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Chapter 1

Stochastic bandits

.Multiarmed bandits can be considered to be the simplest situation in which optimal decision
making can be learnt. Due to its simple structure many ideas get more visible that we will get
to know much later for the more general setup of Markov decision processes. In fact, a vast
literature of precise results exists for multiarmed bandits in contrast to many unproved methods
for the general Markov decision situation. What we will try to achieve in this first chapter is to
bridge the two worlds. We discuss ideas and methods that will be crucial for Markov decision
processes mostly in the precise language of multiarmed bandits. The aim is to find the right
compromise of the very imprecise Chapter 2 of Sutton and Barton and the very detailed book of
Lattimore and Szepesvari.

& The chapter focuses on algorithmic ideas towards the trade-off between exploration
and exploitation in optimal decision making.

The language used in this chapter will thus be a combination of bandit and reinforcement learning
(RL) notation. The chapter can also be seen as a motivation for later chapters to see how little
we actually understand about general reinforcement learning compared to the well-understood
case of multiarmed bandits.

1.1 A quick dive into two-stage stochastic experiments

From a probabilistic point of view reinforcement learning will always be about stochastic two-
stage experiments. First choose an action (first experiment) and given that action observe a
reward (second experiment). It’s a bit of a mathematical overkill but let us quickly discuss the
basics from two-stage experiments. If all experiments involved are discrete (i.e. take finitely or
countably infinite values) then not much is needed and all computations work with the usual
conditional probabilities defined by P(X = z|Y = y) = %. The choice of actions
indeed is discrete in most applications, unfortunately, the rewards often are not. Going towards
non-discrete probability the concept of regular conditional expectation is needed. We are not
going into detail and only summarize the most important facts. First, suppose (X,Y) is a pair of
discrete random variables (or random vectors) on some probability space (2, .4, P), then rewriting
the definition of conditional probabilities gives

P(X=2Y=y)=  PX=aY=y) BEY=y)

second stage, given result of first stage first stage

so that all quantities jointly involving X and Y can be computed by knowning the outcome of
the first stage and the second stage given the outcome of the first stage. For computations one
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can use the rules

V)| = Z hz,y)P(X =z |V =y)P(Y =y),

ER(X,Y) Y =y] = thy X=z|Y =y),
E[h(X,Y)|Y] = thy X =z|Y =y)ly—y,
P(X €Y :ZIP’X€~|Y:y)1y:y.
Y

The situation is more delicate if the distribution of the first stage (say Y) is not discrete. In
that case P(X = 2|Y = y) cannot be defined easily as the definition of (discrete) conditional
probabilities would require devision by 0 if P(Y = y) = 0. Nonetheless, for computations there is
an abstract way around it. One can prove the existence of a so-called Markov kernel® k(,-) such
that the rules

BIRCCY)IY =3l = [ ha)k(y, de) and E[(X,Y)[Y] = [ b Yh(Y, dz)

hold. The kernel & is called a conditional regular expectation of X given Y. In the discrete
case it holds that k(y, A) = P(X € A|Y = y) according to the usual definition. For absolutely
continuous pairs (X,Y) the measure k(y, -) has density k(y,z) = fix,v)(z,y)/fx(x)fy(y) but
in general k is abstract. Nonetheless, to keep the analogy to the discrete setting one typically
writes P(X € A|Y = y) instead of k(y, A) even if the conditional probability cannot be definded
in the usual way. We also use the notation P(X € A|Y) = (Y, A) from which it follows
that E[L(X,Y) Y] = [h(z,Y)P(X € dz|Y). For later purposes it is crucial to know that for
independent X and Y it holds that k(y, A) = P(X € A) so that E[R(X,Y)|Y] = [h(z,Y)P(X €
dz).

1.2 Introduction to stochastic bandits

As there is no need to loose the reader in the mathematical formalisation of multiarmed bandits
we will first gently introduce the ideas. For a multiarmed bandit there is a number of possible
experiments among which a learner (in RL called agent) has the target to identify the best
arm by observing random samples of the experiments. The goal is to learn efficiently which
experiment yields the best outcome. There are different ways of defining what best means, in
bandit theory best typically means the highest expectation. The simplest example to keep in
mind is a daily visit to the university cantine. Let’s say the cantine offers four choices: vegan,
vegetarian, classic, oriental. These are the four possible experiments, the random outcomes are
the quality of the dish (measured in some way, such as on a 1-10 scale). There are plenty of
other situations that immediately come to mind such as

e medical treatment of patients with different doses, outcome measures the success, for
instance 1 for healed and 0 otherwise,

e placing different advertisements on websites, outcome measures the click rates.

The wording multiarmed bandit is rather historic and comes from gambling. A one-armed bandit
is a gambling machine in which every round of the game yields a random reward. Typically there
are several one-armed bandits next to each other and a player aims to play the most favorable
bandit. Since every round has a fixed cost, say one Euro, the player tries to figure out as quickly
as possible which machine works best for him/her. In these notes we will only discuss so-called
stochastic bandits. These are bandits where the random experiements are stationary, i.e. the
distribution of the experiments do not change over time. More general bandit situations are
adversarial bandits and contextual bandits which we will not touch in this section.

1A Markov kernel is a measure in the second and a measurable mapping in the first entry
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The basic mathematical model behind a stochastic bandits is as follows. There
are distributions P,,, ..., P,, (not necessarily discrete) from which an outcome is
sampled if an actor decides to play a so-called arm a. The outcome is called X. If
the choice of the actor is modeled using a random variable A taking values ay, ..., ax

then the two-stage experiment yields

P(X €-|[A=a)=P,() and P(X €-[A) =) Pu()ly=a =: Pa(")
acA

so that
PXe ,A=a)=P(X €-|A=a)P(A=a)=P,()P(A =a).

In fact, a bandit model will depend not only on one action but on reward/action
pairs of the past. This makes the mathematical framing a bit more tedious as
rewards must not be discrete.

Before we go into more details let us discuss the optimization goal. Suppose we have a finite
set A = {a1,...,ax} of experiments (arms to play) and denote by @, the expectation of the
random outcome whose distribution we denote by P,. Of course there could be other goals than
finding the arm with the highest average outcome, but this is what we decide to optimize. Now
fix a time-horizon n (which could be infinite), the number of rounds we can use for learning. A
learning strategy is a sequence (m;)¢=1,. of probability distributions on A that only depend
on what has been played prior to time ¢. Here m;({a}) is the probability that the player choses
action a at time ¢ and then receives the random outcome of the corresponding experiment.

& Throughout these lecture notes we will be sloppy about measures on the power-set
of discrete (finite or countably infinite) sets. Instead of writing p({a}) we typically
write p(a) for probabilities of singleton sets if there is no danger of confusion.

The aim is to find a learning strategy that maximises the outcome of this procedure. To have
an idea in mind think of the example of the university canteen. During your studies you might
have n = 500 choices in total. If you are not vegan or vegetarian you probably started without
preferences, i.e. m;(vegan) = --- = m(oriental) = i, and over time learnt from experience how to
change the following distributions 7; in order to maximise the lunch experience.

Let’s turn these basic ideas into mathematics.

l!!] Definition 1.2.1. Suppose A is an index-set and v = {P,},c4 is a family of
real-valued distributions with finite expectations, called the reward distributions.

e The set v is called a stochastic bandit model. In these lectures we will always
assume A = {ay, ...,ax} is finite, K is the number of arms. Often it will be
useful to denote the arms by 1, ..., K to simplify formulas.

o The action value (or @Q-value) of an arm is defined by the expectation @, :=
fodPa(m). A best arm, usually denoted by a,, is an arm with highest
Q-value, i.e.

a® = argmax,c 4 Q.
Typically one abbreviates Q. for the largest action value Q.+« and if there are
several optimal arms the argmax chooses any of them.

o A learning strategy for n rounds (n = +oo is allowed) consists of

— an initial distribution 7y on A,

— a sequence (m¢)i=2 .., of kernels on ;1 x A,

.....
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where Q; denotes all trajectories (a1, 1, az, T2, ..., at, x¢) € (A x R)'. We will
write the kernels in reverse ordering of the arguments

Wt('; ay, T1, 02, T2, -~-;at—1733t—1)
with the meaning that m; (a; A1, X1, 02, L2, ..., at,a:t) is the probability arm

a is chosen at time t if the past rounds resulted in actions/rewards
A1, L1, A2, T2y vy Aty Tt

Recall that a a probability distribution on a finite set is nothing but a probability vector (numbers
in [0,1]) that sum up to 1. An important special case occurs if the vector consists of one 1 (and
0Os otherwise), i.e. the measure is a Dirac measure.

We will always assume that the action values @), are unknown but the bandit is
a generative model, i.e. the random variables can be sampled. Everything that
can be learnt about the model must be achieved by simulations (playing arms). In
principle the learning strategy should be written down, most of the time we will
construct the kernels 7; round by round using algorithms.

We will later see that learning strategies typically depend on different ingredients such as the
maximal time-horizon if this is known in advance or certain quantities of the underlying bandit
model. Of course it is desirable to have as little dependences as possible, but often additional
information is very useful.

Definition 1.2.2. A learning strategy is called an index strategy if all appearing
measures are Dirac measures, i.e. in all situations only a single arm is played with
probability 1. The learning strategy is called soft if in all situations all arms have
strictly positive probabilities.

Of course index strategies are just a small subset of all strategies but most algorithms we study
are index strategies.

Next, we introduce stochastic bandit (learning) processes. This is a bit in analogy to Markov
chains where first one introduces transition matrices and then defines a Markov chain and proves
the existence. Or a random variable where first one defines the distribution function and then
proves the existence of a random variable.

