Figure 3.8. Here on the x-axis the individual feature weights of the solution vector 6 are
listed sorted by their magnitude. On the y-axis the magnitude of the individual feature
components is denoted.

Upon studying the figures, one cannot conclude that the above hypothesis is correct.
Rather the solution tends to stay similar with respect to sparsity of the weight vector.
Overall the magnitude of the individual weight components seem to shrink in general with
thresholding, which is a natural tendency of the algorithm and is to be expected. This might
already be enough in attenuating the noise features in order to improve the overall solution
performance. FEspecially, when looking at the largest weight, the GTD2-IST algorithm
manages to bring down its magnitude significantly as it is off-scale in the non-thresholded
setting.

To further investigate this, a second similar experiment is conducted, but with 40 instead
of ten noise features. The result can be seen in Figure 3.9. For the GTD2 algorithm, the
thresholding amplifies the relative difference between noisy and non-noisy features, as can
be seen in Figure 3.9a, where a increase in the sorted weight magnitudes can be observed.
For the TDC algorithm in this setting, the thresholding is especially efficient in bringing the
magnitudes down. In the left half of Figure 3.9b, the unmodified TDC algorithm assigns
large weights across almost all feature vector components, while the regularization brings
the feature magnitudes down to a reasonable level. Be aware that the y-axes limits of those
two sub-figures are in very different ranges. The relative magnitude of the feature weights
compared to the maximum feature weight magnitude are — like for GTD — emphasized and

compared to information-bearing features, the noise features only receive small weights.

3.7.5. Parameter Sensitivity

Since the modified variants of the GTD algorithms have one additional parameter, the
tuning of such poses some additional difficulty in optimally selecting the best working point

in a system that uses this type of algorithms. However, even with only the two original
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Figure 3.8.: Sparsity of weight vector after convergence 10 noise features (absolute values)

parameters, stepsize o and derivation factor for the secondary stepsize k, the criterion on
how to select those is not clear and there is also no general rule on how to select them given
by the original authors. It seems therefore useful to study the behavior of the unmodified
and modified algorithms for different sets of parameters.

The first such experiment is done to investigate the error after 2000 samples, where the
algorithms are considered to be converged. This is done by selecting different o’s and x’s
while keeping the 1 parameter fixed to the optimal value found by gridsearch in order to be
able to compare all algorithm versions.

In Figure 3.10 the results can be studied. Here in the left column, the original and in
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Figure 3.9.: Sparsity of weight vector after convergence 40 noise features (absolute values)

the right column the modified versions of the algorithms are plotted. Each plot has the

different parameter values for x on the y-axis and « on the x-axis. The color of the fields

depict the RMSPBE value after 2000 samples at the end of the experiment averaged over

20 independent runs, just like done in the gridsearch experiment. A darker green value here

depicts a lower final error, while a lighter yellow color means a bigger final error. If a field

is white, this means that the algorithm has not converged, i.e. the final error was above

some threshold.

In general when comparing the graphs on each row, it can be observed that the algorithm
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Figure 3.10.: Parameter sensitivity on the noisy small random MDP with respect to  and s while
fixing the optimal n for the environment.

variants do converge in roughly the same regions for both parameters. The unmodified
versions seem to have a slightly greater region of parameters to select from where almost
equally optimal final error values are obtained (observe the dark green regions). The thresh-
olded algorithm variants seem to converge on a narrower region of parameter range. This
can be seen especially for TDC-IST which seems to have only one square of parameter com-
bination, where the darkest green is obtained. However, the best error values within those
narrow regions are lower than the original algorithm versions, as already seen above in the
investigation of the convergence speed and final error attained.

Another important parameter to check for sensitivity is the n regularization weight. As
it controls how much weight is given to the ¢; regularization part of the cost function, it

is expected in domains with a high amount of noise to be necessary to be set higher than
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in domains with a low amount. For the small random MDP with ten original features and
ten noisy features, this however does not seem the be the case. Even if the amount of noisy
features is increased to 20, the curves stay more or less in the same form as in Figure 3.11.
In Figure 3.11a, it can be seen that starting from a value of n = 0.25, an increase in value
for this parameter does not influence the final attained error much. This is also reflected
in the optimal value found by gridsearch of n = 0.006 for this environment. A similar
behavior is observed for the TDC algorithm, that also manages to perform optimally within

the parameter search range at n = 0.07.
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Figure 3.11.: Parameter sensitivity regarding n on the noisy small random MDP.

In general this allows to conclude that some small value of 7 is appropriate for most
applications that have some noise. Too high values for this parameter can degrade the

performance a bit, but tend to plateau off.

3.7.6. Comparison to RO-TD

If we draw the attention on Figure 3.12, RO-TD performance is degraded in the random
MDP environment and within the searched parameter range, no set of parameters was
found, where the convergence was satisfactory. This seems to indicate, that with increased
difficulty of approximation and noise, RO-TD still seems to degrade although it was initially
designed to be more robust to noise because it incorporates the £;-sparsity. Another reason
for the error increasing after a certain amount of iterations is also the use of a fixed step

size throughout the whole experiment. This can be seen from the error measure going
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down up to a certain point and the increasing again. Especially the modified TDC variant
of the algorithm seems to perform well in this type of comparison. The error goes down

significantly faster than for the other two algorithms and then stays on its minimum value.
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—— TDC-IST a=0.2 k=0.0001 n = 0.07
051 —— RO-TD a=0.3 k=0.5 n=0.3 0.4+
= 041 i 0.3 GTD2-IST @=0.007 k=0.1 7=0.04
£ 03 & ——\TDC-IST @=0.04 k=0.0001 n=0.07
b 2021 —.— RO-TD a=0.004 k=0.0001 n=2.0
0.2
0.1
0.1
0.0 1
0 250 500 750 1000 1250 1500 1750 2000 0 2000 4000 6000 8000 10000
Timesteps Timesteps
(a) Small MDP (b) Big MDP

Figure 3.12.: Comparison of soft-thresholded GTD variants with RO-TD

When studying the robustness to an increasing amount of noisy features added to the
experiment as in Figure 3.13a, the observation is that for TDC the behavior is exactly as
expected: for an increasing amount of noise the final error at the end of the experiment
tends to increase as well as the variance of the results. For GTD2 the error even seems to
decrease and for RO-TD from a certain amount of noise features onwards the performance of
the algorithm degrades significantly reflected in an increased average final error and greatly
increased variance among different algorithm runs.

A likely explanation for this degradation can be seen in Figure 3.13b, where the magnitude
of the individual components of the solution vector 6 are plotted, sorted by increasing
magnitude. As can be nicely observed, GTD2-IST and TDC-IST manage to put weight
on meaningful features and therefore selecting those, while features only contributing noise
are weighted with zero. RO-TD distributes the weight evenly across all the features and
therefore also is susceptible to this noise. This explains the degradation as more and more

noisy features are added.
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3.7.7. Continuous Domain Performance

Up to now all experimental domains that were tested were discrete. This means that the
simulation the algorithm runs against has a finite number of states and all those problems
could in theory also be solved by simple dynamic programming approaches. In continuous
domains, as the linearized cart pole balance task, this is no longer possible. The algorithm
has to go through a feature representation in order to make the problem tractable. Also
some sort of value function approximation has to be used.

The first set of experiments is conducted on the cart pole environment without any noise in
order to ensure that convergence works in principle. The approximate (or imperfect) feature
representation was used in this case, because of the lower dimensionality the gridsearch for
optimal parameters and the experiment itself was much less computational intensive. The
results are shown in Figure 3.14. It can be seen that both algorithms converge in this
environment. Also, if we take a closer look at the parameters chosen, it can be seen that

the optimal parameters determined by gridsearch are exactly the same for the original and
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the modified versions of the algorithms. Additionaly, the soft thresholding parameter 7
was either chosen small (GTD2) or to be zero (TDC). This makes sense, as this version of
the environment is supposed to not contain any extra noise apart from the usual sampling
process. For GTD2, it nevertheless was helpful to introduce a little bit of regularization
even in the non-noisy case. This improved the variance as can be seen in Figure 3.14a,
where the variance across the 20 independent runs is reduced (observe the smaller orange

to green area).

Lin. Cart-Pole Balancing On-pol. Imp. Feat. Lin. Cart-Pole Balancing On-pol. Imp. Feat.
GTD2 a=0.04 k=0.05 TDC @=0.004 k=0.0001
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(a) GTD2 (b) TDC

Figure 3.14.: Comparison of performance in the continuous domain (no extra noise).

The advantage of introducing regularization in the continuous domain experiments can
be seen when noise is introduced. Figure 3.15 shows the results for GTD2 and TDC for
both the perfect and approximate feature setting. While in the perfect feature setting the
advantage is not visible apart for the reduction of sampling artifacts in the case for the
GTD2 algorithm in Figure 3.15a, the advantage of regularization can be observed in the
second row of Figure 3.15. When using approximate features, the dimension is reduced by
half and therefore less samples are necessary to achieve good improvement in performance.
This shows that the thresholded algorithms converge much faster at around 1000 samples,

whereas the original algorithms need up to 10000 samples to achieve similar results.

3.8. Summary

In this chapter a regularized variant of stochastic gradient temporal difference reinforcement

learning was introduced and compared to other existing works in the literature. Special
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Figure 3.15.: Comparison of performance in the continuous domain (with extra noise).

care was given to the detailed understanding and comparison to the RO-TD algorithm the
most similar formulation of regularization for stochastic gradient reinforcement learning
algorithms.

The GTD2 and TDC variants of the algorithms show a good convergence behavior on the
benchmark settings without noise and performance depending on the size of domain is as
expected. GTD, however, shows unstable convergence and is therefore left out of all further
investigations. As laid down in the motivation, the regularized algorithm variants are robust
to noise which can be clearly seen when the number of noisy influences is increased over the
course of an experiment. The modified algorithms still converge in terms of error measure
even when as many as five times noisy features as information bearing features are present.
Also the thresholding manages to keep the value function weights small and even drive some

towards zero.
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A very sharp feature selection cannot be observed, but some attenuation of features,
that only contribute noise. This, however, comes at some cost of increased parameter
sensitivity for f and « and could increase the difficulty when tuning the algorithms for a
specific application. The regularization parameter 7 in contrast seems to be uncritical when
selecting some sensible values close to 0.

A dedicated comparison to RO-TD shows, comparable algorithm performances in terms
of convergence speed as well as final error reached with a slight superiority, when the num-
ber of noisy features is extremely increased. Continuous domain convergence speed can
be increased and the final error reached can be lowered when introducing regularization,

especially for certain types of features.
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Chapter 4.
Accelerated Algorithms

In this chapter, the second main contribution of this work will be covered, i.e. the accelera-
tion of the stochastic gradient descent learning algorithms. For this, the method of Nesterov
accelerated gradient descent is applied to the gradient based learning methods. In order to
be able to do this, some preliminary properties of the cost function, the MSPBE have to be
investigated and proven to hold in our setting. After that two variants of the accelerated
algorithms, one standard and one regularized version will be derived. Most of the results in

this chapter have been previously published in [54].

4.1. Motivation

The stochastic gradient descent algorithms, introduced in the previous chapters have the
guaranteed property to converge to the global optimum. Also another beneficial property
is that they are applicable in general settings, where for example not all samples can be
held in memory or where only computation is available that is linear in terms of feature
size. Inevitably, they inherit weaknesses of stochastic gradient descent algorithms. One such
foremost is possible slow convergence speed. Although stochastic gradient algorithms can
be as fast as batch gradient algorithms, the convergence can be significantly slowed down
due to unfavorable sampling and severely be impacted by noise. As Bottou et al. [11, 10]
indicate, this slowdown of convergence is especially prevalent towards the getting closer to
the optimal point. Although the convergence speed can be in terms of O(%), with k being
the iteration steps, this can only be guaranteed if a prescaling on the gradient components
is employed [11]. This prescaling requires to approximate the Hessian of the cost function,

which in itself can be impossible for large feature dimensions.
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Historically, one approach to tackle slow convergence rates in stochastic gradient methods
is the seminal work done by Nesterov [60]. The so called accelerated gradient descent method

allows for convergence rates of order O(k%) guaranteed for (strongly) convex functions.

4.2. Analysis of the Projected Bellman Error

As already stated in the introduction of this chapter, before deriving the actual algorithm,
some preliminary notations and results describing the properties of the MSPBE function
need to be introduced. In the next subsection, four definitions of convexity and Lipschitz
continuity are introduced to be used in the section thereafter in proving the Lipschitz
continuity of the MSPBE functions’ gradient.

4.2.1. Preliminaries

Definition 3 (Convexity). In general, converity refers to sets and functions. So for any
two points x € X and y € X in a set X € R!, we have that

Va € 10,1, azx+(1—a)y€eX. (4.1)

Intuitively, this means, that for a linear combination of those two points out of the set, the

combination also lies in the set [86, 9]. Similar for a convex function f: X — ), we have
Va e [0,1],  flax+(1—-a)y) <af(r)+(1—-a)f(y). (4.2)

An example for a convex function is the quadratic function f(x) = x' Ha, where H has to

be a symmetric positive semidefinite matriz.

Definition 4 (u-strong Convexity). For a function f(x) : X — Y and any x € X and
y € X, as well as g(x) € Of(x) being the subgradient, then f is p-strongly convez if

F) 2 F(@) + (9@) T (y = @)+ Elly - af (4.3)

for any norm || - ||* [62].

If the function is twice differentiable, then an alternative formulation for strong convexity
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for f is given if
Vaf(z) =M = ul, (4.4)

where H is the Hessian, I is the identity matriz and = denotes positive semi-definiteness. In
other words, H— pl has to be positive semi-definite or equivalently, the minimum eigenvalue

of H has to be greater or equal to .

Definition 5 (Lipschitz Continuity). A function f(z) : X — Y is L-Lipschitz continuous
if for all x € X and y € Y there exists a real constant L > 0 and it holds that

1 () = F)ll < Lllz = y]. (4.5)

An equivalent formulation of L-Lipschitz continuity can be obtained by looking at the
gradient. A function is L-Lipschitz continuous, if and only if the first derivative is bounded,
i.e. L =sup|V,f(z)|. Additionally, the gradient of a function can also be characterized in

terms of Lipschitz continuity.

Definition 6 (Lipschitz Gradient). For any x € X and y € X and for the gradient V f(x)
of a differentiable function f(x) : X — Y, the gradient is L-Lipschitz continuous if and only
if
L
Fy) < f@) + (Vaf @) ' (y = 2) + S llz =yl (4.6)

of. [62].

4.2.2. Properties of the Projected Bellman Error Function

In order to derive an accelerated Nesterov method for gradient temporal difference learning,
we have to ensure that the cost function J(8) we would like to optimize is convex. Addi-
tionally, we have to derive the Lipschitz constant L enabling us to apply the accelerated
gradient learning scheme from [34]. As it was empirically shown (cf. [17]), that the GTD2
and TDC variants of the gradient TD learning methods enjoy better convergence speeds
than GTD, we will focus on accelerating those two methods in the following.

Recall, that we have the cost function for the MSPBE as

Jroc(0) = [ 11,(260 — T (P0)|Z, (4.7)
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which can be rewritten in terms of the non-weighted norm! as in

J1oc(0) = | 11,(00 — T (@0)|
= (@0 — T, (#0))" 11| 17,20 — T,,(20)) (48)
— |1, VE (@0 — T,.(20))]3

The projection for the re-weighted MSPBE is then
I,=VEo(@'=0) 1o VE, (4.9)

which is an orthogonal projector on the column span of v/Z®.
From these expressions, we can compute the Hessian # ;(0) of Jrpc(6) directly starting

with the derivative as

%VQJTDC(H) = ((PTE§P — 4o P] E@) (@TEé)_l (@TE@Q ~®'ER, - 7¢TEPN¢<9)

(4.10)
and continuing to derive the Hessian as
Lo T TpT = Teg) (a7 = T
5 VaIne(6) = (qp E¢ -9 P :45) (qﬁ ;qﬁ) (gp E¢ — P :PM@)
=& (I—~P,) VEII,VE(I —vP,)® (4.11)

=" (I —~P,) 1] Z10, (I —vP,) ®
=ATA,

with A := VZII, (I —vP,) ®.

Lemma 1 (Strong Convexity of MSPBE). Assume that the feature matriz & € R™*! is full
rank and the Markov chain defined by P € R™"™ is irreducible and aperiodic. Furthermore,
there exists a unique limiting distribution & € R™, which satisfies P§ = £ with & > 0,Vi €
1...n, then the MSPBE, defined in Equation (4.8) is strongly convez.

Proof. As stated in Definition 4, for a function to be strongly convex, the Hessian of this

function has to be positive semi-definite, which in terms means that we have to check, that

VgJTDc(H) = HJ(@) = ul (4.12)

IThe full derivation can be found in Appendix A.3
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holds. Also for a matrix to be positive definite equates to showing that for any z it holds
that
z"H (0)x > 0. (4.13)

We can therefore further decompose the Hessian as
e "Hy(0)r =T AT Az = || Az > 0, (4.14)

as per Equation (4.10) and the definition of the ¢5 norm. It holds, that the norm is always
non-negative and therefore, we can conclude that the Hessian of the MSPBE is positive
definite and the MSPBE itself therefore strongly convex.

Further, since the transition matrix P defines an aperiodic and irreducible Markov chain,
it follows that the matrix (I —~P) is full rank, cf. [84, 83]. The computation of the Hessian
is a product of full rank matrices, since the assumption that @ is full rank and the result
is in the dimension of the features R!, which is the smallest dimension involved. It holds

therefore, that the Hessian itself is full rank and has no eigenvalue, that is zero. |

Lemma 2. For a transition probability matriz of a Markov chain, defined by P € R"*"
with limiting unique distribution &, which satisfies P¢ = & with & > 0,Vi € 1...n and any
vector z € R", we have

[Pzlle < [l (4.15)

Proof. We can closely follow the proof in [5, 7, 83] and write

2
n n
1Pzllg =& (ZPU‘%‘)
=1 \j=1
n n n n n
<G pyri =YY Gpgr; =Y &g = |z
=1

i=1 j=1 j=14i=1

(4.16)

The first inequality follows from the convexity of the quadratic function, coupled with
Jensen’s inequality, and the last step is a result of the definition of the limiting distribution

as P§ = £, or component-wise Y i &ipij = &;. |

Lemma 3 (p-strong Convexity of MSPBE). Let the feature matriz & € R™ ! be full rank
and the Markov chain defined by P € R™"™ be irreducible and aperiodic. Furthermore, there
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exists a unique limiting distribution £ € R™, which satisfies P€ = & with & > 0,Yi € 1...n.
Define C = ®TZ®, where 5 = diag (€) is the matriz with the elements & on the diagonal
and let Amin be the smallest eigenvalue of C. Then the MSPBE, defined in Equation (4.8)
s u-strong conver with

= (1= 7)*Amin (4.17)
Proof. We have

" HyO) =20 (I —yP,) II] 211, (I — yP,) b
=z AT Az
= IVE,(I - vP)®z|3
and by using the change of norm, we come to
= |[1I.(I — ’YPM)@ng-
Then by using the definition of II,,, we can go further as in

=||¢(@" Z0) 10T Z(I — yP,) x|
= &' E) '@ Edr — yd(®' ED) 'O ZP,Px|?
= bz — 11, P,dx|3,

and use the reverse triangle equality to obtain

2
> (|l — [, Pue)”-
We now have [[11,z|¢ < ||z||¢ because II, is an orthogonal projector and continue in
2
> ([Pzlle = v Pulle)”,
with ||P,z|l¢ < ||z]|¢ due to Lemma 2 to conclude that
2
> ([|Px]le = vl @zle)
= (1 —7)°||Pz|l¢.
(4.18)

Additionally, we know, that the matrix C = &' Z® is symmetric positive definite and
therefore there exists an orthonormal basis (v(j )) jel,..n of R™ composed of eigenvectors of
C, with respective eigenvalues \;, such that we can represent any vector x in terms of this

new basis as in
n

T = Za:jv(j), (4.19)

=1
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and in the following derive

|Pz|le = 2 T EDx

= ijv(j) o' EP ijv(j) .
j=1 j=1

Then, because C has an orthogonal eigenvector basis we can simplify

n T/ (4.20)
(E0) (S000)
Jj=1 J=1
Z )\jx? > Amin ij

= j:l

= Amin||%]/3-

j=1

With this result and the result from Equation (4.18), we can therefore conclude, that
Hy(0) = pl with
> (1= 7)*Amin (4.21)

and the MSPBE is p-strong convex. |

Remark 1. Although the MSBPE Jrpc(0) is p-strongly converx, the smallest eigenvalue of
the Hessian Hj(0) is unbounded from below for an arbitrary feature matrix ®.

This means, that for an unfortunate selection or construction of the feature matriz, the
convergence results that depend on the u-strong convezity, can be arbitrarily bad. By chance
or adversarial construction the convergence of the accelerated algorithms can therefore be
hindered in an arbitrary way. For most of the times, the feature matriz should be constructed

in a sensible way and should be well behaved which will result in nice convergence properties.

Lemma 4 (L-Lipschitz MSPBE Gradient). Let the feature matriz & € R™! be full rank
and the Markov chain defined by P € R™"™ be irreducible and aperiodic. Furthermore, there
exists a unique limiting distribution £ € R™, which satisfies P§€ = & with & > 0,Vi e 1...n.
Define C = &TZ®, where = = diag (£) is the matriz with the elements & on the diagonal
and let Amax be the mazimal eigenvalue of C. Then the gradient of the MSPBE, defined in
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Equation (4.8) is L-Lipschitz with
L= (1—}—’}/)21'11;33(”(]53'”%, (4.22)

or equivalently
L=(1+7%*\nax. (4.23)

Proof. The MSBPE function Jppc(6) is L-Lipschitz if the inequality
T 2
x' Hyj0)x < L|z||; (4.24)

holds for all x € R™ since Jrpc(f) is strongly convex. We additionally do have just as in
the first four lines of Equation (4.18)

w' M1y (0)x = |11, — yB,)Px|?
and because II,, is an orthogonal projector it holds, that
< ||(I = v P)Pz|?
= ||z — ')/P#@ng
< ||Px + P, Px|?.
|92 + P,z .
By using the triangle inequality we get
2
< (I2xlle + vl Pudle)
and due to Lemma 2 we can continue as

< (|2l +llPzlle)’
= (1+7)?|2x|.

Now since we have z' H;(0)z < (1 + 7)?||Px||Z, let us further look at ||@z(| for which we
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have

1oz = > _&(9; 2)
j=1

with the Cauchy-Schwarz inequality further as

, . (4.26)
<Y &illgsl3ll=l3 < 7 & (max [l 13) 13
j=1 j=1
= (max [|g;]13)]|3.
Overall, we can therefore conclude that
L < (1+7)*max [|¢;]3. (4.27)
J

Alternatively, we have the matrix C = &' 5% as a symmetric positive definite matrix
and therefore there exists an orthonormal basis (U(j))jel,...,n of R™ of eigenvectors of C
with respective eigenvalues A\; and Ay ax the biggest eigenvalue. We can now express = as

T=31" z;v9) and rewrite

|Px||e = :E;—@TE@:n

+
= ijv(j) o' =Ed ijvm
j=1 j=1
n T n
=[S 200 3 Aot (4.28)
j=1 j=1
= Z )\jxg < Amax mJQ
j=1 j=1
= Amax |23

and conclude analogous to the above that

L < (1 + 7)2>\max- (429)
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4.3. Algorithm Derivation

If we have the problem of optimizing a smooth convex cost function f : R — R, the gradient
descent method, described in Section 2.5 is the tool of choice. It guarantees convergence
to the global optimum for convex functions and can be adapted to be applicable in a
stochastic sampling online setting. Although these benefits exist, the standard gradient
descent methods have only a convergence rate of O(%) This means the error reduces
proportional to %, where k are the algorithm iteration steps.

In the pioneering work of Nesterov [60] a method of gradient descent is derived, which
works for convex function with L-Lipschitz first order derivatives. This so-called Nesterov’s
accelerated gradient descent attains a convergence rate of O(;%). Hu et al. [34] adapted Nes-
terov’s work to a stochastic online learning setting, called Stochastic Accelerated GradieEnt
(SAGE). Here, they find the minimum of the expectation of a smooth convex function fy(x),
parametrized by 6 as

min v [fy(x)], (4.30)

where X is the distribution of input samples. Correspondingly, this problem can be approx-

imated in terms of finite samples as the sample average, cf. [34], as
1 n
min =3 fo(as), (4.31)
0 ni

for a sample set of size n. An accelerated stochastic gradient descent algorithm solving
this problem is described in Algorithm 4.1. The illustration, how the acceleration works
is illustrated in Figure 4.1 and can be described as follows. In its core, the method does
the same as the ordinary gradient descent, but at the same time maintains a second set
of weights, that get updated in an alternating fashion x; and y;. The first step in every
iteration is to do a step in the gradient direction, but then linearly extrapolate with the set
of secondary weights from the previous iterations. It therefore overshoots the gradient step
in a direction governed by the previous estimates. The larger the parameter controlling this
behavior is chosen, the more past gradient updates are taken into consideration.