L!!J Definition 1.2.3. Suppose v is a stochastic bandit model and (7¢)i=1,..n a
learning strategy for n rounds. Then a stochastic process (A7, X7 )¢=1,..n On a
probability space (2, F,P) is called a stochastic bandit (learning) process with
learning strategy m if AT ~ m and

o P(AT =a|AT, XT,.., AT 1, X[ 1) = m(a; AT, XT, ..., AT_1, X;—1),
o P(XT € B|AT, XT,.., A7) = Par(B) := Y qca Pa(B)lar—a

forallt = 1,...,n. We will call AT the action (the chosen arm) at time ¢ and X[ the
outcome (or reward) when playing arm AT at time ¢. For notational convenience
the superscripts 7 will typically be dropped if the learning strategy is clear from
the context.

In words, a stochastic bandit (learning) process is a stochastic process that works in a two-step
fashion. Given a learning strategy m, in every round the strategy suggests probabilities for actions
based on the past behavior. The sampled action A; is then used to play the corresponding arm
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and observe the outcome. The process (A;, X;) thus describes the sequence of action/rewards
over time.

Just as for random variables or Markov chains it is not completely trivial that there is a probability
space and a stochastic process (A, X;) that satisfies the defining properties of a stochastic bandit
process.

g Theorem 1.2.4. For every stochastic bandit model and every learning strategy
(7¢)t=1,...n there is a corresponding stochastic bandit (learning) process (A", X™).

Proof. We give a construction that is known under the name random table model as the bandit
(learning) process is constructed from a table of independent random variables.

Recall that sampling from a discrete distribution 7 on A can be performed using
U([0,1)) random variables. Suppose 7w({axr}) = pr and [0, 1] is subdivided into
disjoint intervals I of lengths pg, then the discrete random variable defined by
U = ay, if and only if U € I, is distributed according to 7.

Now suppose (Xt(a))ae Aten is a table of independent random variables such that Xt(a) ~ P, for
all t and suppose (U;)ien is a sequence of independent ([0, 1]). These random variables (all
defined on some joint probability space (£2, F,P) exist due to the Kolmogorov extension theorem.

Ay Ay As Ay

tm tm Twm Tm
Ul U2 U3 U4

X(la1) X2(a1) Xéal) Xé(f‘l)
Xl(a2) Xéaz) X:(aag) Xiaz)

X{‘IK) X(23K) X?EGK) XiaK)
Construction of bandit (learning) processes: bold entries were selected as X, Xa, X3, X4, ...

If (m)ten a learning strategy then the stochastic bandit (learning) process is constructed as
follows:

o t=1: Use U; to sample from the discrete measure 71 () an arm a, denote this arm by A4;
and set X := X:EAl).

o t+>t+1: Use Upsq to sample from the discrete measure 7(-; Ay, X1, ..., As, X;) (relying
only on the table to the left of column ¢ + 1) an arm a, denote this arm by A; and set

Xp =X
To have a picture in mind think of a large table of random variables. Only using the variables
to the left of column ¢, the uniform variable U; is used to produce the action A; and the X; is
produced by chosing the reward from row A;. To see that this process (A, X) is indeed a bandit
(learning) process with learning strategy 7 we need to check the defining properties. Let us denote
by I*(a1,...,x—1) a partition of [0, 1] into K disjoint intervals with lengths m (a; a1, ..., z—1).
Then, using h(u, a1, ..., 1—1) = lucra(ay,....er,) and

Ii(al, ey Lp—1, ) = P(Ut S |A1 =1, .., X¢t_1 = xt—l) iréi‘ P(Ut S ) = )\()
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yields

P(Ay = a|Ay, X1, A1, Xo 1) =P(Uy € IF (A, o, Xi1) [ A1, Xa, o A, X )
= E[h(UtyAh"'7Xt—1)|A17X17"'aAt—17Xt—1:|

= /h(U,Al,...,Xt_l)H(Al,...,Xt_l, du)

:/1u€If(A1,..-,Xt71)du

=m(a; Ay, Xi1).
The second property is derived as follows:

P(X, € BlA1, X1,... A) = > P(X; € B, Ay = a|Ay, X3, .., Ay)
acA
=Y "P(X\” € B, A = alA1, X1, .., Ar)
acA
= Z]E[]-X(a)eBlAt:a‘Alyle ey Ag]
acA '
mC:aSV Z 1At=a]E|:1x(a)€B|A17X1) "'7At]
acA !
iréi‘ Z ]‘At:aE[]‘X(‘”eB}
acA !
=Y P(X\” € B)14,—q
acA
Def.

=" P4,(B).
O

There is an equivalent way of constructing the process that sometimes yields a more convenient
notation.

The random table model can be slightly modified to what is known as the stack
of rewards model. The only difference is that all random variables appearing in
the random table model are used. If the ath arm is played for the nth time then
the reward variable X,(Ia) is used instead of the reward variable corresponding to
the time at which the ath arm is played for the nth time. In formulas, one sets

X; = XI(“Z)(t) instead of X; = Xt(a), where T,(t) = >°,., 1x,=q is the number of

times the ath arm was played before time .

In mathematics it is always good to have concrete examples in mind. Here are two examples to
keep in mind. These examples will always be used in the practical exercises.

Example 1.2.5. o Gaussian bandit: all arms are Gaussians N (j;,07), for instance
(Na U) € {(07 1)a (1'17 1)a (097 1)a (2, 1)7 (75, 1)7 (73’ 2)}

o Bernoulli bandit: all arms take value 1 with probability p; and value 0 with probability
1 — p;, for instance

p € {0.9,0.85,0.8,0.5,0.1,0.88,0.7,0.3,0.88,0.75}.

Now that bandit models are defined the next step is to discuss the questions of interest. In
fact, with the targets of this lecture course in mind this is not completely clear as the goals
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of stochastic bandit theory and reinforcement learning are different. The reason is that the
research communities of statistics and Al traditionally have different examples in mind. While
the stochastic bandit community originates from statistical question of optimal experimantal
design in medicin the AT community is more focused on artificial decision making (of computers).
While both aim at developping and analysing algorithms that find the optimal arm, the different
goals yield in different optimization goal. As an guiding example we go back to the two examples
of medical treatment and advertisement. While in medical treatment every single round of
learning refers to the medical treatment of an individual (which has the highest priority and the
number of rounds is clearly limited say by n = 200) in online advertisement it might be much
less problematic to play many rounds (say n = 100k) in the training procedure and to waste
possible income. Here are two typical goals that we will formalise in due course:

(A) For fixed n € N find an algorithm that produces a learning strategy (m;)¢=1,..., such that
the expected reward E[Y_;_; X[] is maximised.

(B) For fixed n € N find an algorithm that produces a learning strategy (m;);=1,...» such that
the probability of chosing wrong arms is minimized.

Checking papers and text books you will realise that the first goal is typical in the stochastic
bandit community (statistics), the second more typical in AIl. The aim of these lecture notes is
to introduce reinforcement learning, so why bother with questions from stochatic bandit theory?
The reason is that a much better mathematical understanding is available from the stochastic
bandit community, optimal choices of parameters have been derived theoretically for many bandit
algorithms. In contrast, the AT community tends to deal with more realistic (more complicated)
models in which choices of parameters are found by comparing simulations. It is the goal of these
lecture to find the right compromise. To understand well enough the important mechanisms in
simple models to improve the educated guesses in realistic models that might be untractable for
a rigorous mathematical analysis.

Let us first discuss the classical stochastic bandit appraoch (A). We already defined an optimal
arm, an arm with maximal action value @,. Of course there might be several best arms, then
ay is chosen as any of them. Since the index set is not ordered there is no preference in which
best arm to denote a,. The goal is to maximise over all learning strategies the expectation
E[Y i, Xi] = Y 1, E[X,] for a fixed time-horizon n. There is a simple upper bound for the
reward until time n, which is Q.. Hence, if all ), would be known in advance then the stochastic
bandit optimization problem would be trivial, just choose the best arm a, in all rounds. Hence,
we always assume the expectations are unknown but the outcomes of the arms (random variables)
can be played (simulated). Since the expected rewards are upper bounded by nQ. it is common
practice not to maximise the expected reward but instead the difference to the best case as this
gives an objective criterion that does not depend on the bandit model itself.

[!!] Definition 1.2.6. Suppose v is a bandit model and (m;);=1,... , & learning strategy.
Then the (cummulated) regret is defined by

Ry (m) == nQ, — ]E[in].

The stochastic bandit problem consists in finding learning strategies that minimise
the regret. Algorithms are only allowed to use samples of the reward distribution.
If 7 is clear from the context then we will shorten to R,,.

The regret is called regret because (in expectation) this is how much is lost by not playing the
best arm from the beginning. To get aquainted with the definition please check the following
facts:
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I( (i) Consider a two-armed bandit with @1 = 1 and Q2 = —1 and a learning
strategy m given by
{51 : ¢ even,
Ty =

0o : t odd.

Calculate the regret R, (7).
(ii) Define a stochastic bandit and a learning strategy such that the regret is 5
for all n > 5.
R, (m)

n

(iii) Show for all learning strategies 7 that R, () > 0 and limsup,, < 00.

(iv) Let R, (w) = 0. Prove that 7 only chooses best arms. If there is only one best
arm, then 7 is deterministic, i.e. Il;(a*) =1 for all ¢.

What is considered to be a good learning strategy? Linear regret (as a function in n) is always
possible by just uniformly choosing arms as this (stupid) learning strategy yields

K
Ry (n) = nQ, — nE[XT] = n(Q* — ;1 %QG).

>0

Thus, a linearly incraesing regret can always be achieved when learning nothing. As a consequence
only learning strategies with sublinearly increasing regret are considered reasonable.

In stochastic bandit theory any algorithm that produces a learning strategies with
linearly growing regret is considered useless. The aim is to significantly improve on
linear regret.

There are different kind of bounds that one can aim for. First of all, one can aim for upper
bounds and lower bounds for regret. In these lectures notes we mainly focus on upper bounds.
Nonetheless, there are celebrated lower bounds due to Lai and Robbins that are not too hard to
prove, see Section 1.4. These theoretical lower bounds are important as they tell us if there is
any hope to search for better algorithms as the one we discuss (the actual answer is that one
cannot do much better than the UCB algorithm presented below). Furthermore, the kind of
estimates differ:

e bounds that depend on the bandit model v are called model-based, such bounds typically
involve the differences between the action values @,

e bounds that only depend on n are called model independent, they are typically proved for
entire classes of bandit models for which certain moment conditions are assumed.

For the committ-then-explore and UCB algorithms below model-based upper bounds will be
derived from which also model independent upper bounds can be deduced. We will see that it is
not too hard to obtain algorithms that achieve model-based upper bounds that are logarithmic in
n regret bounds that also involve differences of action values ), that can make the estimates as
terrible as possible by chosing models where the best and second best arms are hard to distinguish.
In fact, the model independent Lai-Robbins lower bounds shows that the best algorithm on all
subgaussian bandits can only have a regret as good as Cv/Kn for some constant C.

From the practical perspect one might wonder why to deal with regret upper bounds.
If the bounds are reasonably good, then they can be used in order to tune appearing
parameters to optimize the algorithms with guaranteed performance bounds. As an
example, we will use the bounds for the explore-then-commit algorithm to tune the
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exploration lengths. Even though the resulting parameters might involve unrealistic
quantities the understanding can still help us to understand how to work with the
algorithms.

In principle, algorithms could depend on a time-horizon n if n is specified in advance. In that
case asymptotic regret bounds are non-sense and we aim for finite n bounds only. Sometimes
algorithms also depend on the unknown expectations @), through the so-called reward gaps.

[!-J Definition 1.2.7. The differences A, := Q. — Q, are called reward gaps.

Of course it is not desirable to have algorithms that depend on the reward gaps as a priori
knowledge of the expectations @, would turn the stochastic bandit problem into a trivial one
(just chose the arm with the largest expectation). Nonetheless, the analysis of such algorithms
can be of theoretial interest to better understand the mechanism of learning strategies. Also we
will see some examples below, the explore-then-commit algorithm depends on the time-horizon
n, so does the simple UCB algorithm, wheras the ¢,-algorithm is independent of n but mildly
depends on the A, through a constant. Bounds on the regret typically depend on n and the
expecations i, often in the form A, := Q. — Q-

In order to analyse the regret of a given algorithm in many instances (such as explore-then-commit
and UCB) one always uses the regret decomposition lemma:

Lemma 1.2.8. (Regret decomposition lemma)
Defining T,(n) := >, ; 14,—, the following decomposition holds:

Rp(m) =Y AE[T,(n)].

acA

Proof. If you know a bit of probability theory it is clear what we do, we insert a clever 1 that
distinguishes the appearing events:

Ro(r) =nQ. —E[Y_ X] =Y E[Q. - X = > E[(Q. — Xi)La,=]-

t<n t<n t<na€cA
To compute the right hand side note that

E[(Qv — Xt) La,—a | A1, X1, s Ar] = 14,20E[Qs — X¢ | A1, X1, .., Ay
=14,-4(Q« —Qa,)
=14,-a(Q« — Qa)
= 1At:aAa~

Here we used the general fact E[X|Y] = [2P(X € dz|Y) and that P(X; € |41, Xq1,..., A;) ~
Py, =3, Pala,—q. Using the tower property a combination of both computations yields

Ry =Y > E[E[(Q— Xi)1a—alA1, X1, . A] = ) A“E[Z 1At:a]

t<nacA acA t<n

Ta(n)
O

The statistical regret analysis for many bandit algorithm follows the same appraoch, using the
regret decomposition lemma to reduce regret estimates to so-called concentration inequalities.
Under suitable assumptions on the distributions of the arms one can plug-in different concentration
inequalities from probability theory to derive regret bounds.
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We continue our discussion with the second perspective on how to analyse bandit algorithms.
Approach (C) is more refined than (A), as an analogie to function (C) is similar to studying the
asymptotic behavior of a function through that of its derivative. To get this idea clear let us
introduce a new notation:

[!!] Definition 1.2.9. Suppose v is a bandit model and 7 a learning strategy. Then
the probability the learner choses a suboptimal arm in round ¢, i.e.

Ti(m) := P(Qa, # Q«)

is called the failure probability in round ¢.

It is clearly desirable to have 7(m) decay to zero as fast as possible. Note that the failure proba-
bility is typically not the target for stochastic bandits but connects well to ideas in reinforcement
learning. Since E[T},(a)] = > 1 E[14,-.) = > 1, P(A; = a) the recret decomposition lemma
can be reformulated as follows:

ﬁ Lemma 1.2.10.

R, (m) <maXAaZTt and R, (m) > min A, Zn

aFta*

As a consequence we see that the study of regret and failure probability is ultimately connected.
If we interprete the sum as an integral, then understanding the failure probability instead of the
regret is just as studying the asymptotics of a function by its derivate (which is typically harder).
Here are two observations that we will use later for the examples:

( (i) If the failure probabilies do not decay to zero (no learning of the optimal arm),
then the regret grows linearly.

(i) If the failure probabilities behave (make this precise) like 1, then the regret
behaves like » . 4 Ay log(n) with constants that depend on the concrete

bandit model. Hint: Recall from basic analysis that flt %dm = log(t) and how
to relate sums and integrals for monotone integrands.

1.3 Algorithms: the exploration-exploitation trade-off

We will now go into a few of the most popular algorithms. There is not much choice on how to
design an algorithm. Essentially, all that can be done is to learn about arms that one is not too
sure about (called exploration) and play arms that one expects to be good (called exloitation).
We will not only present algorithms but also discuss theoretical regret bounds. Even though
those won’t be directly useful for our later understanding of reinforcement learning there is one
important learning: theoretical results allow to understand how to chose optimally the parameters
involved, in contrast to learn by experimenting which is always restricted to particular examples.
In spirit we follow the exposition of Chapter 2 in Sutton and Barto, but we try to mix in more
mathematics to push the understanding further than just simulations.
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1.3.1 Basic explore-then-committ algorithm (ETC)

Without any prior understanding of stochastic bandits here is a simple algorithm that everyone
would come up with himself/herself. Recalling the law of large numbers = 37" | 'Y, — E[V1]
we first produce estimates Qa for the expectations @), and then play the arm with the largest
estimated expectation. How do we use the law of large numbers? By just playing every arm
m times and for the remaining n — mk rounds play the best estimated arm. That’s it, that is
the commit-then-exploit algorithm. Before turning the basic idea into an algorithm let us fix a
notation that will occur again and again.

[!!] Definition 1.3.1. If (A;, X;) is a stochastic process on A x R, a € A, and
To(t) := Y 5_; La,—q, then

. 1 <
Qa(t) = Ta(t) ;XklAk:a

is called an estimated action value.

The @Q-estimator for a stochastic bandit model estimates ), by averaging over all past rewards
seen when playing arm a. The ETC algorithm can be written in different ways; either try all
arms m-times in a row or to alternate between the arms. For the pseudocode of Algorithm 1 we
chose the latter. The learning strategy m; is an index strategy and can be written as

1 ra=atmoar+1 and t <mKk
mi(a;ar, 21,y ) = { 1 :argmax,Qq(mK) and t > mK

0 :otherwise

for arms denoted by 1, ..., K. As a first example on how to estimate the regret of bandit algorithms

Data: m, n, bandit model v
Result: actions Ay, ..., A, and rewards X1, ..., X,
while t < mK do

A — {atmodK+£ it <mK

argmax,Q.(mK) :t>mK’

Obtain reward X; by playing arm Ay;

Compute Q 4, (t);
end

Algorithm 1: Basic m-rounds ETC algorithm

we prove the following upper bound. The notion 1-subgaussian will be introduced in the course
of the proof, keep in mind Bernoulli bandits or Gaussian bandits with variance at most o2.

Theorem 1.3.2. (Regret bound for simple explore-then-commmit)
Suppose v is a o-subgaussian bandit model, i.e. all P, are o-subgaussian (see
below), with K arms and K'm < n for some n € N, then

mA?2
R, () <m E Ay + (n—mK) E A, exp ( - 402“> )
acA acA
———
exploration exploitation

Since the regret bound looks a bit frightening on first view let us discuss the ingredients first.
What do we believe a bound should depend on? Certainly on the total number of rounds n, the
number of exploration rounds m, and the number of arms. Probably also on the distributions of
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the arms. Why is this? If all arms have the same law, i.e. A, = 0 for all arms, then the regret
would be 0 as we always play an optimal arm. If the best arm is much better than other arms,
then the exploration phase forces a larger regret as we decided to also play the worst arm m
times. Looking into the regret bound, the summand m ), . 4, A, is clearly the regret from the
exploration phase.

Summands of the form }_  , A, must appear in all reasonable regret bounds as
every reasonable algorithm must try every arm at least once.

The interesting question is the regret obtained during the exploitation phase if a suboptimal arm
is played. It seems clear that the best arm is the most likely to be exploited as Qa(n) ~ Qq(n)
for large n by the law of large numbers. The regret thus comes from deviations of this large
n principle, if the rewards of an arm exceed what they would yield on average. Since the
simple explore-then-commit algorithm involves a lot of indepence probabilitites overestimation
of arms can easily be estimated by inequalities which are known as concentration inequalities in
probability theory.