As pointed out in Remark 1, the smallest eigenvalue of the Hessian of the MSPBE is not
bounded from below, but for a given feature matrix @ the fact, that there exists a fixed

strong convexity constant, guarantees convergence as stated in [34]. In order to practically
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Algorithm 4.1 Nesterov’s Accelerated Stochastic Gradient Descent Algorithm.
Input: The Lipschitz constant L of the function fp(x).
Initialize: Arbitrary initial guess xg, initial yo = g, A\g = 0 and k£ = 0.

repeat
1+4/1+4X2
App1 = —5 =
_ 1=
Yk = Net1

Yit1 = Tk + 1 Vofolar)
Tr+1 = (1= ) Yk+1 + VeYk
until converged

Output: yi41.

implement an accelerated algorithm, the concrete eigenvalue calculation of @ is not possible
and therefore omitted and an algorithm is derived, which does not depend on the assumption
of strong convexity, similar to [34]. The resulting algorithm for the TDC gradient update
can be found in Algorithm 4.2, the algorithm for the similarly derived GTD2 update can
be found in Algorithm 4.3.

It can be observed, that the stochastic gradient update of the GTD2 and TDC algorithms
are incorporated in the stochastic version of the SAGE, however an intricate reshuffling of
terms is necessary. First the sequence for parameter L is updated and the current estimate
for the weight vector 6y is calculated. This step is necessary in order to be able to get the
gradient estimate g in the next step. As the last two steps, the two auxiliary parameter
sequences Y and z; can be calculated according to the original algorithm formulation.

A remaining step for completeness is to mention the initialization of the additional pa-
rameters. The gradient steps size sequences oy and [, for the auxiliary sequence wyg, are
chosen as in the original algorithm formulation, cf. [79]. The initial Ly > 0 has to be
chosen to be a value greater than the Lipschitz constant L, bounded in Equation (4.22) and
equation (4.23). The parameter v € [0, 1] can be interpreted as a momentum parameter. A
value close to 0 gives more weight to recent updates. Specifically, when v is set to 0, the
accelerated method resembles the standard gradient descent and a higher value will give

more importance to past sample update directions.
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Figure 4.1.: Illustration of the Nesterov accelerated gradient method. Adapted from S. Bubeck
[14].

4.4. Related Work

Pan et al. [66] derived a different approach to accelerating temporal difference learning
methods. In their work, they first derive a second order gradient descent method for mini-

mizing the MSPBE. Their gradient steps taken in every iteration of the algorithm are

(0%
Ory1 =0k — ?k%J(%)*lVeJTDC(@k)

(4.32)
=0, + Osz_lc,

with oy, being an appropriate step size and B = ' Z® — 'y@TPJEQ) and C = (¢ 500, —
o' = R, — VT E P,®0). For a stochastic gradient descent algorithm the quantity ¢ can be
approximated with samples of the TD-error (as seen in the chapters above) as it holds true
that ¢ = I, ¢ [0(0k,0r)]. The matrix B could be stochastically approximated as the algo-
rithm goes along sampling, but still requires quadratic computation in every step because
of the inversion. Pan et al. [66] choose to approximate the inverse B~! by a low-rank ap-
proximation, for which they utilize a truncated singular value decomposition (SVD), which
admits a faster update, but is still in the order of O(ld), when [ is the dimension of the

feature vectors and d the dimension of the chosen truncation. For a truncation dimension
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Algorithm 4.2 Accelerated TDC Algorithm

Input: Parameters Ly > L and v € [0, 1] for the optimization, sequence of parameters
B for the computation of the gradient in TDC, sequence of state transitions and rewards

((bk:u Tk, (;S;C)

Initialize: Given an arbitrary guess yo € R, set 29 = yo, wo = 0, and k = 1.

repeat
Update Ly = (vvk — 1+ 1)L
Compute 0 = (1 — v)yg—1 + Vzr_1
Draw a sample (¢, rg, ¢}.)
Compute a stochastic estimate of the TDC gradient:
8(Ok, Ok) = i + Y9}, O — &L O
g = — 0Ok, Or) + vPr () "wp)
W1 = Wk + Bedr(0(0k, ) — o wie)
Compute the SAGE update:
Yk = Ok — 1=k
Zk = Zk—1 — 7.9k
Set k=k—+1
until converged

Output: weight vector 6 = yy.

of d = 0 the method reduces to standard TD(0) learning, whereas for the extreme d = [ the
method resembles the well known LSTD algorithm. This algorithm is therefore here not

being considered due to the clear non-linear computational complexity.

4.5. Combined Regularization and Acceleration

In Chapter 3 a feature selection algorithm using a regularized formulation of the objective
functions was derived. Due to the fact that this algorithms is also a stochastic gradient
descent, it in terms suffers from the same drawbacks, including slower convergence in terms
of samples. As this regularized formulation is also convex and L-Lipschitz, a modified version
of the Nesterov’s accelerated gradient can be applied in order to speed up convergence for
the regularized formulation.

Let us recall the formulation of the regularized problem, its objective function properties
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Algorithm 4.3 Accelerated GTD2 Algorithm

Input: Parameters Lo > L and v € [0, 1] for the optimization, sequence of parameters [
for the computation of the gradient in GTD2, sequence of state transitions and rewards

(P T B)-

Initialize: Given an arbitrary guess yo € R, set 29 = yo, wo = 0, and k = 1.

repeat
Update Ly = (vvk —14 1)Ly
Compute 0 = (1 — v)yp—1 + vzr_1
Draw a sample (¢g, 7%, @}.)
Compute a stochastic estimate of the GTD2 gradient:
85(Or, Ox) = T + Y9}, O — &4 Ok
gr = —¢r(dr — y,) Tw
W1 = Wi, + Bedr(8(Ok, O) — df wi)
Compute the SAGE update:
yk = Ok — 19k
Zk = Zk—1 — 7.9k
Set k=k+1
until converged

Output: weight vector 0 = yy.

and derive a solution algorithm. The regularized MSPBE is written as

jTDc(e) ‘R" = R
0 = |[11,(®0 — T, (26))[I2 +nl6]h (4.33)
= Jrpc(8) + |01

The following two necessary properties can now be derived and afterwards it is possible to

apply a stochastic variant of Nesterov’s accelerated gradient descent.

Lemma 5 (Convexity of Regularized MSPBE). Assume that the feature matriz @ € R™!
is full rank and the Markov chain defined by P € R™™™ is irreducible and aperiodic. Fur-
thermore, there exists a unique limiting distribution £ € R™, which satisfies P = £ with

& > 0,Vi € 1...n, then the {1-reqularized MSPBE, defined in Equation (4.33) is strongly
convex.
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Proof. We have, that for two convex functions f(z) and g(z), that the sum h(z) = f(z) +
g(x) is also convex. Additionally, observe, that in Lemma 1, the unregularized MSPBE is
strongly convex. We know, that the ¢; norm is convex as it is the special case of the /,
pseudo norm for p = 1, which is known to be a true norm for p > 1 due to the Minkowski
ingeuality and true norms are convex.

To conclude, the cost function Jrpc(f) = Jrpc(8)+n]|0]1 is a sum of two convex functions

convex in 6 and therefore overall also convex in 6. |

Lemma 6 (L-Lipschitz Gradient of the Regularized MSPBE). Let the feature matriz & €
R™ ! be full rank and the Markov chain defined by P € R™ ™ be irreducible and aperiodic.
Furthermore, there exists a unique limiting distribution £ € R™, which satisfies P = £
with & > 0,¥i € 1...n. Then the gradient of the MSPBE, defined in equation (4.33) is
L-Lipschitz with

L= (14 9)2 max 6513 + . (4.34)

Proof. Observe, that the ¢; norm is L-Lipschitz continuous with L = 1. Recall, that a

function f(z): X — Y is L-Lipschitz if ||f(x) — f(y)|| < L||x — y||, Vz € X,y € X. Due to

the reverse triangle inequality, we can write for the ¢; norm
|z = [yl < Llz =yl (4.35)

with L = 1.
Let f(xz): X — Y be a function that is Lg-Lipschitz and g(z) : X — ) be Ly-Lipschitz,
then it holds for all z € X and y € Y

((f+9)(@) = (f+9) W) = |(f(z) = f(¥) + (9(z) — 9(v))]
< |f(@) = fWl+lg(z) — g(y)]
< Lylz — y| + Lg|z — y|
= (Ly+ Lg)|z — yl,

(4.36)

where the first inequality is due to the triangle inequality and the second due to the definition
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of Lipschitz continuity. Additionally, for a constant ¢ we have

[(cf(x)) = (cf )] = le(f(2) = Fw))] = lel[f(x) = F(y)

(4.37)
< lelLglz —yl.

Taking these results and the fact that the cost function Jppc(6) = Jrpc(6) + n||0]|1 is a
linear combination of two L-Lipschitz continuous functions, we can conclude, that Jrpc (9)
is L-Lipschitz with

L < (149)” max]|6;])3 + n| (4.38)

To derive an accelerated version of the regularized gradient descent algorithm, we have
to revisit the work in [34] and review the general algorithm description. Assume, that
the cost function is given by fs(x) + n||0||1, then the general algorithm description for the

stochastic SAGE can be seen in Algorithm 4.4. We recognize a parallel construction to

Algorithm 4.4 SAGE-based Online Learning
Input: Parameters Lo > L and v € [0, 1] for the optimization,

Initialize: Given an arbitrary guess yo € R, set 29 = yo, and k = 1.
repeat

Update Ly = (vvk —14 1)Ly

Compute 6 = (1 — v)yg—1 + vzg—1

Compute i = argming { (Vo f (04,0 — 0x) + 5110 — O[3 + 0]l |

Update z, = 21,1 — le (L (0 — yi)).
until converged
Output: weight vector 6 = y.

the regularized FOBOS algorithm from the previous chapter. Step 3 in Algorithm 4.4
resembles a similar formulation as the soft-thresholding formulation and solution. And
it is the formulation of the proximal sub-gradient optimization. Indeed, the second step
of selecting the intermediate point 6 as the reference center for the proximal step is an
interpolation between the previous iteration’s results, whereas the last step then updates
these interpolation points z;. It is therefore advised to apply here the derivations from

the previous chapter. Let us recall, that the soft thresholded update for the proximal
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subgradient step of the regularized algorithms was written as

Okt1 = Yaun (9k + apurdr(dr — V%)T) 7 (GTD-IST)
Upg1 = U + Br(Or0 (O, Or) — ug),

(4.39)

for the GTD-IST algorithm, and the improved versions for GTD2-IST and TDC-IST as

Opr1 = Yaun (9k + ardr(or — ’7¢k+1)ka> (GTD2-IST)

Os1 = Ty (O + k0 (0, ) — akyi(dpe1) 'wp ) (TDC-IST)  (4.40)
Wit = Wk + B3Ok, Or) — O wi).

1

Ly
the three accelerated regularized algorithm versions as seen in Algorithm 4.5. Note, that in

By now taking the step size to o = 7 in the SAGE based formulation, we can write down

Algorithm 4.5 Accelerated Regularized GTD

Input: Parameters Ly > L and v € [0, 1] for the optimization, 7 to control the regular-
ization, kK > 0 to derive the secondary weights S,

Initialize: Given an arbitrary guess yo € R, set zg = y0, uo = 0 and wo = 0 respectively
and k£ = 1.

repeat
Update Ly = (vvk — 1+ 1)L
Compute 0 = (1 — v)yr—1 + V21
Draw a sample (¢, r, ¢}.)
Set step-sizes ap = L% and B = ko
Compute a stochastic update of the respective gradient:
Y = oy (01 + i (on — we})T),  (GTDa-IST)
ug = ug + Br(drd (O, Or) — uk)
Yk = Yoy (Ok + axr(0r — 10111) Twe)  (GTD2a-IST)

Yy = Wakn (Hk + Odk(S(Qk, Hk) — ak’ygbk(gka)ka) (TDCa—IST)

Wi 1 = Wi + Bredr(5(Ok, O) — B wy)
SAGE Update z, = zk—1 — 7+ (Lr(6k — yk))-
until converged
Output: weight vector 6 = yy.
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this version, the step sizes for the secondary set of weights are set explicitly to B = ray,
with £ > 0 to have a quasi-stationary update of the secondary weights from the viewpoint

of the update rate of the primary weights, for details cf. [78].

4.6. Experiments and Results

As the aspects of the algorithms of this chapter, accelerated regularized GTD2 and TDC,
that are to be studied are more or less similar to those in the previous chapter, the same

set of experiments — the random MDP and the linear cart pole balance task — are used.

Convergence Speed

To get a basic overview on the convergence properties, all algorithms were run on the small
random MDP and the results can be seen in Figure 4.2. Here in Figures 4.2a and 4.2b it
can be seen, that for GTD2 and TDC by just applying acceleration a marginal advantage is
gained. Especially for TDC the attained final error is a bit lower than for the non-accelerated
version. But when combined with regularization, the gain in convergence speed and final
attained error is more pronounced. TDC converges with less samples to the lowest final error
and GTD2 converges to a lower error after about half the samples in the experiment. When
looking at the performance of RO-TD in Figure 4.2c the performance of this algorithm can
be put in between GTD2 and TDC. It is to note, that in this cases RO-TD seems to struggle
with the chosen parameter setting in the search space, as the error tends to increase again

after a certain number of samples.

Size of Domain

When increasing the size of the test domain to the 400 state random MDP, the performance
exhibits similar behavior. The TDC algorithm converges faster than the unregularized and
non-accelerated counterparts with less samples and manages to attain a lower final error,

which can be seen in Figure 4.3.

Noise Sensitivity and Sparsity

As with the thresholded algorithms a study of robustness against additive noise in the

environment, features is useful in gaining an understanding of the accelerated version of the
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Figure 4.2.: Comparison of convergence for GTD2, TDC and RO-TD

gradient TD algorithms. To study this, the small random MDP environment is run with an
increasing amount of noisy features added to the original features of the environment.

In Figure 4.4 on the x-axis the number of additional noise features are plotted and on
the y-axis the final error of the algorithms reached after convergence. It can be seen that
the original GTD2 algorithm struggles to converge starting from approximately 25 added
additional noise features and the error continues to go up. This is the expected behavior
as no additional robustness against noise is implemented in this algorithm. The accelerated
GTD2a algorithm seems to handle the added noise in a better way. Observe, that the chosen
parameter set is exactly the same as for the original GTD2 algorithm and the acceleration
constant was found to be optimal at v = 0 by parameter grid search. The better handling
of noise in this setting can be explained by the adaptive update step size based on the

Lipschitz constant in the modified algorithm. This seems to dampen gradient steps in a
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Figure 4.3.: Convergence speed of TDCa on the large random MDP (400 states)

wrong direction due to noise. The same can be observed for the accelerated and thresholded
algorithm variant GTD2a-IST. Here acceleration with v = 0.07 helps with faster convergence
(which unfortunately cannot be seen in this plot because only the final error values are

drawn) and the thresholding adds robustness against noise.
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Figure 4.4.: Noise sensitivity of accelerated GTD2

In Figure 4.5a the same setup can be inspected for the TDC algorithm family. Again for
the accelerated version the same parameter set as for the original TDC algorithm version
was found to be optimal. In contrast to the GTD2 algorithm the Nesterov update does not
seem to help mitigate the negative influence of noise in this case, but only the thresholding
in the TDCa-IST algorithm helps to increase convergence speed up to 30 noisy additional

features. After that algorithm convergence behavior drastically breaks down and the final
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error obtained is far worse than for the original or accelerated only version. Also note
that this drastic breakdown of performance seems to stem from the large v = 2 acceleration
parameter, which achieves quick convergence, but as soon as the regularization breaks down

after more than 30 noisy features, the large acceleration also drastically amplifies the error.
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Figure 4.5.: Comparison to RO-TD and instability of TDCa-IST

Figure 4.5b compares the accelerated and thresholded gradient TD algorithms to their
closest contender RO-TD. While the performance of the GTD family of algorithms is as
described before, RO-TD exhibits typically expected behavior in the presence of noise.
With an increasing amount of noisy features, the algorithm degrades gracefully. The final
error attained goes up as the variance in results also increases with more noise.

Similar to Section 3.7.4, to further investigate regularization and acceleration, we now
direct our attention to the sparsity of the solution vector. In Figure 4.6 on the x-axis, the
elements of the vector # and on the y-axis the magnitude of the solution vector components
are plotted.

In general a lower final error corresponds to a sparser solution, as can be seen in the
fact, that the solution vector for TDC and RO-TD is sparser than the one for GTD2. The
behavior seems to be similar as with the non-accelerated algorithms. TDC and RO-TD
possess an inherent advantage in selecting the relevant features and suppressing the noisy
feature components. In general it can be concluded that the sparsity of solution is increased

not by a great amount but thresholding does help with overall algorithm performance.
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Figure 4.6.: Sparsity of solution for accelerated algorithms

Influence of Problem Size

The next question to be asked is how the size of test domain influence the algorithm perfor-
mance. When looking at Figure 4.7, we can see the number of sample steps on the x-axis
and the Bellman error on the y-axis for the different algorithms. For GTD2 in Figure 4.7a,
neither acceleration nor thresholding seems to have a great impact on the overall algorithm
performance, for TDC in Figure 4.7b there is a difference between the non-thresholded and
thresholded algorithm convergence speed. However, acceleration counteracts the beneficial
influence of thresholding again as larger gradient steps are taken. Overall, in the 400 state
random MDP the inherent noise of the environment is so large that the additional noisy
features do not seem to have any great impact on the algorithm performance.

For RO-TD in Figure 4.7c, the algorithm seems to struggle with convergence in this
environment. This is due to the fact, that the large random MDP already contains a large
amount of noise in its basic setting and therefore non-thresholded algorithms struggle to

converge to a stable value and variance of the results is greatly increased.

92



4.6. Experiments and Results

400-State Random MDP (Big) On-policy

400-State Random MDP (Big) On-policy

0.36 1 GTD2 @=0.005 k=0.1 TDC a=0.0022 k=0.01
\——— GTD2a a=0.08 k=0.01 v=0.1 0.40{ --- "TDCa a=0.03 k=0.001 v=0.2
0.341 GTD2a-IST a=0.08 k=0.01 v=0.1 1=0.003 —— TDC&IST @=0.002 k=0.0001 v=0.1 1 = 0.05
0321 0.351
& ) N
£ 0.301 & o304 \
a U »n | —
) s N
#0.28 " 0.251 NS
Ne=<
0.26 TS
0.201 S
0244 N T —
, , , , , 0154 ‘ ‘ ‘ -
0 200 400 600 800 0 200 400 600 800
# noise features # noise features
(a) GTD2 (b) TDC
400-State Random MDP (Big) On-policy
0.4254 *— GTD2a-IST a=0.08 k=0.01 v=0.1 n=0.003
0.400] —TDCalST a=0.002 k=0.0001 v=0.1 n=0.05
: —-— RO-TD a=0.0005k=1.0 n=0.09
03751 \ /\ /) N

800

400 600
# noise features

(c) RO-TD

200

Figure 4.7.: Noise sensitivity on the big random MDP domain

Parameter Sensitivity

In addition to the previous algorithms, the accelerated and thresholded algorithms have

two more parameters, acceleration v and regularization n on top of the usual gradient step

size parameters o and k. These extra parameters have to be tuned for optimal learning

results. First, we will have a look at the regularization parameter n and afterwards study

the interplay of regularization n

versus acceleration v.

In Figure 4.8, on the x-axis different values for the parameter n are plotted and on the

y-axis the resulting Bellman error value after convergence. With increasing regularization

parameter value, the noise features get attenuated and the algorithm performance increases.

Such a typical behavior can be seen for the TDCa-IST algorithm, where with small regular-
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ization parameter, the variance of results and error is high and both decrease with increasing
parameter value until the effect levels off depending on the amount of noise in the environ-
ment. For RO-TD the effect is even more pronounced, where for values of n too small, the
algorithm diverges. The GTD2a-IST algorithm seems to have little sensitivity on the chosen
regularization parameter value. Note that the final error of the GTD2 algorithms was in

general higher than for the other algorithms, similar for small as for moderate values of 7.
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Figure 4.8.: Parameter sensitivity with respect to regularization parameter n

Similar as in Section 3.7.5, we conclude similarly that setting the parameter 1 to some
small value but not too small in the presence of noise is safe and again larger parameter
values do not help in speeding up algorithm convergence as the effect of regularization seems
to plateau off depending on the amount of noise.

The last aspect to study with regard to parameter settings is to look at the interplay
of n and v. In Figure 4.9 on the x-axis the parameter values for n and on the y-axis the
parameter values for v are plotted. Each box depicts via color coding the final Bellman error
attained for a parameter combination, where yellow shades correspond to a larger value and
darker green to a lower value of final error. White areas mean that the algorithm did not
converge with the chosen parameter combination.

For GTD2, it can be concluded that convergence is possible for a wider range of parame-
ter combinations than for TDC. It is worth noticing that even shades with light green still
mean, that the final error is quite large (around ten), where only dark green areas mean that
the algorithm actually found a suitable solution. For TDC the area of convergence is dras-

tically shrunk. Only parameter combinations around n = 2 and v = 0.8 yield satisfactory
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Figure 4.9.: Parameter sensitivity on the noisy small random MDP with respect to n and v while
fixing the optimal « and « for the environment.

results and the performance quickly degrades when deviated from the optimal area. This
means that the TDC algorithm is able to attain better final errors for optimal parameter
combinations, while being susceptible for deviations from this optimal area and therefore

might be harder to tune in real life applications.

Continuous Domain Performance

Finally, let us focus towards the continuous domain performance, which closest models the
performance in applications, where no ground truth representation of the state space is
possible any more. The results in Figure 4.10, where number of samples is plotted on the x-
axis and Bellman error value on the y-axis, show, that acceleration helps in this environment.
In Figures 4.10a and 4.10b it can be seen, that compared with the unmodified algorithms,
the accelerated version converge with much less samples in the presence of noise without
having regularization activated. For GTD2, the additional regularization seems not to help
much in terms of final low error attained, whereas for TDC the combination of acceleration
and regularization brings a slight advantage.

Compared to RO-TD in Figure 4.10c, both algorithms GTD2 and TDC have similar
performance, where TDC achieves a low error more consistently along more samples in the
environment. RO-TD seems to struggle with the additional noise introduced, when more
samples are drawn from the environment after having converged to the lowest cost function

value.
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Figure 4.10.: Algorithm performance on the continuous linear cart pole balancing domain

4.7. Summary

In this chapter accelerated and regularized versions of the stochastic gradient descent TD
algorithms were derived. As a prerequisite the u-convexity and the L-Lipschitz continuity
of the underlying cost function were analyzed.

The modified algorithms show a beneficial behavior in convergence speed in the random
MDP domain settings. Even without regularization, the accelerated versions of the algo-
rithms seem to converge up to four times faster in terms of samples needed on average since
the stepsize is controlled by a predefined schedule. Like the non-accelerated versions of the
GTD2 and TDC algorithm, the regularization parameter can be set to some small value
in order to achieve good performance. Care has to be taken when selecting the parameter

set for the TDC algorithm variant. Slight deviations from the optimal setting seem to de-
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grade the performance significantly both in convergence speed as well as in final error value
reached.
Compared with RO-TD both algorithms again show well behavedness and a clear advan-

tage when the amount of noise is large in an environment.
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Chapter 5.

Off-Policy and Multistep Algorithm

Variants

As discussed in Section 2.6, TD methods have weaknesses to converge in certain application
scenarios. Those weakness to converge can be gotten rid of if so-called multistep version
of these algorithms are used. This means that not only one application of the Bellman
operator is used, but a combination of multiple applications of the operator. Additionally,
the convergence speed increases and the minimum error attained improves, this is often
referred to as a decrease in bias. On the other hand the methods susceptibility to sampling
noise is increased, this is referred to as an increased variance. The balance between those
two is usually called the bias-variance-tradeoff.