Proof, decomposing exploration and exploitation: Without loss of generality (the order or the
arms does not matter) we may assume that Q. = Q,,. Using the regret decomposition and the
algorithm yields the following decomposition into exploitation and exploration:

Ru(m) = > AE[T,(n)]=m> Ag+ Y Ay(n—mK) P(Qa(mK) > max Qy(mK)).

be A
acA acA acA

Where does this come from? Each arm is explored m times and, if the arm was the best, then
another n — mK times. Hence, Ty(n) = m + (n — mK 1, was best up to mk}- Computing the
expectation the probability appears due to the construction of the learning strategy w. The
probability can be estimated from above by replacing the maximal arm by some other arm (we
chose the first). This leads to

Ru(m) <m > Ag+(n—=mK) > AP(Qa(mK) > Qa, (mK))

acA acA
=m Y _ Ag+ (n—mK) Y AP(Qa(mK) = Qa, (MK)) = (Qu — Qa,) = Ay).
acA acA

The appearing probability has the particularly nice form

. 1 “ a 1
P(Zy — E[Zs] > A,), with Z, = %Z(X; b x My,

j=1

where X 1(a), e ,Xf,‘f ) are distributed according to arm a and all of them are independent. If we
can estimate the probabilities by exp(—mAZ2/(40?)) the proof is complete. In order to do so we
first need an excursion to probability theory. O

Let’s have a short excursion into the topic of concentration. A concentration inequality is a
bound on the deviation of a random variable from its mean, either in a two- or one-sided fashion:

cla) <P(X —E[X]| >a) <C(a) or c(a) <P(X—-E[X]>a)<C(a).

The faster the function C(a) decreases in a the more the random variable is concentrated (takes
values close to its expectation with larger probability, the randomness is less significant). The
idea is that a random variable is stronger concentrated (has less mass away from its expectation)
if larger moments are finite. Where this idea comes from is easily seen from the expectation
formula

fR 9(y)fx(y)dy : X has the probability density function fx
ZkN:1 glar)pe  : X takes the values aj, with probabilities py ’

E[g(X)] = {
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so that finite expectation for a (strongly) increasing function g such as an exponential function
forces the density (or probability weights) to decrease (strongly) at infinity and thus to be more
concentrated. Here is an example: Markov’s inequality states that
VIX]

a2

P(X — E[X]| > a) <

for every random variable for which E[X?] < co. Markov’s (concentration) inequality is useful as
it holds for many random variables but the concentration inequality is very bad, the upper bound
only decreases like a polynomial as we move away from the mean. A more useful inequality holds
for so-called subgaussian random variables.

l!!] Definition 1.3.3. A random variable X on a probability space (Q,.A,P) is called
2_2
o-subgaussian for o > 0, if Mx_gxj(A) = E[e*XEXD] < e*¥ for all A € R.

The wording subgaussian of course comes from the fact that E[e*X] = e}**/2 if X ~ N(0,02).
Here is a little exercise to get aquainted to the definition:

/€  Show that every o-subgaussian random variable satisfies V[X] < o2.
o If X is o-subgaussian, then cX is |c|o-subgaussian.

o Show that X; + X5 is y/0? + o2-subgaussian if X; and X5 are independent
o1-subgaussian and os-subgaussian random variables.

e Show that a Bernoulli-variable is %—subgaussian by explicitly computing

log M x_, (), checking for which p the formula for log M x_,(\) is maximal
and then estimating the remaining function by )‘;.

e Every centered bounded random variable, say bounded below by a and above
by b is @;f—subgaussian (this is called Hoeffding’s lemma).

It is important to note that every o-subgaussian random variable is also ¢’-subgaussian for every
o’ > o but this is not interesting as we will use o to bound the variability (o somehow measures
the variance) as good as possible. This becomes clear in the next proposition, using o larger
than necessary only weakens the concentration inequality:

ﬁ Proposition 1.3.4. If X is o-subgaussian, then

a2

a2
P(X >a)<e 22 and P(|X|>a)<2e 2.2

for all a > 0.

Proof. The proof is based on a trick called Cramér-Chernoff method. The trick uses the Markov
inequality for a parametrized family of functions and then optimising over the parameter to find
the best estimate:

P(X >a)= ]P’(eAX > e)‘a) < <

eAa

Minimizing the right hand side for A (differentiation!) shows that A = % yields the smallest
bound and this is the first claim of the proposition. Since the same holds for —X we obtain the
second claim by writing P(|X| > a) =P(X >aor X < —a) <P(X > a)+P(—X > a). O

As an application of the above we get a first simple concentration inequality for sums of random
variables:
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;’ Corollary 1.3.5. (Hoeffding’s inequality)
Suppose X1,..., X, are iid random variables on a probability space (€, .4, P) with
expectation p = E[X;] such that X7 is o-subgaussian. Then

na? na?
20 20

1 & 1 &
P(_ZXk_MZG)Seiﬁ and P(‘—ZXk—pIZQ)g%fj, Va > 0.
"= [t

Proof. This follows from the exercise and the proposition above because 237" | X — u =
g

LS (Xk — E[X}]) is a centered ~-subgaussian random variable. O
We can now combine the exploration exploration decomposition with the concentration inequality
to derive the upper bound of the regret in the explore-then-commit algorithm:

Completing the proof of Theorem 1.3.2. Since we assumed that the exploitation phase consists
of independent runs of the same arm we are exactly in the situation of Corollary 1.3.5. Hence,
with the notation from the first part of the proof we get the concentration bound

(2o~ BlZ:) 2 Bg) < exp  — 5% ) = oxp (- 10%)

Plugging-in yields the upper bound from the theorem. O

Also without the estimates the following logic is clear: If m is large (a lot of exploration) then
the exploration regret is large (this is the first summand) and the exploitation regret is small
(second summand). In the exercises you will explore numerically how to properly chose m in
different examples. Let’s explore the regret upper bound to find a reasonable choice of m. Of
course, this approach is only reasonable if the upper bound is reasonably good. Indeed, the
first summand is an equality, the second summand only uses Hoeffding’s inequality which is a
reasonably good estimate. To show how to find a good exploration length let us consider the
simple case K = 2 of two arms (again, the first arm is assumed to be the optimal one). Since
A,, =0, we abbreviate A = A,,, the estimate simplifies to

R, (m) <mA+ (n—2m)Aexp(— ZLUA;) < A<m+nexp(— Zﬁ;))

Pretending that m is a continuous parameter the righthand side can be minimized (in m) by
differentation. Do this to solve the following exercise:

I€ The regret upper bound is minimized by

m = max {1,[ 27 10g (2]}, (1)

Thus, in terms of regret optimisation, our best guess is the explore-then-committ
algorithm with this particular m. For this choice of m the regret is upper bounded
by

. 402 nA2
R, (m) < min {nA,A—i— T(l—l—max {0,1og (p) })} (1.2)
which for n > % gives a model-dependent logarithmic regret bound R, (7) <
Ca + % log(n).

In the programming exercises you will be asked to compare this theoretical m with the best
m that can be ,seen“ from simulations in a special example. No doubt, tuning parameters by
simulating examples is not very appealing as the parameter might be useless for other examples.
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Do you think the explore-then-committ strategy with m from (1.1) is reasonable?
No, it’s cheating. The algorithm relies on n, o, and A through the choice of m.

e The number of rounds n might be fixed in advance for some examples it might
be not for other examples. For infinite time-horizon there is a trick called the
"doubling-trick" that allows to combine fixed-time algorithms into an infinite
time-horizon algorithm so we do accept dependence on n.

o The variance parameter o might be known in some situations (for instance
Gaussian rewards with fixed variance but unknown mean) but will typically
be unknown as well. There are algorithms that estimate ¢ on the run.

o The dependence on A = )y, — @4, is much more severe as the action values
are never known in advance (otherwise we could just chose a best arm to
obtain zero regret). Hence, the only non-trivial situation is that of unknown
action values but known difference A = @4, — Qq,, but this is extremely
special.

It will turn out below in the Lai-Robbins Theorem 1.4.8 that the regret upper bound from
(1.2) is close to optimal for large n because of the learning strategy independent lower bound

liminf,, . f);gg > "KQ at least for Gaussian bandit models. In the next section we will show

how to construct a similarly good algorithm without cheating in the choice of the algorithm
parameters.

1.3.2 From greedy to UCB

A greedy learning strategy is a strategy that always choses the option the algorithm currently
believes to be the best. For bandits this is the arm with the highest believed reward, typically
measured in terms of the empirical mean, that is the mean of the already observed rewards
Qa(t -1 = ﬁ 22;11 Xi1la,—q. As similar concepts will reappear in reinforcement learning
we will spend some time on this topic. It will turn out that pure greedy algorithms do not work
at all, but simple modifications that force additional exploitation work very well.

Purely greedy bandit algorithm

The pure greedy algorithm turns out to be complete non-sense. Nonetheless, it is a good start
into the discussion to get aquainted with the notation and simple modifications give useful
algorithms. The plain idea is as follows: Take the past observations of each arm to define
estimates Qa(t — 1) of the action values @, at time ¢ and then chose the maximal estimated arm,
ie. A= argmaXaQa (t —1). As always, since there is no preference order for the arms, if several
estimated action values are equal we randomly chose one of them. In the algorithm we only use

Data: bandit model v, vector Q, n
Result: actions Ay, ..., A, and rewards X1, ..., X,
Initialise T, = 0 for all a;
while ¢t <n do
Set Ay = argmaxaQa;
Obtain reward X; by playing arm Ay;
Set Ta, =Ta, +1;

Set Qa, = Qa, + 7 (X0 — Qa,);
end
Algorithm 2: Purely greedy bandit algorithm

one vector Q to store the estimates Q(t) as we only need the current estimated action values.
The computation of ) looks a bit strange and relies on a simple memory trick that allows to
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compute successive averages without storing all numbers. Suppose Ry, ... are real numbers and
all averages @, = % > r—q Rk should be computed without storing the rewards R,, forever. To
compute @, it is actually only needed to know @, _1 and R,:

n

Qn = %ZRk
n—1
(Rn + ;Rk)
1 1 =
n@%+”"—”n_12230

=~ (Ra+ (1= 1)Qu-)
=Qn-1+ %(Rn - anl)

S|

Under the initialisation Q =0 the Q are nothing but the sample means and the greedy algorithm
plays greedily the arms with the largest empirical mean. We can also think differently about the
algorithm. The actor suggests a vector with some initial estimates Qa of the action values. If
nothing is known the actor will always choose Q = 0. Then the actor plays greedily by always
playing the arm that is believed to be best. After playing the @-values are updated by adding
T%‘t(Xt —Qa,). They are increased (resp. decreased) if the reward was higher (resp. lower) than
what was believed before.

An algorithm is called a tabular algorithm if there is a table of real numbers (here
a vector) that is constantly updated and used to make the decisions. We will get to
know a similar approach as @-learning in Chapter ?77.

The pure greedy algorithm depends extremely on the initialisation of the vector Q and the
distribution of the arms. Suppose Q = 0 and suppose one arm only returns positive values and
this arm is chosen at the beginning. Then the estimated action value is increased to a positive
number and no other arm will be played in the future. Similarly, if an arm takes positive values
with high probability then future exploration is very unlikely to occur. Also for a Gaussian bandit
model a similar phenomenon arises. Suppose (at least) one arm has positive expectation and
suppose 30 < p. If initially that arm is played then with probability at least 0.997 (three-o-rule)
the result will be positive so that the arm will be played again. Continuing like that it will take
a long time until eventually a different arm will be explored. Since that phenomenal will occur
again we give it a name:

l!'J Definition 1.3.6. The phenomenon that a bandit (later: reinforcement learning)
algorithm focuses too early on a suboptimal decision is called committal behavior.

From a practical point of view there are workarounds for instance using different initialisations
Q. As an example one might start with large Q In that case the algorithms would start with
many rounds of exploration before starting the greedy update. A problem remains: How large
would be good without knowing details of the bandit model? If Q is chosen too large there would
be too much exploration before playing greedy the arms with the largest estimated action values.
If Q would not be large enough then there would be too little exploration. A second workaround
would be trying to center the distributions of all arms by substracting the same constant from all
arms to reduce the committal behavior effect described above. Again, it is unclear what constant
should be substracted without a priori knowledge on the action values. We will get back to this
idea when we discuss the policy gradient method where this idea will return as the base-line
trick.
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e-greedy bandit algorithms

The simplest variant to make the pure greedy algorithm more reasonable is to force completely
random additional exploration. The idea originates from the reinforcement learning community
as from the point of view of minimizing regret the algorithm is completely useles. To get a

Data: bandit model v, exploration rate € € (0, 1), vector Q, n
Result: actions Aq, ..., A, and rewards X1, ..., X,
Initialise T, = 0 for all a;

while t < n do

Sample U ~ U([0, 1]);

if U < ¢ then

[exploration part];

Uniformly chose an arm Ay;

Obtain reward X; by playing arm Ay;

Set T, =Ta, +1;

Set Qa, = Qa, + i(Xt —Qa,);

end

if U > ¢ then

[greedy part];

Set Ay = argmaxaQa;

Obtain reward X; by playing arm Ay;

Set Ta, =Ta, +1;

Set Qa, = Qa, + 7 (X — Qa,);
end

end
Algorithm 3: e-greedy bandit algorithm

feeling for the algorithm you can run different simulations in the exercises. Simulations of this
kind can be very useful to understand basic mechanisms, but not much more. Of course, for this
particular example we could repeat the simulations again and again to fine-tune the choice of
€. But this does not result in further understanding of the basic mechanisms for an unknown
problem. The following exercise shows that there is no use of the simple greedy learning strategy,
it has linear regret even if each arm is explored once.

Let m the learning strategy that first explores each arm once and then continus
according to e-greedy for some ¢ € (0, 1) fixed. Show that the regret grows linearly:

. R,(m) €
T TR LA
acA

Hint: Lower bound E[T,(n)] by the random exploration and upper bound E[T,(n)]
using arguments inspired by the proof of Theorem 1.3.7 below.

There are many versions of e-greedy with reasonable regret bounds. We will only touch upon an
example (introduced an studied in Auer et al.?) that one could call ,explore-then-e-greedy with
decreasing exploitation rate®. The algorithm replaces in the simple e-greedy algorithm ¢ by the
time-dependent exploration rate €; = min {1, %} To justify the name note that for the first
%{ rounds the exploration rate is 1. Thus, the algorithm first explores randomly and then plays
e-greedy with decreasing exploration rate e.

2P. Auer, N. Cesa-Bianchi, P. Fischer: , Finite-time Analysis of the Multiarmed Bandit Problem“, Machine
Learning, 47:235-256, (2002)

Lecture 3
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ﬁ Theorem 1.3.7. (Explore-then-c-greedy with decreasing ¢)
Suppose that all arms take values in [0,1], d < ming.qg,»qQ,, A4, and C >
max{5d?,2}. Then the e-greedy algorithm with decreasing exploration rate

€; = min {1, %} satisfies

limsup 7, (7) - n < M

Using Lemma 1.2.10 (note that A, < 1 if the arms only take values in [0, 1]) a consequence of
the theorem is logarithmic upper bound

. R.(m) (K -1)C
1 < .
lff;ip log(n) — d?

(1.4)

While logarithmically growing regret is very good (compare the UCB algorithm in Theorem 1.3.8
below) there are two disadvantages. First, the constants are pretty big (the possibly very small
reward gap appears squared in the numerator) and will dominate the logarithm for reasonably
sized n (log(100.000) ~ 11.5 so that even an additional factor 5 matters quite a lot). Secondly,
with the appearing constant d the algorithm assumes prior knowledge on the bandit model
reward gaps, the algorithm cheats!

Ig Set K = 2 and A small and then compare the algorithm with the explore-then-
committ algorith for two arms.

Proof (not part of the course). Auer et al. proved a much more precise estimate. Suppose j is a
suboptimal arm and n > C;l—f. Then we prove for all C' > 0 that

P(Ar =) < % + 2(% log <(n —é)[cfel/z» ((n _(5;5261/2)0/(5%)
de CK c/2
- ﬁ(m)

Since there are at most K — 1 suboptimal arms an upper bound for 7;(7) is obtained by
multiplying by (K — 1). The choice C > 5 (C > 5d actually suffices) implies that the first
summand domminates in the limit.

The failure probability for the first C:i—ﬁ( rounds (uniform exploration) is easily seen

to be r¢(m) =1— I;*, the probability to chose one of the suboptimal arms.

The proof is mostly a brute force estimation of the probabilities plus Bernstein’s inequality a
concentration inequality that is a bit more general than Hoeffding’s inequality:

Suppose X1, ..., X, are independent (not necessarily identically distributed!) random
variables with variances O'Z and expectations puy = E[Xj]. If all X; are bounded by
M, ie. |X;| <M for all 4, and 02 := >, _, o7, then

1 n 1 n _ 22
P(* X, — = > a) <e 2(a2+%naM).

In particular, if X1, ..., X,, are iid with variance o and expectation . then Bernstein’s
inequality becomes

2

1 @ _ na
]P’(fZXk—,uZa) < e APtzaM)
n k=1
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t .
Let x¢ := % DoeqEs With g, = 52
suboptimal arm, we are going to estimate P(A; = j). From the algorithm we obtain

P(Ar =) = 2+ (1= 22 )P(Q;(t = 1) = max Qu(t — 1))
<24 (1-2)P(Qilt—1) = Q¢ - 1))
<24 (1= ) (P@Qi(E = 1) 2 Q5+ 8/2) + P(Q-(t 1) < Qu. — A/2)),

where @, denotes the estimated action value for a fixed optimal arm, say the first. Here we used
that, by definition of A, Q. — J =Q;+ zj and the elementary estimate

PX>Y)=P(X>Y,Y >a)+P(X >Y,Y <a) <P(X >a)+PY <a).

From the above we estimate both probabilities separately (the argument is the same). Denote
by T]-R (t) the numbers of random explorations of the arm j before time ¢. Then

P(Q;(t) > Q; + A;/2) = Y P(Q;(t) = Q; + A;/2,Tj(t) = s)
=Y P(T;(t) = 5| Q(t) > Q; + A;/2)P(Q;(t) > Q; + A;/2)
s=1
<N UR(T() = 5| Q1) > Q) + Ay /2) e A0,

using that random variables with values in [0, 1] are §—bubgau551an Splitting the sum into the
sum up to |zo] and the rest, using the estimate Y ;° ; e™" < ~e™"* (think of the integrall)
yields the upper bounded

[zo]
. 2 A2,
D OP(Ti(t) = 5] Q;(t) = Q; +4;/2) + Az€ Bileol/2
- J
ol . 2 .
<Y P(T() < o) | Qi(T) > Q5+ A;/2) + FB_AJ' Lrol/2
2 _A2a
= o P(Tf(n) < Lwo]) + oge21m0)/2,
J
where the conditioning could be dropped because the exploration is independent. Using Bienaymé
and mean, variance of Bernoulli random variables yields

t

E[TJR(t)} = %Zas =2r9 and V TR Z (1 - —) 174 Zes

s=1

so that Bernstein’s inequality gives P(T/(t) < |z0]) < e~®0/5 In total we derived the bound

. _ 2 a2
P(Qj(t) = Q; +4A;/2) < |wole ™/ + A€ A lwol/2
J
From the probabilistic point the proof is complete but we have not taking into account the choice
of . It only remains to play around with zy = ﬁ > i, &t to simpilfy the presentation. Recall
the choice of the exploitation rate £; and set n’ = Cd—f. The exploitation rate is constant 1 up to
n’ and then equal to &; = d2 +» hence,
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z/5

Putting everything together yields, x — ze™*/° is decreasing for = > 5, for a suboptimal arm j

and n > n/,

n _ 4 _
P(A; = ) < 22+ 2mo)e” 201/% 4 e ileols2
J
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O

We are not going to discuss further the e-greedy algorithm. It turns out that that the dependence
on the parameters K, A,, C is horribly bad compared to the UCB algorithm that is discussed
next. Still, it is important to keep the previous algorithm in mind as e-greedy algorithms are
used frequently in reinforcement learning.