Additionally, in many real world applications of reinforcement learning, it can be necessary
to follow a specially crafted and safe policy', while trying to learn and improve a new policy.
The samples gathered in the system then no longer fit the new and improved policy to
be learned. This means that we want to learn with samples from a different policy and
hence the name of this mode of learning is called off-policy. Unmodified TD learning often
diverges in such a scenario and therefore special considerations in reformulating the learning
problem and the cost function have to be taken. This variants of algorithms are discussed

in Section 5.2.

!This means that the policy is known to well-behave and for example in an industrial robotic setting the
machine is not going to harm bystanders or crash self driving cars.
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5.1. Methods with a Multistep Lookahead

To derive regularized and accelerated stochastic gradient temporal difference learning al-
gorithms in their respective multistep versions, let us first define a geometrically averaged

Bellman operator as

7;9) = (1= N7, (5.1)
=0

with parameter A € (0, 1) controlling the weighting of the averaging over the various length
of applications of the Bellman operator and 7' is the [ times application of the operator.

We then have the operator and the Bellman equation as

A A A
TNV = RY + 4PNV, (5.2)
where
PV =1 =03 ANEH RN =3 YNPR, = (1= 9\P) Ry (5:3)
=0 (=0

To observe the claimed speedup in convergence, we can look at the following proposition

Proposition 4. Similar to Proposition 1, we have for the mapping 7;5)‘) and the composition

with the projection Hlﬂﬁo‘) both as contraction mappings with the modulus v\ = 71(:? with

respect to the & weighted norm and

Vi = @07 < Vi = I Valle, (5.4)

1
+J1— fyi
with 0% being the solution to the fized point equation for HN’]L()‘).

Proof. For the full proof refer to [5]. |

This proposition implies that the contraction modulus goes to 0 when A goes towards 1,
hence a faster convergence. Additionally, the error bound above gets better in the same way
as A\ goes towards 1. This is, as indicated above, called the reduction of the bias. At the
same time, since 7™ is an average of multiple applications of the Bellman operator, noise
from the sampling process has a more pronounced impact for bigger values of A\. Therefore,

the variance of the respective method is increased. In practice, there can be no definitive
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recommendation be given on how to set this parameter, but the optimal setting has to be

found out by experimentation.

5.1.1. Multistep Least Squares Temporal Difference Learning and Policy
Evaluation

Using the above definition of the geometrically averaged Bellman operator for multistep
methods, we can analogous to Section 2.4, derive the two algorithms LSTD and LSPE in a
multistep variant.

The previous derivation does rely on the stochastic estimate of the matrix C% and the
vector dj. Similar Section 2.4 two variants can be derived as CV = ¢T=(I — VPF(LA))QP)
and d® = ¢= R,([\). An extended multistep estimation variant of those two quantities of

Equation (2.24) is then given by

k k
%M:E%TZM@QE:W%“W*wQM—vﬂ%wﬁf»
t=0 m=t (55)
1 k k
d](i)\) = k + 1 g ¢(5t) lez:t ’ymit)\mitr(sm7 Sm+1)'

Often, an intermediate vector, called eligibility trace [5, 77| is introduced to ease stating

update formulas. This eligibility vector is given by

t

2=y (YN " d(sm), (5.6)

m=0

and the sample by sample update is then defined by

2 = YAsp—1 + d(sk),
Y = (1= m)C, + mean(6(sk) = 16 (5k41) T (5.7)
dl(c/\) =(1- Uk)di(g/\—)1 + Mk 2T (Sks Sk+1),
where 7, = T}rl is the step size and C((]/\) =0, dé’\) =0.

As we now have for the fixed point solution of the multistep Bellman equation CMg*(Y) =
d™, the solution which leads to the LSTD(A) algorithm for the step k at which k& samples
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are available is
A A 1 A
0,2 ) = (C,g )) d; ), (5.8)

where 0,9) is the LSTD solution at step k.
If we express the projection, before formulated as II, in the form of a least squares

minimization in the linear value function approximation parameters, we arrive at
Ors1 = arg min || 00 — TN (d0),)| 2. (5.9)
R ’

Then we can follow the derivation in [5], Chapter 6, and rewrite this minimization problem in
the terms of single samples in the sampled setting. Now assume that at algorithm iteration

k, there are k samples available, we than can write an intermediate goal 0~k+1 as

2

k
Opy1 = arg HIIHZ l Si) TG o(s;) T9k Z ( AN, m)] , (5.10)

m=t

where 0p . = 7(Sm, Sm41) + YO(Smi1) Ok — d(sm) 0k is the TD-error for sample m at
algorithm iteration k. By setting the gradient of Equation (5.10) to zero as in

k k
0= > [(@ﬁ(si)T@)(Zﬁ(Si) — (¢(si) " Or)d(si) — (Z(’Y)\)mi5k,m> ¢(Si)] ; (5.11)
i=0 m=i
bringing the first term to the left side as
k k k '
> (0(si) 0)p(si) = > [(¢(5i)T0k)¢(Si) + <Z(7>\)m”5k,m> ¢(5i)] , (5.12)
i=0 i=0 m=i
and extracting 6 in each respective summand
k k k _
Y (d(s)e(si)T0) = l¢(si)(¢(8¢)T)9k + &(s:) (Z(W\)m_l%mﬂ ) (5.13)
i=0 i=0 m=i

one can get the solution of LSPE by matrix inversion as

k k k
ém:(zwsiwsm) (zqs(s» [¢<5¢>T9k+z<wm5k,m]). (5.14)
7=0

=0 m=i
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If this method is then used within a policy iteration scheme to solve the evaluation part,
the estimate given by Equation (5.14) can contain some noise due to the sampling process
of this batch. The stability of the LSPE method can therefore be increased by taking the
average over the last and the new information of data as 051 = (1 — nik)0 + Uk§k+l with

some positive stepsize n; € (0, 1].

5.1.2. Multistep Temporal Difference Learning

Taking the multistep Bellman equation in the same form as Equation (2.41) but with the
geometrically averaged Bellman operator from Equation (5.1) and then follow similar deriva-

tions, we obtain a multstep version of the TD algorithm as

2k = YASE—1 + P(s1),

(5.15)
Ok = Ok + o zi0(Ok—1,0k),

where again oy, is a sequence of adequate step sizes and 0(0;_1, 6x) is the TD-error. Usually,
in the literature the quantity zj is referred to as the eligibility trace [77]. In this reference
these methods are mostly presented to be favorable when the reward is delayed for several
time steps and the eligibility trace can then be seen as accumulating the past knowledge
going back with the sampling path through the MDP. In this cases the multistep versions

can be faster and more efficient in learning the value function.

5.1.3. Multistep Gradient Temporal Difference Learning

Just as the previous algorithms, gradient TD learning, can be augmented using the geomet-
rically averaged Bellman error of Equation (5.1). The resulting objective function of the

projected mean squared Bellman error is then written as

TE0c(0) = (180 — I, TN (@0) |12 = |11, (86 — T, (0))|2

= (POR) — PN D) T =0(0T Z0) 1o T Z(@0R) — 4PV Do)

(5.16)

and the gradient is derived as

1
5v@(tf%c(e)) — (@TZ6 — 10" PN =00)T (6=0) (T Z00 — dTZRD) — 10T ZPVE0).
(5.17)
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As was shown in Section 5.1.1, the two quantities C’,?‘) and dg‘) can be used to derive

sampling based estimation of the two matrices for the geometrically averaged case. And with
the collection of more and more samples when k — oo, C’,g)‘) - CN =¢T=p—~dpT=PNg
converges to the desired quantity. We now have an equivalent formulation in expected
sampled value for the first part of the gradient equation, cf. [5]. The same procedure
applies to d,(;\) —-dN =¢T= R,(f‘), as k — oco. And we can again use the eligibility trace z

to rewrite the gradient in terms of expectations as
SVo(IB0(8)) = B, [2(6 —16)7] (Be [607]) " Bep, (26(6,6)]
= B, [067 — (1 - N2()T] (Be [067]) " Bep, [26(6,0)
= B, [2000.0)] ~ Ee.p, [(1 = Na(@)T] (Ee [067]) " Eep, [26(0.6)].
(5.18)

with 0(6,0) being the TD-error.
By again approximating w(f) = (Eg [qbngD_l E¢ p, [20(0,0)], we obtain the GTD2(A)
algorithm as
Opr1 = O + apze(dp — Yori1) wy (5.19)

and the TDC()) algorithm as

Opr1 = Ok + i, (Zk5(9k, Ox) — (1 — A)Zk(¢k+1)ka) (5.20)

with
W1 = Wi + B (Zk5(9k, Or) — ¢¢ka) (5.21)

and
Zk11 = YAZk + Ok (5.22)

5.2. Off-Policy Algorithms

Up to now all algorithms working on samples are relying on these samples to be generated
by a distribution induced by the current policy p. This is called on policy sampling as

samples and norms for theoretical results are formulated with respect to &, the steady state
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distribution of the underlying Markov chain, which itself does again rely on the policy
i. Therefore, the samples where s’ indicates the successor state of s, are distributed as
(s,a,r,s") ~ P,, with P, being the combined distribution of the MDP and the policy p.

In some cases, it might now be beneficial to use samples generated by a different distri-
bution than the one induced by the policy for which we would like to estimate the value
function. This could be in cases, where some sampling policy is available but the value
should be estimated with respect to some other optimal policy which cannot be used online
as it could select actions that are unsafe for the system under study. Another reason is to
enhance the so called exploration. This means, that parts of the state space get sampled
by a modified policy that are not sampled as much by the policy currently available and
therefore would increase accuracy in those regions. Most reinforcement learning literature
refers to such policies as behavior policies pp, whereas the policy for which the value should
be estimated is called the target policy .

Mathematically, we can express this change of sampling, where we use samples
(s,a,r,8") ~ P, but estimate for ;1 as a different probability transition matrix P,,. It
can be written as a weighted average of the original transition probability matrix P, and

some additional square transition probability matrix @ as
P, = (1- B)P, + BQ. (5.23)

where B is a diagonal matrix with diagonal components ;. The model therefore is sampled
according to P, and occasionally, determined by the probabilities f3;, according to Q. @
does not necessarily represent a existing transition probability matrix, but is introduced to
enable the mathematical analysis of the off-policy sampled MSPBE. Later a concrete tool
to relate the two policies 1 and pp will be introduced. They will be related to each other by
the means of so called importance weighting factors p. If the minimization of the respective
objective functions would be now done by the above unmodified algorithms, the outcome

would be the solution to the modified linear approximated Bellman equation
90 = 1, Ty, (#0) = I, (Ry, + 7P (90)). (5.24)

Here II,,, is a projection with respect to the modified norm || - ||¢,, where &, is the steady

state distribution of the Markov chain with respect to P,,. Therefore, the solution to
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Equation (5.24) would be the parameters corresponding to the behavior policy py, but the
real target we are after are the corresponding parameters vector for policy 7, i.e. the solution

to the Bellman equation
DO = 11, 7,(P0). (5.25)

Note two particularities about this modified off-policy Bellman equation: first the projection
is with respect to the modified steady state distribution &, as for a Markov chain ||11,P,||¢,
is no longer necessarily a contraction since the steady state distributions &, and & do not
match and algorithms might diverge [71, 5, 8]. Secondly, this modified Bellman equation is
with respect to the Bellman operator associated with target policy p as this is the policy
that we aim to compute the value function for.

A method to cope with all these problems and solve with respect to the modified off-
policy Bellman equation (5.25), is to use importance sampling. In a nutshell, importance
sampling is to express expected values with respect to different distributions, in our case
to express these expected values for the target policy in terms of the distribution of the
behavior policy.