UCB algorithm - optimism in the face of uncertainty

The UCB algorithm (upper confidence bound algorithm) is usually not considered as a version
of the greedy algorithm but more a further development of explore-then-commit. UCB follows
similar ideas that involve concentration inequalities but with more thoughts. Still, since UCB
can also be seen as greedy with an additional exploration bonus we prefer to interprete UCB
as an extension of greedy. Here is the main idea, optimism in the face of uncertainty. The
principle suggests to be more optimistic, more curious, in situations that are less certain. For
instance, trying more new dishes when travelling unknown regions of the world. In the context
of bandits the principle states to add an exploration bonus for less good estimated action values.
In the context of estimations involving the approximate action values Q one should thus add
an exploration bonus that decreases with T, because the uncertainty in the estimate Q, ~ Q,
decreases as T, increases. In fact, the estimated empirical variance should also play a role but
for the simple UCB algorithm this is ignored. Following the principle in the greedy algorithm we
should add an exploration bonus to the estimated action values that decreases as T, increases.
The bonus should be something of the kind

Qu(t) +

Ta(t)
The choice of the exact exploration bonus is critical. For later purposes one typically uses the
00 :To(t) =0

A 1
UCB(t,6) = { Qu(t) + 2‘;?((;/5)
greedy ————

exploration bonus

:To(t) #0 .

The exploration bonus is motivated by concentration inequalities, this is the upper bound of
confidence intervals for sums of iid random variables, justifying the name UCB. More precisely,
for 1-subgaussian random variablies with mean @, plugging-into Hoeffdings inequality 1.3.5 yields

. 2log(1/8) 2
P(;;Xk2Q+ 210g(1/5)) Sexp("(”)) = . (1.5)

n 2

Thus, the UCB exploration gives a simple control of the overestimation probabilities and with it
the exploration caused by the optimism principle. The parameter § can be chosen and it turns
out later that § = # is a good choice of the time-horizon is fixed and known. Instead of writing
down the algorithm to run the bandit we could also write down the learning strategy explicitly:

me(a; ar, x1, ..., x¢) = argmax, UCB,(t — 1, 9)



1.3. ALGORITHMS: THE EXPLORATION-EXPLOITATION TRADE-OFF 21

Data: bandit model v, § € (0,1), n, vector Q
Result: actions Aq, ..., A,, and rewards X1, ..., X,,
Initialise T, = 0 for all a;
while t <n do
Ay = argmax, UCB,(t — 1,9);
Obtain reward X; by playing arm Ay;
Set T, =Ta, +1;
Set QAt (t) = QAt (t) + ﬁ(Xt - QAt (t))a
end
Algorithm 4: UCB algorithms with parameter &

with the dependence Q,(t) = %(t) S Tklay—q and Ty(t) = Y5 _; 1a,—a of the past. Note
that the initialisation UCB(0, §) = +oo forces the algorithm to explore every arm at least once,
a condition that reasonable algorithms should fulfill.

Theorem 1.3.8. Suppose v is a bandit model with 1-subgaussian arms, n € N,
8 = L. Then the UCB algorithms initialised with @ = 0 has the following regret

n2’

upper bound:

Ro(m) <33 Aq+1610g(n) Y Ai.

a€A a:Qa#Qx @

Simulations show that the simple UCB algorithms performs very well on most examples. In
contrast to the optimal version of ETC (cheating by using reward gaps) there is no need to use
reward gaps.

Proof. We will assume without loss of generality that a. = a; and estimate the expected times a
suboptimal arm a will be played. Since ¢ is fixed as # we skip the ¢ from UCB(t,d). Combined
with the regret decomposition Lemma 1.2.8 this will give the upper bound on the regret.

Here is the idea of the analysis. Using the regret decomposition it suffices to estimate
E[T,(n)]. A bit similarly to the analysis of ETC we decompose

E[Ta(n)] = E[Ta(n)1m,,] + E[Ta(n)1mg, ],

where the events H,, should be {arm « is played at most m times}. In that case
we can estimate

E[T,(n)] < mP(H,,) + nP(HS,) (1.6)

since T, (n) can be at most n. If now the probability can be estimated then one can
optimise over m. The proof is a bit more delicate, we cannot compute H,,. Instead
we use smaller events G,,, C H,, for which the probabilities can be computed. The
decomposition (1.6) works equally but the way the G, are defined their probabilities
can be estimated using the independence of all rewards.

The estimates are based on Hoeffding’s inequality for sums of iid random variables. This is why
we use the random stack construction of the bandit process (A, X). For that sake recall the table

{X,f(a)}tgmaeA of independent random variables with Xt(a) ~ P,. Using

A L ()
Qg):gZXka
k=s
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this means that Qq(t) = QY if To(t) = s. From now on we fix arm a and estimate E[T,(n)].
Define Gm = G1 N Gg,m with

Gi={w:Qq, < rtréin UCB,, (t)(w)},

Gam = {w : ng)(w) + 21%(1/6) < Qal},

with a natural number m to be specified later. Thus, G,, is the event when @Q,, is never
underestimated by the upper confidence bound of the first arm, while at the same time the upper
confidence bound for the mean of arm a after m observations are taken from this arm is below
the action value of the optimal arm. In what follows we will estimate the probability of G,, and
show that G,, C H,, with H,, from above. Let us start with the latter and prove that

if w € Gy, then T, (n)(w) < m. (1.7)

First in words: If w € G2 ,,, and w € G then the UCB value for the mth round of playing arm a
is smaller than that for playing arm a1 (because one is smaller, the other bigger than Q,,). Thus,
arm ¢ is not played more than m times. Now more formally. Suppose w € G, but T, (n)(w) > m
holds. Then there must be some time index ¢t < n with T, (¢t — 1)(w) = m and A;(w) = a. Using
the definitions of G, G4 2, and UCB yields

UCB,(t = 1)(w) = Qult — 1)(w) + m
:Qﬁ‘i)(w)+ w
Ga,2
< Qq

C UCB,, (t - D)),

a contradiction to a = A;(w) = argmax, UCB,(t — 1). Hence, (1.7) holds.

We now follow the idea sketched above. Since T,(n) is trivially bounded by n the following key
estimate holds:

E[T.(n)] = E[T.(n)lq,, | + E[T.(n)1ge | <m+n(P(GS) +P(G5,,)). (1.8)

It now suffices to estimate separately both summands on the right hand side of (1.8). First, it
holds that

P(GY) =

> UCB, (t) for some t < n)

P(Qa,
Z Qur — /210g 2log(1/6) > 0.(a
s<n

Hoeffdln Z
t<n

IA

Next, we chose m which so far was left unspecified. Let us chose m large enough so that

[210g( 1/5 N
5 a (19)
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holds, for instance m = [2105722/6)—‘. Then
4" a

P(G5,m) = P(Q) + Lgﬁ/ V> Qu,)
21og(1/5))

—P(Q% ~ Qu=Au-

2 P(QS;? > Qa + %Aa)

Hoeiding mA?x
B e (- ).
Combining the above yields
mA2
E[T.(n)] §m+n(n5+exp(— 3 )) (1.10)

It remains to plug-in. Using § = % yields

- Pbg(nﬂ 1 16log(n)

Az Az
so that
161
Elo(n)] <m+1+nn?<m+2< 3+%(n)
Combined with the regret decomposition the claim follows. R

The previous bound is logarithmic in n with inverse reward gaps. While the dependency in n is
very good the inverse reward gaps can be arbitrarily large if the second best arm is close to the
best arm. Estimating slightly differently in the final step of the proof we can derive a different
upper bound which is less favorable in the dependency of n but more favorable in term of the
reward gap (which of course is a priori unknown).

Theorem 1.3.9. Suppose v is a bandit model with 1-subgaussian arms, n € N|
and § = n—lfz Then the UCB algorithms also has the alternative regret upper bound

R, (r) < 8y/Knlog(n) +3 > A,.

acA

The term ), . 4 A, appearing in both bounds is very natural as every reasonable algorithm
plays each arm at least once and thus, by the regret decomposition lemma, gives D . 4 A4 In
many examples the sum of the reward gaps can be bounded. If for instance all arms are Bernoulli
distributed, then the sum can be replaced by k& and be neglected as it will be dominated by the
first summand. More interesting is the first summand for which one can decide to emphasie
more the dependence on n or the regret gap.

Proof. The proof of the regret bound given above revealed that E[T,(n)] < 3 + %%("). The
idea of the proof is as follows. From the regret decomposition we know that small reward gaps
should not pose problems as they appear multiplicatively. Separating the arms by a threshold
into those with small and those with large reward gaps we only use the estimate for the ones

Lecture 4



24 CHAPTER 1. STOCHASTIC BANDITS

with large reward gaps and then minimise over the threshold. Persuing this way leads to

= Z ALE[T,(n

acA

= Y AETLM+ D AE[T.(n)]

a€A: A <A a€A:AL>A

16log(n)
<nA+ A3+ —=—
aeAZA: >A ( Aa )

<nA 4 16K10g 3ZA
acA

Since A can be chosen arbitrarily it suffices to minimise the righthand side as a function in A.
The minimum can be found easily by differentiation in A to be located at A = /16K log(n)/n.
Plugging-in yields

) < 8y/Knlog(n) + 3 Z A,

acA

,€ For o-subgaussian bandit models the UCB exploration bonus is modified as
00 :T,(t) =0

UCBA(®) = § Qult)+ %‘g”) L To(t) £0.

greedy |

exploration bonus
Check that the regret bound in Theorem 1.3.8 changes to
1
R,(m) <3 Z A, + 1602 log(n) Z A
ac€A a:Qa#Qx

and this leads to
) < 8o/ Knlog(n) + 3 Z A,
acA
in Theorem 1.3.9. Thus, for Bernoulli bandits the exploration bonus should be

1
4;?%5;}) and, as you should check in simulations (!) the constant 1 is crucial for a

good performance.

The idea of the last proof is very important. The model based regret bounds are often com-
pletely useless as they emphasise too strongly small reward gaps which by means of the regret
decomposition should not be important at all. To get a better feeling please think a moment
about the following exercise:

; Recall (1.2), the upper bound for ETC in the case of two arms. Use the idea from
the proof of Theorem 1.3.9 to derive the following upper bound of the ETC regret:

R, (m) < A+Cy/n,

for some model-free constant C' (for instance C' = 8 + %) so that, in particular,
R, (7) <1+ Cy/n for all bandit models with regret bound A <1 (for instance for
Bernoulli bandits).



1.3. ALGORITHMS: THE EXPLORATION-EXPLOITATION TRADE-OFF 25

It is very crucial to compare the constants appearing in the regret bounds. As mathematicians
we tend to overestimate the importance of n and always think of n — oo (as we did in the
formulation of Theorem 1.3.7). Keeping in mind logarithmic growth one quickly realises the
importance of constants. As an example log(1.000.000) =~ 13 so that a constant VK or even
worse 1/A can be much more interesting. As an example the constants (5 and 1/A appears
even squared) in the regret bound of explore-then-¢ greedy are extremely bad even though the
logarithm in n is right order.

& UCB is typically used as benchmark algorithm to compare other bandit algorithms.
The reason is that UCB is simple to state, simple to analyse, and also pretty
close to optimal both in the model-based and model-independent regret bounds.
Authors typically compare their bounds with the growth in n (typically logarithmic
model-based and square-root model-independent), the appearing generic constants
(such as 8 in UCB), and how the reward bounds enter the regret upper bounds.

Comparing with the Lai-Robbins lower bounds for subgaussian bandit algorithms shows that the
UCB algorithm is pretty close to optimal. There are more refined versions of the simple UCB
algorithm presented above, such as the MOOS algorithm. What changes are different choices for
additional exploitation. For further reading we refer to the wonderful book ,,Bandit Algorithms*
of Tor Lattimore and Csaba Szepesvari which is available online for free.

1.3.3 Boltzmann exploration

In this section we present a method that connects greedy exploration and the UCB algorithm in
a surprising way. Before explaining the algorithm the concept of softmax distributions is needed.

Definition 1.3.10. Suppose z,0 € R% then z defines a discrete distribution
SM(#, z) on finite sets with d elements with probability weights

eekxk
Pri= =y k=1,..,d.
S et
=i

The weights are called Boltzmann weights of the vector x.

Typically, all 6; are equal, in which case 6 is called inverse temperature. The origin of such
distributions lies in statistical physics. The softmax distributions is a so-called catagorial distri-
bution, written Categorial(ps, ..., pq) which is also called a multinoulli or generalised Bernoulli
distribution with probabilities p1, ..., pq. For us, the following idea is much more important. If
all 05, are non-negative then sampling from SM(6, x) is somewhat similar to the deterministic
distribution M, that only charges mass on the index argmax,xz) because SM(0,x) assigns the
highest probabilities to the coordinate with largest value z;. But unlike the deterministic
maximum distribution the softmax distribution only weights stronger the maximal element than
the smaller elements. The role of 6 is important: for large # the softmax resembles the argmax
distribution while for small 6 the distribution resembles the uniform distribution on {1, ..., d}.

Replacing sampling from the (deterministic) argmax distribution in the greedy algorithm yields
the Boltzmann exploration algorithm. In contrast to the greedy algorithm there is continuous
exploration as all arms have positive probabilities. It is quite obvious that the choice of 4 is
crucial as the algorithm resembles two unfavorable algorithms with linear regret, both for small
and large § (uniform and greedy exploration). In fact®, both constant and decreasing choices of
0 are unfavorible. To guess a better choice for 8 we need the following surprising lemma:

3N. Cesa-Bianchi, C. Gentile, G. Lugosi, G. Neu: Boltzmann exploration done right, NeuRIPS, (2017)
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Data: bandit model v, vector Q7 parameter 6
Result: actions Aq, ..., A, and rewards X1, ..., X,
Initialise T, = 0 for all a;
while t <n do
Sample A; from SM(0, Q),
Obtain reward X; by playing arm Ay;
Set Ta, =Ta, +1;
Set Qa, = Qa, + T%‘t(Xt —Qa,);
end
Algorithm 5: Simple Boltzmann exploration

f Lemma 1.3.11. Let 2,6 € R?, then

SM(6, x) @ argmax; {0per + gr},

where g1, ..., gq are iid Gumbel random variables with scale 1 and mode 0, i.e. have

probability density function f(z) = e=@+¢") or CDF F(t) = e~ ¢ .

Proof. Reformulated right the proof is quite simple. We first prove very well-known statement
from elementary probability theory on exponential random variables. Suppose E7, Fo are
independent exponential random variables with parameters A1, Aa. Then P(E; < Fy) = M

SEPTE
This is a simple integration exercise: with A = {0 < x; < 25} € B(R?) the computation rules for

vectors of independent random variables yields
P(E; < Ep) = E[lA(El,EQ)]
:/ J(B, By (w1, 22) d(21, 22)
A

o0 T2
= / / )\167)\1931)\267)\212 dIl dIEQ
0 0

e 1
= )\1/\2/ e~ r2e2 —(1 — ef)‘””) das
0 A1

=\ /00 (e—/\zﬁﬁz _ e—(/\1+>\2)962) das
0

A2 AL

:]_— == .
M+ A+

Next, we can compute the argmin distribution of independent exponential variables. Sup-
pose E1, ..., E, are independent exponential random variables with parameters A1, ..., A, then

P(argmin, ., E; = i) = @)\7)‘ The identity is a direct consequence from the above:
- i ki R
]P’(argminjEi = z) = ]P’(Ei < Ek,Vk) =P(E; <FE)= #,
)\i + Zk;ﬁl )\k
where F := mingy; F), is independent of F; and exponentially distributed with parameter

Dok £i Ai. Here recall from elementary probability that the minimum of independent exponentials
is again exponential and the parameter is the sum of the parameters. The second ingredient is a
connection between exponential and Gumbel variables. If X ~ Exp(1), then Z := —log(X) is
Gumbel with scale parameter 5 =1 and mode p = 0. The claim is checked by computing the
cummulative distribution function:

—t

PZ<t)=P(X>e ) =e° , tcR.
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As a consequence, with ¢ Gumbel with scale 8 = 1 and mode p = 0 and E) ~ Exp(\), we obtain
the identity in law

c+ g~ —log(e ) —log(E1) = —log(e “Ey) ~ —log(Eee).

For the last equality in law we have also used the scaling property of the exponential distribution.
If g1, ..., gx are iid Gumbel with scale § = 1 and mode pu = 0 we finally obtain

P(argmax;, (0rz, + gi) = i) = P(argmax;, — log(E,o.c, ) = 1)
= P(argminkEesm = z)
6‘91.131'

B Doy elne
In other words, the Gumbel argmax is distributed according to SM(6, x). O

Using the lemma the Boltzmann algorithm can now be interpreted differently: arms are chosen
according to the distribution

Ay ~ argmaxa{GQa(t -1+ ga} = argmaxa{Qa(t —1)+ %},

where the g, are iid Gumbel and independent of Q Does this look familiar? Of course, this is
the greedy strategy with an additional random exploration bonus as we have seen in the UCB
algorithm. Since typical values of g are around 1, motivated by the UCB algorithm a first idea
T
idea. In fact, that’s true as was shown in the article of Cesa-Bianci et al. We will not go into
detail here. The aim of this section was to link the Boltzmann explortation with greedy-type
algorithms. Here is an interesting research question to think about. Let us forget that UCB-type
exploration with Gumbel random exploration bonus is linked to the rather natural exploitation
strategy given by Boltzmann softmax weights. It is then very natural to replace the Gumbel
distribution by some other distribution. It seems most plausible that non-negative distributions
should be more reasonable as a negative value turns the exploration bonus into an exploration
malus which was never intended.

should immediately come to mind: 6~! should be arm-dependent and might be a good

Ig Use the simulation code provided for the exercises to play with different distributions
and see if replacing the Gumbel distribution can be favorable. Chosing distributions
that concentrate around 1 (Dirac measure at 1 gives UCB) might be reasonsble, such
as a Gamma distribution with shaper parameter larger than 1 and scale parameter
that forces expectation 1.

1.3.4 Simple policy gradient for stochastic bandits

We now come to a completely different approach, the so-called policy gradient approach. The
approach presented here is not really part of the research field of multiarmed bandits but is a
very simple special case of which will later be called policy gradient method for reinforcement
learning. We use the softmax policy gradient method to connect the topic of multiarmed bandits
with reinforcement learning that will be started in the next lecture. For that sake, here is a new
way of thinking of bandits. The bandit game is a one-step game, the game of chosing one of the
K arms and obtaining the corresponding outcome.

|!!j Definition 1.3.12. A probability distribution 7 on A is called a policy for the
bandit game, the expected reward V(7) := Qr := Y, 4 Qa7(a) when playing the
policy is called the value of the policy.

Lecture 5
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Keep in mind that since A is assumed to be finite a distribution on A is nothing but a probability
vector, a vector of non-negative numbers that sums up to 1. A vector (0, ...,1,...0) with 1 for the
ath arm (position) corresponds to playing only arm a and in this case Qr = Q.. A policy is
optimal if the expected outcome @), is maximal, i.e. equals Q.. If there are several optimal arms,
i.e. arms satisfying @), = @4, then any policy is optimal that has mass only on optimal arms.

The goal in reinforcement learning is similar to that of multiarmed bandits, but
different. In reinforcement learning we are typically concerned with finding the best
(at least very good) policy (here: in the bandit game the best arm) as quickly as
possible. In reinforcement learing we are not aiming to minimise regret. Essentially,
we do not care if very bad arms are played as long as the best arm is found quickly.
A learning strategy is used to find the optimal policy.

One of the reasons for this different point of view is the field of applications. While one of the
main motivations for the multiarmed bandit stems from medicine where every single life counts a
major field of applications that pushed the development of reinforcment is automated learning of
optimal strategies in gaming or online advertisement where obviously the impact of suboptimal
attempts is much less severe.