If an expectation of a function f : S x Ax R xS — R over the the samples (s, a,r, s’) has
to be calculated, then it can be written and with an empirical estimation of this expectation
as

1 k
E(sa,n,5)~p, [f(5,0,7,8)] = Z &(s,a,r, 8" ) f(s,a,m,8) ~ z Zf(st,at,m, st1), (5.26)

(s,a,r,s") t=0

where £ is again the steady state distribution corresponding to the target policy u. In order
to express the expectation in terms of the behavior policy, we can rewrite the above terms
as

/

Z 5(57G,T,s/)f(3ars Z ESCLTS gb(stlrs

(s,a,r,s") (s,a,r,s") gb(s a7, s

= Z &(s,a,r, s

(s,a,r,s")

Z &)(57 a,T, S/)pf(57 a,T, S/)

(s,a,r,s")

) /
N f(s,a,r,s)

&(s,a,r, s

) sars'
)f(?ﬁ? )

fb(S a,r, s (527)

= E(s,a,r,s/)wP‘Lb [,Of(s, a,T, SI)} 5
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where p = % In practice, for the applications in this work, p only depends on the
quotient of the two policy probabilities as the rest of the model is considered unchanged.
1(als)

Therefore, p = als)”

If we re-derive the update formulas for the most popular reinforcement learning algorithm,

namely TD, and the algorithms used in this work, the GTD family of algorithms, then we

_ #aklsk)
wolak|sk)
not contain any zeroes, which in turn means that the Markov chain associated with P,

obtain update formulas, that contain pg Obviously, the behavior policy should

induced by the behavior or sampling policy has to be ergodic.
The modified update equations for the TD(\) algorithm are now given as

2kt1 = pr(Myzk + o(sk)),

(5.28)
Oks1 = Ok + (e + Y0 (sk41)  Ok—1 — D(s1) " Ok) 21 = Ok + Sk (Or—1, Ok) zie41-
Whereas the update for off-policy GTD2(\) and off-policy TDC()\) are rewritten as
Ok+1 = Ok + i (¢(3k)¢(3k)T —vpr(l — )\)(¢(Sk+1)Tzk)) wi  (GTD2(X)) (5.29)
Or1 = Ok + S (0k, Ok) 2k — crypr(l — A)(B(s41) T ze)we (TDC(N))
with the update of the secondary weights as
W1 = Wk + Br (5(% Or)2k — ¢(5k)(¢(5k)ka)) : (5.30)

5.3. Regularized and Accelerated Algorithm Variants

In this section, first the regularized off-policy algorithm variants shall be derived. After that
acceleration shall be applied to this algorithm to complete the study.

As established in Section 3.4.1, imposing regularization with soft-thresholding on a gra-
dient algorithm is as easy as interwebbing the stochastic gradient update step with the

soft-thresholding operator ¥, , in the gradient update step of the objective function weights.
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The update equations for GTD2 and TDC then can be written down as

O i1 = Vayy (00 + ar (@(s)@(sk) T = (1 = N(@(sk41)T2)) wi)  (GTD2(A)-IST)
Ort1 = Yayn (9k + a6 (Ok, Or) 21 — cypr(1 — )‘)(¢(3k+1)—|—zk>wk> (TDC(A)-IST)

et = wy + By (80, 00) 2 — 0(si) (0(sk) ") )
(5.31)

where wj, are the auxiliary weights and 7 is controlling the influence of the ¢; regularization
penalty.

In order to obtain the Nesterov accelerated and regularized algorithm variants, we can
follow a similar route. Take the above regularized equations and carefully rearrange the
SAGE gradient update steps with the known update equation of accelerated TDC and
GTD2. We then obtain the algorithms in Algorithm 5.1.

This step is valid as we will see in the next section, where the properties of the multistep
cost functions will be studied. Also the selection of the initial parameter Ly can be done
following the Equation (5.39) derived from the upper bound on the norm of the feature

vectors for each state.

5.4. Properties of the Cost Function

For the algorithms in the previous sections to be applicable, especially Nesterov’s accelerated
stochastic gradient method, the cost function has to fulfill the same conditions as in the
previous chapters. Those are to ensure that the cost function is convex and posseses a
L-Lipschitz gradient.

Let us recall that the objective function with a multistep Bellman operator and a projec-
tion 11, according to the behavior policy (as introduced in Equation (5.25)) can be denoted

as

JNO) = |1, (20 — TN (99))]I2,
— (00— T @01 51, (00— TS (00
_ Hﬁ,n/:? @0 — TN (26))]13
= || 11,7/ 0Z5(®0 — T, (#9)) 3,

T
e (5.32)
(@
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Algorithm 5.1 Accelerated Regularized off-policy GTD())

Input: Parameters Ly > L and v € [0, 1] for the optimization, 7 to control the regular-
ization, Kk > 0 to derive the secondary weights f;, 0 < A < 1 to control the multistep
behavior, discount factor ~y

Initialize: Given an arbitrary guess yg € R set zp = Yo, o = 0, eg = 0 and wg = 0
respectively and k = 1.
repeat

Update L = (vvk — 1+ 1)Ly

Compute 0 = (1 — v)yr_1 + V21

Draw a sample (¢g, Tk, Pr+1)

Set step-sizes ay, = L%C and B, = kay

p(ag|sk)
Hbak|sk

Update e-trace ex = pg(Ayer—1 + ok)

Calculate off-policy weight p =

Compute a stochastic update of the respective gradient:
i = P (00 + o (0867 = 9o1(1L = (8 1ex)) wr)  (GTD2a(A)-IST)

Uk = Yayn (9k + ard(Or, Or)er, — arypr(l — )\)(ﬁka)Tek)wk) (TDCa(A)-IST)

W1 = Wi + POk (5(9k7 Or)er — ¢k(¢;§wk)>

SAGE Update z, = zk—1 — 7 (Lk(6k — yk))-
until converged
Output: weight vector 0 = yy.

where ¢ (and corresponding =) are the steady state distribution probabilities according to
the target policy p and & (and Zj}) correspond to the behavior policy pp, and transition
probabilities defined in Equation (5.23). Now with off-policy sampling, we can evaluate the
equations according to the target policy, but have to keep in mind, that the steady state
distributions & and =} are actually obtained by sampling according to the behavior policy
and then are multiplied by a diagonal matrix containing the off-policy importance weighting
factors p and ¢ = diag(p) (a diagonal matrix containing the elements of p).

With that in mind, we can write the steady state distributions as & = & = p&, and
E, =5 = p5,. Now II, = VoS (DT 05,8) 1@ T /05, is an orthogonal projection on the
column span of \/o=,®.

In analogy to Chapter 4, we can derive a similar Hessian H ;(0) of the off-policy multistep
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cost function JM(6) as

%WJW (6) = (cpTQEb@ - 7@TPISA)TQEbQ§> (@Tgs’b@)_l
(

(270580 — @05, R — 10 0=, PN 0)

Lg270(g) = (27058 — 10" POV 05,8) (07 05,8) (07 05,8 10 05,PV)

2
_—al (1 - WP,W)T NZEN IRV (I - 7P,9>) 3

-l (I -~ 'yP(/\))T 1] 05,11, (I - VP,W) P

(5.33)

with A := /o=, IT,(I — yP\M)&.

Lemma 7 (Strong convexity of Multistep Off-Policy MSPBE). Assume that the feature
matrizc & € R™! is full rank and the Markov chains defined by P,, € R"" and P, € R™*"
are both irreducible and aperiodic. Furthermore, there exists a unique limiting distribution
& € R", which satisfies P, & = & with §; > 0,Ve € 1...n and some positive definite
diagonal re-weighting matrix o, then the MSPBE j(@) is strongly convex.

Proof. The proof follows exactly the same structure as the proof for Lemma 1, but with
some slightly modified ingredients. What lies to show for the proof to hold is that the
quantity (I — VP;(L)\)) is full rank: From the definition of P,E/\) =1-2>XZ *yl)\lPﬁH, we
can see that this is a product of matrices, that are full rank, since we assumed that also
the Markov chain defined by following the target policy is irreducible an aperiodic, and
therefore the product is also full rank. From there the argument of the referenced Lemma 1

can be followed. [ |

Remark 2. A similar inequality as for Lemma 2 can be derived for the averaged Bellman

operator models, defined by PN € R™™ as in

s s 1-A
”P()‘)CEH& < (1 _ )\) Z,yl)\l”Pl—HxH& < (1 — )\) Z,yl)\l”ggugt = m”l‘”&, (534)
=0 =0

where x € R", ¢f. [5].
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Lemma 8 (u-strong Convexity of Multistep Off-Policy MSPBE). Let the feature matriz
& € R™! be full rank and the Markov chain defined by P,, € R™™ be irreducible and
aperiodic. Furthermore, there exists a unique limiting distribution & € R™, which satisfies
P& = & with &,; > 0,Vi € 1...n. Define Cp, = D o=y, where 05y, = diag(p&y) is the
matriz with the elements p;&,; on the diagonal and let Aminy be the minimal eigenvalue of
Cy. then the MSPBE J(0) is p-strong convex with

1—X)\?
1— Amin.b- .
o> ( vl,y)\> b (5.35)

Proof. The proof will again follow closely along the proof for Lemma 3. We have

2" Hy(0)z =z AT Az
(derivation analogous to proof of Lemma 3)

> (| @alle, — | PPz, ))?

5.36
Lo ) (5.36)
> H@?H& - 71 —A H@$H5z
1—-2\? 5
= (1= el
Additionally, we have — as in the referenced proof — for Cj, = &' p=,P
[Pz, = =" 052 > Amins|z]|3. (5.37)
and can therefore conclude that H(6) > ul with
1—2)\?
> <1 — ’M) Amin,b- (5.38)
|

Although we could also show that this cost function is u-strongly convex, the same precau-
tion holds as for the non-multistep version in that the smallest eigenvalue is still unbounded

from below for an arbitrary feature matrix .

Lemma 9 (L-Lipschitz Multistep Off-Policy MSPBE Gradient). Let the feature matriz
& € R™! be full rank and the Markov chain defined by P,, € R™™ be irreducible and
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aperiodic. Furthermore, there exists a unique limiting distribution & € R™, which satisfies
P& = & with &, > 0,Vi € 1...n. Define Cy = DT 0Z,P, where 05, = diag(py) is the
matriz with the elements p;§p; on the diagonal and let A\paqp be the largest eigenvalue of
Cy. Then the gradient of the MSPBE J(0) is L-Lipschitz with

_ 2
L (g ) max ol (5.39)
or equivalently
L<<1+ 1_)\>2)\ (5.40)
>~ ')’1 _ "Y)\ max- .

Proof. The proof closely follows the proof for Lemma 4. We state that the cost function
J(0) is L-Lipschitz if the inequality

" Hy(0)x < L||z|3 (5.41)
holds for all z € R™ since .J(0) is strongly convex. As in the referenced proof, we can write

e " Hy(0)r=z"AT Az

2
< (@2, + PNV Dz]e,)

11—\ 2 (5.42)
< (Il + vy =5 I0elle
1—-X\? 9
= (17==5) el
With the same argument as from the proof of Lemma 4, we can now conclude that
L<(1+ 1A>2 1613 (5.43)
max .
or alternatively in terms of the greatest eigenvalue of Cj
1—A\?
L< (1 YT 7A> Nnac- (5.44)
|

For the combined accelerated and regularized algorithms, the same arguments as in Sec-
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tion 4.5 apply. We again have a combination of two L-Lipschitz continuous functions and

therefore Nesterov’s method is again applicable.

5.5. Experiments and Results

In addition to the previously introduced experiment environments, in this chapter, two new
environments will be presented to highlight the specific behavior of the algorithms with
respect to multistep learning and off-policy sampling. The first is the so called Random
Walk Chain, which highlights the use of a multistep Bellman operator and the second one
is the Baird Star, which is designed to test off-policy methods.

Random Walk Chain

The random walk chain [77] environment consists of n = 7 nodes aligned in a one-
dimensional chain arrangement. The agent can choose to go left or right in each state,
except the outermost two states. Upon transitioning the agent receives a reward of r; = 0,
except for the rightmost state, where the agent receives a reward of r; = 1, see Figure 5.1.
The leftmost and rightmost states are terminal states. This means, when the agent tran-
sitions in one of those two states, the episode ends and the environment is restarted. The
starting state for the agent is always the center state. Usually, the discounting factor is cho-
sen to be v = 0.95 if not indicated otherwise and the policy for transitioning through this
environment is chosen to be random. In each state the agent chooses with equal probability

p = 0.5 to either go left or right as indicated in Figure 5.1. This environment is especially

0.5 0.5 0.5 0.5 0.5
X Y P Y o
L DYOJONORORON AL
- ~_ N | | N
0.5 0.5 0.5 0.5 0.5
r1=0 rog =10 rg =0 rg =0 rs =0 r¢ =0 r7 =1
Figure 5.1.: Illustration of the 7-state random walk environment.
well suited to study the behavior of the different algorithms with respect to favorable and

unfavorable feature generation. The most straightforward way to generate the features for

this environment is to use indicator vectors. This is done by defining the feature dimension
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to be the same as the number of states in the chain [ = n and then placing a singular 1 in
position in the vector according to the state numbering. For example if the environment
is in state 2, the second element of the vector is set to 1 and O for all others. These are
very favorable features as exact value function representation is possible and the features
are linearly independent and therefore the feature matrix @ has full rank. This way of
feature generation is most of the times referred to as tabular features as all the states get
enumerated and the weight vector acts as a table of values for each individual states. The
second way to derive features for this environment are the so-called inverted features, where
the coding is done in the same way as for the tabular features with the difference of a 0 in
the position of the state and 1s for all other positions. The features are then normalized to
be of length 1. This type of feature generation aims at demonstrating the resilience of the
algorithms towards inappropriate generalization. This means that it might be possible that
some value of a particular state could be shared among several states in an inappropriate
way since the information is encoded in the ones of the feature vector. A third way to gen-
erate features is to use so called dependent features. Here, the feature dimension is smaller
than the number of states k& < n and the value function can only be approximated, cf. [78§].
The states are then encoded in a way similar to binary numbers. Afterwards, the feature
vectors are again normalized to length 1. As an example, a chain with n = 5 states has the
feature vectors ¢1 = (1,0,0)", ¢o = ( = (0, %,%)T
and ¢5 = (0,0,1)".

It is typical for this environment to perform well for a selected value of A depending on

1 1 T _ 1 1 1 \T
ﬁvﬁao) 7¢3*(%7%7ﬁ) 7(254

the number of states in the chain. This fact can be explained by looking at the structure: As
the agent can only move to the left or the right and only in the rightmost state, the positive
reward is given, by supplying a kind of lookahead (more or less equivalent to choosing a
A > 0) the agent can better decide if it is beneficial to choose the left or right action.
Depending on the length of the chain, a certain number of lookahead steps, starting from
the center, is necessary to come to the correct decision. If a number too small is chosen, the
learning will converge slower, because more sampling has to be performed, if the number is
too high, again more sampling has to be performed as the reward might be discounted in

an ill posed fashion.
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Baird Star

The Baird star [1] environment was designed to demonstrate convergence issues with tem-
poral difference based algorithms. Although the environment is based on linear indicator
vectors, standard TD learning will diverge in this example. It consists of n = 7 states and
ng = 2 actions in every state. The first action will bring the agent to the state s1, also
referred to the center state, which is absorbing, i.e. the second action cannot be chosen
and the first action will always bring the agent back to the center. The second action will
bring the agent uniformly randomly into any of the other 6 states. No matter what action
was chosen, the reward will be always r; = 0. The discounting factor is set to v = 0.99.
All states are represented by a tabular feature. Additionally, the feature vector contains a
constant bias feature, which is set to 1 for every state, except for the center state, for which

the bias is set to 2. Associated with this environment is a specific set of two policies. The

1.0 1.0 1.0

@@(?@@
v/

Figure 5.2.: Baird star, adapted from [1].

first policy, the behavior policy, will choose with probability % the first action, which will
bring the agent to the center, and with probability g the second action. The value function
is then to be calculated with respect to the target policy, which will choose with probability

1 the second action and never the first action.
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On- and Off-Policy Sampling

In general every environment (except the Baird star, which is off-policy by definition), can
be converted in an off-policy learning problem. This is done by sampling with a distribution
different from the control policy. The random MDP can be converted to an off-policy prob-
lem by randomly generating a second policy and use this second policy for sampling. The
random walk and Boyan chain example are converted to off-policy by uniformly sampling
the states, which is different to the behavior policy. Finally, the inverted pendulum can be
sampled off-policy by using the same policy for which the value function is to be determined,

but sample with a behavior policy with a much more increased variance parameter o.

Ergodicity of Studied Domains

A MDP is considered ergodic if all states can eventually be reached from all other states
given enough time. In other words, the total state transition probability given any action,
that will be chosen eventually, of getting from one state to any other is strictly positive.
In a formal definition, we have the steady state distribution vector & € [0, 1] with n = |S]|
being the number of states and every entry &; giving the probability of ending up in state ¢
after following the state transition probabilities given in P,. Since P, is a Markov matrix,

the state transition probabilities can be obtained by calculating
diag ( lim P* 5.45
{= lag<k1r% u>, (5.45)

where diag takes the diagonal entries. As mentioned in the section before, the state tran-
sition probability matrix has to take the current policy p into account and therefore it is
often easier to directly sample the environment following the policy a sufficient amount of

time in order to get a good enough approximation of the steady state distribution.
Definition 7 (Ergodicity). The MDP characterized by P, is ergodic iff Vi, & > 0.

If we now direct our attention on which of the experimental domains are ergodic, it is clear,
that the randomly generated MDPs are ergodic by construction and the inverted pendulum
is able to be moved to any cart and pendulum position. Baird star and random walk
environments are not ergodic simply due to the fact, that they have so called absorbing

states. This means that the only outgoing edges from such a state loop back to itself.
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Therefore, no other state can be reached starting in such a state. For the state transition
probabilities this means that all the mass will be concentrated in that state because at
some point for sure the Markov process will end up reaching that state and not being able
to escape it. On the other hand this means that at least one other state has a corresponding
0 in €.

A non ergodic environment means that the MSPBE cost function is no longer a proper
&-weighted fo-norm, but only a semi-norm. This can impact the convergence properties of
gradient algorithms in a negative way.

One way to remedy this situation is to allow some small probability for every state to
reach all other states in the modeling phase. Another way that is often followed and applied
in the experiments for the random walk and Baird star environment, is to declare the
environment as episodic and terminate the sampling as soon as one of the absorbing states
is reached. The subsequent sampling is then restarted in some other non-absorbing state.
This is equivalent for the steady state distribution of having unique transition probabilities

from the absorbing state to the set of starting states.

5.6. Results

In this section the results of experiments shall be presented to highlight the algorithms per-
formances with respect to two aspects. The first is the multistep behavior of the algorithm,
which directly reflects in the dependence of the chosen A parameter value. This behavior will
be highlighted using the random walk environment. The second is the performance when
off-policy sampling is done during learning. To illustrate this, first the results for the discrete
and episodic Baird star, a classical environment for demonstrating off-policy performance,

are presented. Afterwards, off-policy results in a continuous domain are investigated.

5.6.1. Random Walk Environment

The first experiment to investigate is the random walk domain while sampling on-policy to
look at the behavior of the algorithms with respect to multistep sampling. As noted above,
every domain should have an optimal value of A for which algorithm performance is optimal.
This value unfortunately cannot be determined in a deterministic manner, but has to be

evaluated experimentally, depending on the type of domain the algorithm is applied to.
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When taking a look at Figure 5.3, the different performance depending on the selected
types of features can be seen. On the y-axis, the square root of Bellman error is depicted, on
the y-axis the different parameter values for A are denoted. In Figure 5.3a, the ideal feature
representation for this domain is depicted. Here the original version of the TDC algorithm
and the regularized version both perform well as the true value function can be perfectly
represented with this type of features. The thresholding modification helps in obtaining
a lower error as this environmental setup contains additional noisy features that degrade
the performance of non-regularized algorithms. Similar can be observed in Figure 5.3b the
setting with inverted features, where the generalization power of the algorithm, i.e. the
ability to prevent putting weight on features that do not belong to the state, is investigated.
Also here thresholding helps minimizing weights on noisy features.

In the setting with dependent feature in Figure 5.3c, where the value function no longer
can be perfectly approximated, both algorithm performances seem to degrade in a simi-
lar way. The variance of results over 20 independent runs increases and the influence of
thresholding to prevent noisy features is smaller than the disturbance introduced by the
non-perfect representation of the ground truth value function.

The second interesting property of the algorithms to be studied in this experiment is the
value of A\. As said in the description of the experiment above, the random walk chain has
a distinct optimal value for A. This can also be observed here. For the original, unmodified
algorithms the optimal value for lambda lies around A\ = 0.2, whereas for the thresholded
versions the optimal value seems to be A = 0.1. This difference stems from the complex
interplay of the many parameters the algorithms have. Since the thresholded algorithms
have their optimal performance for a different set of parameters also for a and k, the
optimal value for \ also changes. In general, unfortunately, no definitive recipe can be given
for choosing the optimal A but this has to be determined individually depending on the

algorithm, environment and other parameters.

5.6.2. Off-Policy Results

In this subsection the off-policy performance of the algorithms is investigated. The purpose
of this is twofold: First to ensure that the algorithms do converge in off-policy settings at
all, as for example the well known TD algorithm fails to do so and second, to investigate if

the regularization is still useful in this sampling setting.
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Figure 5.3.: Comparison of parameter sensitivity with respect to A for TDC and TDC-IST

Baird Star

A classical example to demonstrate the off-policy behavior of reinforcement learning algo-

rithms is the Baird star. This is also the reason this environment was chosen to demonstrate

the basic convergence properties of the regularized gradient TD algorithms.

In Figure 5.4 the convergence performance of the thresholded algorithms can be observed.

Each subfigure depicts the Bellman error on the y-axis and the number of sampling steps
on the x-axis. In Figures 5.4a and 5.4b, the performance of the GTD2 and TDC algorithm

variants can be observed. A clear advantage of regularization is present, since the itera-

tive soft thresholded algorithm modifications obtain a much lower error within the same
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number of iterations. Also when looking at the variance across the independent runs (the
shaded areas in the curves), it can be seen that this is greatly reduced and the original al-
gorithm versions struggle to cope with the additional introduced noise features. This effect

if especially visible for TDC.
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Figure 5.4.: Off-policy performance on the Baird star example.

It is observed in Figure 5.4c, the RO-TD algorithm performs especially well in this envi-
ronment. It reaches a low error in approximately % of samples compared to the thresholded
algorithm variants.

The situation for the accelerated modifications of the gradient TD algorithms presents
itself a little bit different. When observing in Figure 5.5a, the accelerated version and the
accelerated and soft-thresholded version of the GTD2 algorithm still present some advantage
over the original version of the algorithm, although not as pronounced as with the non-
accelerated but thresholded algorithm version. On the other hand for the TDC algorithm,
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Figure 5.5b, acceleration in the presence of noise for the Baird star example seems to degrade

algorithm performance significantly in terms of minimal error attained. On the other hand,

the variance across different independent runs is reduced by a relatively large amount.
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Figure 5.5.: Off-policy performance of accelerated algorithms on the Baird star example.

This behavior can be explained with two arguments: First, the TDC algorithm was found

to be working the best with the parameter set containing the acceleration parameter v = 0.9

this is comparatively large when looking at the other experiments. While a large acceleration

parameter can speed up gradient performance, it also increases instability. Therefore, the

tradeoff done here in the gridsearch — only a finite set of parameters could be tested — was to

select a larger acceleration parameter while keeping the other parameters, such as step size

a smaller to still have stable convergence. In the presence of noise, like it is the case here,

then this instability of a large acceleration parameter gets amplified at the cost of having

to choose smaller step size parameters. The second argument to always keep in mind, when
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interpreting the results is, that the optimal parameter set, where the accelerated algorithm
might have outperformed the unmodified algorithm version might have not been in the
parameter space, that was tested during the gridsearch.

Again, also for the accelerated algorithms, RO-TD, as seen in Figure 5.5¢ outperforms

the gradient TD algorithms.

Continuous Domain

As in the previous chapters, it is important that the algorithms not only perform well on
discrete state environments, but also on continuous state environments, where the state
space has to be approximated. Here an exact representation of the ground truth value
function is no longer possible and the algorithms are challenged to adapt to generalization
problems. This means, that weights could contribute to more than one environment state
and a change in weights not only affects performance in a small confined area of the state
space, but could change the overall behavior.

In Figure 5.6 the performance of the thresholded algorithms is depicted. On the x-axis
again the number of samples and on the y-axis the Bellman error is plotted. For GTD2
in Figure 5.6a, it can be observed that the increase in error is accelerated at some cost of
increased variance across the independent runs and a slightly higher final error attained.
This can be explained by the parameters chosen by gridsearch. Faster convergence and a
lower average final error was traded for an increase in variance of the results across runs.

For TDC in Figure 5.6b the situation presents itself more favorable for the regularized
algorithm. Not only the convergence is quicker in terms of samples needed, but also the
variance across runs is decreased. Similar can be said for RO-TD in Figure 5.6¢, where the
algorithm converges almost as fast as TDC-IST with a lower variance and reaches a low
final average error.

Results for the accelerated versions of the algorithm can be seen in Figure 5.7. Results
compare to results for the off-policy Baird star example. GTD2 presents to be working
quite well for this environment and acceleration as well as thresholding increase algorithm
performance. TDC in Figure 5.7b can gain convergence speed with a small acceleration
parameter v and relatively similar parameters for o and x, while finding optimal parameters

for the accelerated and regularized version TDCa-IST poses a difficulty. The hypothesis is
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Figure 5.6.: Off-policy performance on the continuous linear cart pole balance task using the soft-
thresholded algorithms.

again, that this is due to the limited number of parameters that could be tested during the

gridsearch due to computational limitations.

The same situation presents itself for RO-TD in Figure 5.7c where RO-TD outperforms

all other algorithms as it has already also in the Baird star environment. This suggests,

that off-policy performance of RO-TD is especially favorable.

5.7. Summary

In this section extensions of the gradient TD algorithms to off-policy and multistep versions

have been presented. It was established that the cost function of the off-policy and multistep
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Figure 5.7.: Off-policy performance on the continuous linear cart pole balance task using the
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accelerated and thresholded algorithms.

formulation of the Bellman error has the same theoretical guarantees that allows to apply
Nesterov’s acceleration scheme.

Experiments were conducted to empirically show the convergence performance of the

modified algorithms as well as to compare to the closest existing algorithm formulation,
RO-TD. It is seen, that all gradient TD algorithm also work in off-policy and multistep
settings and expose the expected behavior in terms of the A parameter. Difficulties in finding
optimal parameters for the modified TDC formulation of the algorithm have been surfaced
and it was established, that in off-policy settings the RO-TD formulation of optimization is
especially well suited and exposes stable and quick convergence behavior.
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Chapter 6.
Conclusion

In this thesis, I introduced two new algorithm extensions to gradient temporal difference
learning. The first is a simple, yet effective regularization scheme, while the latter com-
bines the accelerated gradient optimization with the original and the regularized stochastic
gradient algorithm.

Since the cost function variant usually is chosen because of algorithmic properties, I
added an additional justification for projection when working with linear approximated
temporal difference learning. It is the benefit of better upper bounds in error, when working
with discounting factors close to one which can happen if the environment cannot be fully
controlled.

Hereafter, I derive the regularized gradient temporal difference algorithm, which has the
benefit of being very easy to implement and at the same time still maintains the linear
computational complexity in terms of the feature size. It performs very well in reaching low
final error measures in noisy environments when the unmodified algorithms fail to converge
at all. Also it helps in speeding up the convergence up to a factor of four in terms of samples
needed. The additional regularization parameter can be chosen to a small value without
too much additional parameter tuning effort. When interpreting the ¢;-regularization as
a feature selection scheme, the algorithms can achieve a attenuation of features that only
contribute noise to the learning. However, this selection is not as hard as could be expected
in the original sense and only a soft attenuation is reached.

Since the stochastic gradient descent algorithms, as this is one instance of such, suffer
from slower convergence in general, in the next part of the thesis I combine the accelerated
gradient descent technique with the linear temporal difference learning.

As a prerequisite for the application of the accelerated gradient algorithm, the strong
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Chapter 6. Conclusion

convexity and L-Lipschitz continuity of the underlying cost function had to be checked in
order to safely apply the algorithm. I prove the strong convexity and give an upper bound
on the Lipschitz factor derived from the norm of the features, which is also required as a
parameter to the optimization procedure. Then, additionally, I combine the accelerated
algorithm with the previous regularization scheme.

The accelerated algorithms can improve the convergence speed in terms of samples needed
in certain test scenarios, but also can fail to achieve acceleration in others. Here the noise
robustness and the acceleration play against each other in noisy settings. Additionally,
in some settings, it can be challenging to determine good parameters for fast and proper
convergence. The viable range of parameters for the step size is smaller and more sensitive
to deviation from the optimum.

In the last part of the thesis, I extend all algorithms to an off-policy sampling setting,
which is crucial to have in real-world applications. The algorithms behave in a similar way
as with on-policy sampling and failure to converge is no issue here. Finally, I extend the
algorithms to multistep sampling, which can utilize multiple discounted samples for one
update. In a lot of scenarios this helps with algorithm convergence and is therefore also a
required feature.

Finally, I evaluated all algorithms and their specific behavior in specially tailored extensive
simulation environments, discrete and continuous, and report the results in each.

Overall, in this thesis I present modified stochastic gradient temporal difference learning
algorithms, that are still linear in computational complexity with respect to the dimension
of features, that can be used when a significant amount of additive Gaussian sampling noise
is present. The algorithms allow learning in computationally restricted environments, such
as embedded systems, under real world conditions where non-ideal sensor measurements are
used. The algorithms allow to reach the same results as the unmodified variants with four
times less samples on average and still enable learning when up to five times the number of

noisy measurement features than information bearing features are present.
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Appendix A.
Extended Derivations

In this Appendix, the extended derivation of gradients and properties of the MSPBE are

presented that were too detailed to be included in the main text.

A.1. Full RG Gradient Derivation

The objective function of RG is defined in equation (2.45) and can be further rewritten as

Ira = Vo — TuVollg = |90 — T.(20)]2
= (90— Tu(20))" = (90 — T,.(20))
= (#0 — R, —vP,®0)" = (#0 — R,, — yP,P0)
- (QT@TE ~R]=—~0"0"P] 5) (60 — R, — P, 99) (A.1)
=0"0"Z00 - 0'®' =R, — 0" BT ZP,P0
— R,590+ R =R, + YR, EP,®0
—10'®"P/EP0+~0" 0" PR, +~%0"®" P ZP,99.

Deriving the gradient with respect to 0 is now possible as in

VoJra(0) =20 =00 — &' ZR, — 29®' ZP,P0 — &' =R,
+70'PJER, — 270" P/ Ed0 + 0 P/ R, + 27°®' P 5P, %0
=2(¢7200 — &' 2R, — 1@ ZP,80 + 48 P ZR, + 48" P, ZyP,®0)
=2(2" — 40" B]) (500 — ZR, — 15 P,90).
(A.2)
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Appendix A. Extended Derivations

Using the equivalent expectation formulation for these terms as presented in equation (2.23)

and observing that

O —yPu® = Bp, [07 —2(¢)T] =D pis(o(si) " —v6(s) "), (A.3)
i=1j=1
and likewise
T — TP =Ep, [ —v¢] =D D pij(d(si) — v6(s))), (A.4)

i=1j=1

we can continue the derivation of the gradient as

VoJna(0) = 2Ep, [6 — ()] (Be [¢7] 0 — Be [r] — vBe p, |(¢) ] 6)
= 2Ep, [¢ — ()] (Bep, [¢70 - —7(¢)"0]) (A.5)
= —2Ep, [¢— 18] (Eep, [r+1(6)T0-670])

and obtain the final gradient for RG as

%VQJRG(H) = —Ep, [¢ —v¢'] E¢ p, [7’ +y(¢) 70— ¢T9}
= —Ep, [¢ —7¢'| Eep, [6(0,0)].

A.2. Full GTD Gradient Derivation

As the objective function for the GTD2 and TDC algorithm, we have the mean squared
projected Bellman error as defined in equation (2.51). For deriving the gradient, we first

have to establish in concordance with [47] the following quantities as

IZ0, = (@@'20) ') Z(0(0"d) o' =
(o"=z0)1o"2) o=@ 50) T =
=29 =P) (@ 5P (P ED) T =
==2To@ 50 o =,
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A.2. Full GTD Gradient Derivation

The as a first step the objective function Jtpc can be rewritten as

Jrpc(8) = | T,(P0 — T,.(26) |
= (I1,(0 — T,.(80)) " Z(11,,(P0 — T,.(89))
= (@0 — T, (®0) ' 11,] Z11,,(D9 — T,,(0)
= (80 — T, (00)) " ZTd(@ " Z0) ' d T Z(00 — T,,(09))
= (#0 — R, — yP,90) =T d(¢"=Z0) ¢ =(¥0 — R, — P, D)
=0"0'ZTO-R,ZET®—10"d' P/ =T D) (0 Z0)!
(¢"=00 — ¢TER, — P ZP,P0)
=00 =@ E0) ! — R, ZTH(@ ' Z0) — 10 dT P/ =T D@ ED) )
(¢"=00 — ¢'ER, — ' ZP,P0)
=0'0' =o' E0) 0 200 — R, ETO(0T ED) ' Zd0
—70'®' P/ ET R0 Z0) 0200 - 0" DT E B(0" 50) 10T ER,
+RZO(@ Z0)T' O ER, +10'® P E d(@' Z0) 70T ER,
— 0P ET D@ E0) ¢ EP,P0+ 4R, Z D(®' EP) DT ZP, D0
+7%0'0 Pl (@ EP) 10T ZP,90

Now deriving the gradient of this form can be done as follows, noting that
ul Tog) | T T
Ee [gbgb ] - (qs :qﬁ) S A= [gbgb ] (A.9)
because = is a diagonal matrix
Vo(Jrpc(0)) = 2 (@TEqS(@TEqS)—quTE@e ~ o' Zp(@"Z0) 10T ER,
—y®'P]EZO(®'E) P EP0 + ' P Z0(®TEP) DT ER,
—@ ' ZS(®TEP) 'O EP,P0 + 470 P EQS@TE@)*%TEPMM)

—9 (@qus — 4Pl 5@) (@Tch)_l (qSTEqsa ~®'ER, - 7¢TE’PM¢0)
(A.10)
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Using the established formulations for the expectations of the matrix quantities in equa-

tion (2.23), we can reformulate the gradient in terms of expectations as

Vo(Jroc(6)) = (Ee [667] —1Een, [6(6)7]) (Be [o67])
(Be [607) 0 — Be g, [or] - vBep, [6(6))7] 6)
= 2B p, [607 —10(0 T}( [607])" Ee (6070 — ér —76(¢) 0]

= 2B, 067 — 1) )] (Be [067]) " Eer, [olr ++(6)T0 - 070)].
(A.11)

and hence the gradient simplifies to

S Vo(Trnc(68)) = ~Eep, [6(6 )] (Be [007]) " Bem, [6(r +2(6)T0 - 676)]

= —Eep, [0 —70)"] (Ec [607]) " Ben, [65(6,0)].
(A.12)

A.3. Derivations for Properties of the MSPBE Function

In order to show the convexity and bounds on the Lipschitz constant L for the MSPBE, we

need to re-weight the cost function in terms of the standard £ norm.

Jrpc(6) = |[11,(P0 — T, (26)||2
= (0 — T,.(0) " I1,] Z11,,(6 — T, (90)
= (80 — T,,(00)) " Zd(¢" Z¢) 1" ZH(d =) 1T Z(00 — T, (P6))
= (90 — T, (90)) ' VEVED(@ =0) 1oV EVED(®T EP) !

&' VEVE(PO — T, (P6)) (A.13)
= (00 — T, (0))VE (VED(@ Z0) 1o VE)T

(VED(@ 20) 1T VE)WE (PO — T,,(26))
= (90 — T, (90))TVE ] I1,VE(®60 — T,,(99))
= |11, VE (0 — T, (20))]3,
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A.3. Derivations for Properties of the MSPBE Function

with 1T, = VEO(@ Z0) 1o V=,
To derive further properties of the MSBPE function, the Hessian H ;(6) is needed and
the derivation is written as
1 -1
5 VoJne(f) = (2720 - 10" P/ 50) (0720) (67200 - &' 2R, — 10  SP,P0)
= ZP(P'ZP)'d 500 - ' (¢ Z0) 10T =R,
— ¢ P/ ED(®'ZP) ¢ 500 + 40" P/ Z0(0T Z0) P ER,
— 10 D' ED) 'O EP, 80 +1°® ' P Z0(T 50) ' ®' ZP, 00,
1
“Viipc(@) =0 EH(@TE5P) 0T ED — 1 P E0(@T E0) 0T 50
20 "
—® EP(@' 50) 'O EP, P+ 4 P ED(®' E0) P EP,P
-1
- (@T E¢ 10" P} 5@) (@T 5@) (@T =¢ - @TEPM@)
-1
= (¢ —yP, )" 5 (@TE§P> &' = (® —yP,D)
=& (I1-~P,) VEIILVE(I —yP,)
=& (I—~P,)" 1) 21T, (I — vP,) ®
=A"A,
(A.14)

with A := VEII, (I —vP,)®.
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