In this section we start with a simple approach to policy search. A set of possible policies is
defined and then a learning strategy tries to find the best among these policies.

l!'J Definition 1.3.13. If © C R?, then a set {my : € O} of probability distributions
on A is called a parametrised family of policies.

The policy gradient idea is as follows: given a parametrised policy over a continuous index set
we aim to maximise the value function J over the parameter set:

0 J(0) = Qr, = > _ m(a)Qa-

acA

The value function J is nothing but a multidimensional function, hence, maximisation algorithms
can be used. If the parametric family can approximate Dirac-measures §, then one could hope
to identify the optimal arm using an optimisation procedure. So how can we find the optimal
arm with policy gradient? By typical optimization methods from lectures on numerical analysis.
One example is the classical gradient ascent method:

Oni1 =0, +aVJ(l,), necN.

Under suitable assumptions on J (such as convexity) that algorithm converges to a maximum 6,
of J. Unfortunately, that approach has diverse difficulties which are topcis of ongoing research:

1. Given a bandit model, what is a good parametric family of policies?

2. If J is unknown (because the expectations @, are unknown) how can gradient descent be
carried out (most efficiently)?

3. Even if the function J would be known explicitly, will the gradient ascent algorithm
converge to an optimal policy? How fast?

In this first section on the policy gradient method we will address the first two issues by a
discussion of one particular parametrised family and a sketch of what later will be discussed in
details in the chapter on the policy gradient method. The third question is widely open with
some recent progress?. We will start with the second issue on how to deal with the gradient of
J if J is unknown but samples can be generated. The trick that will occur a few times in this
lecture course is the so-called log-trick, here in its simplest form:

4see for instance A. Agarwal, S. Kakade, J. Lee, G. Mahajan: ,,On the Theory of Policy Gradient Methods:
Optimality, Approximation, and Distribution Shift“, JMLR, 1-76, (2021)
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The following short computation is typically called log-trick (or score-function trick):

VJ(0) =V Y Qumo(a)

acA

=Y QaVry(a)

acA
= Z Q.V log(mg(a))me(a)
acA
=Er, [QaV log(mg(A))]
= Eqr, [XaVlog(mg(A))],

] (a)
mo(a

~—

where the last equality follows from the tower-property and E[X4|A] = Q4 for
instance by using X; = > 4 Xt(a)lAt:a the random table model from the proof of
Theorem 1.2.4. Note that whenever we take the expectation of a vector of random
variables (the gradient is a vector) the expectation is taken coordinate wise.

Now that the gradient is expressed as the expectation of a random vector the idea is to replace
in the gradient ascent algorithm the true gradient by samples of the underyling random variable.
Either by one sample

Opyr =0, + aXa, Viog(ms (An)), neN, (1.11)

or by a so-called batch of independent samples:

N
7] 7] 1 i i
Oni1 =0, + anr E Xy Vlog(mg, (43,)), néeN, (1.12)

i=1

where the A? are independently sampled according to 7y, and the X%, are independent samples

from the arms A?. The sequence of g, of policies obtained from gradient is a learning strategy
that hopefully approximates the optimal policy.

Definition 1.3.14. The appearing function (a,f) — Vlogmy(a) is called the
score-function of my.

Of course the algorithm is most useful if the score-function is nice so that the gradient dissapears.
Here is the most prominent example:

Example 1.3.15. Suppose d = |.A|, so that there is a parameter 6, for each arm a. Furthermore,
define

60‘1

mg(a) = 721664 o

Then the family {7y : € R?} is called the tabular softmax family. The softmax family is huge
(way too big to be used in practice) and rich enough to approximate all optimal policies. Indeed,
if an arm a is optimal, then the parameter 6, needs to be sent to +00. The score-function is
easily computed to be

0.

(Vlogﬂ'g(a))i =14—; — (Vlog ( Z 60‘1))4 =14—; — ﬁ;eea =1, — me(i).

K3
acA
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Plugging-into (1.11) yields the updates (now written component wise)

O1,n+1 = 01, — aX;me(1),

Oint1 = i + aX;(1 —ma(i)),

Odgnt1 = 0an — aX;me(d)

if N=1, A, =1, and X; is a sample of arm ¢. Here is the first explanation why reinforcment
learning is called reinforcement learning. Remember that the 6, are indirect parametrisations of
the probabilities to play arm a. If at time n the policy current policy decides to play arm ¢ then
the probabilities are reinforced as follows. If the reward obtained by playing arm ¢ is positive,
let’s interprete the positive reward as positive feedback, then the probability to play arm i is
increased and all other probabilities are decreased. Similarly, if the feedback from playing arm 4
is negative, then the probability to do so in the next round is decreased and all other probabilities
are increased. But how about the situation in which all rewards are positive? How do we learn
to distinguish good and bad arms? It would be much easier if bad arms have negative rewards
leading to a reduction of likelihood in the softmax update. In that situation the actor only
learns indirectly. The actor only learns an arm is bad by playing good arms which reduces the
likelihood to play the bad arms. It would be much more effective to learn directly that bad arms
are bad. One might think about the mensa food. If a dish is bad we can learn it is bad by trying
it. If all dishes are good and a few are pretty good we can only learn a dish is relatively bad by
eating better food.

Input: bandit model v, step-size parameter «
for t > 0 do
Sample an action a; ~ mp, (-) and observe reward
Xt ~ Pat
for each action a do
if a = a; then
O111(a) < (a) + aXi(1 — 7o, (a))
else
9t+1(a) — Gt(a) — CkXt’]Tgt (a)
end if
end for
end for
Algorithm 6: Softmax policy gradient for bandits (without baselines)

Another way of seeing the same problem is to think about committal behavior. Suppose for
instance that the starting vector is #p = 0 and all arms return positive values (for instance
Bernoulli bandits). Then the first arm is chosen uniformly as mp, is uniform on A. If the first
chosen arm, say a, yields a positive return then the the updated parameter vector 6; only has
one positive entry, namely the ath entry. Hence, for the second update the ath arm is most
likely to be chosen again. A way to reduce committal behavior is to substract a baseline that is
supposed to help distinguish good and bad arms®.

Here is another representation for the gradient:
VJ(0) =E, [(Xa —b)Viog(mg(A))],

where b is any constant. The reason is simply that, using the same computation as

5W. Chung, V. Thomas, M. Machado, N. Le Roux: ,Beyond Variance Reduction: Understanding the True
Impact of Baselines on Policy Optimization“, ICML, (2021)
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Er, [bV log(mg(A))] = b Y  Vlog(mg(a))me(a)
acA

71'9((1
=b VT(@(CL)
(; mo(a
=bvV Z mo(a)
acA
=bV1 =0.

~—

~—

It is important to realise that b can be chosen arbitrary without changing the
gradient and as such not changing the gradient ascent algorithm

Ont1:=0, +aVJ(l), neN.

Still, it drastically changes the stochastic version (here for the softmax parametrisa-
tion)

éi,n+1 = ~i,n + Oé(XAn — b)(]-An:i —Tg, (’L)), neN,i e .A,

as now the effect of committal behavior can be reduced drastically. An important
question is what baseline to choose so that the algorithm is speed up the most.
Usually people choose b to minimise the variance of the estimator of VJ, but on
the pathwise level this choice is not optimal. Thinking about the pathwise behavior
it would be more reasonable to use b = V(my) as it turns rewards negatives if the
arm returns less then expectation. Unfortunately, this b is unknown and should be
estimated again. Later we will call such algorithms actor-critic.

Even though not optimal on a pathwise level it can be instructive to compute the minimum
variance baseline for every step of the policy gradient scheme. Intuitively that makes sense as
variance in the gradient approximations leads to wrong update directions and thus slows down
the convergence.

I€ The variance of a random vector X is defined by to be V[ X] = E[|| X 2||] -E[X]TE[X].
Show by differentiation that

By [Xa[|V log mo(A)|[3]
Ero ||V log ma (A)]13]

b. =

is the baseline that minimises the variance of the unbiased estimators
(XA—b)VIOg(Trg(A)), AN7T'9,

of J(0).

To finish the discussion we might wish to estimate the regret R, () of a learning strategy (7, )n>1.
In fact, almost nothing is known, only some rough estimates for the softmax parametrisation can
be found in the literature. Give it a try!

1.4 Lower bounds for stochastic bandits
In the previous sections we have discussed a number of explicit algorithms to learn the optimal

arm of a bandit model. For reward distributions with very small tails (such as Gaussian or even
bounded) we derived log(n) and \/n type estimates for the regret. In this section we derive lower
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bounds using estimates from classical statistics (essentiallly hypothesis testing).

1.4.1 A bit on relative entropy

Let us first recall some notion from probability theory. Suppose P and @) are probability measures
on some probability space (€2,.4). One says P < @, P is dominated by @ or P is absolutely
continuous with respect to @, if P(A) implies Q(A) for all A € A. The Radon-Nykodym
theorem states that in that situation there is a non-negative measurable mapping f such that
QA= 4 JdP. While it is not too hard to show the domination property computing densities
might be a complicated matter.

l!'J Definition 1.4.1. (Relative Entropie or Kullback-Leibler divergence)
Suppose P and @ are probability measures on a probability space (€2, F). Then

D(P.Q) = Jlog(45)dP :if P<Q
’ ] : otherwise

is called relative entropie (or KL-divergence) of P with respect to Q.

The expression divergence refers to a non-negative mapping on the cartesian product with
properties similar (but weaker) than a metric. For instance, the KL divergence is not symmetric
and does not satisfy the triangle inequality. Nonetheless, the KL-divergence is meant to measure
in a way the difference of the measures. It is non-negative and zero if and only if P = Q). There
is a lot of information theretic meaning hidden in the definition, we will use the divergence for
hypotheses testing. The assumption of absolute continuity is nothing but saying the integral is
well-defined. Most importantly, if both measures are absolutely continuous, then they are clearly
absolutely continuous and the Radon-Nykodym deriviative is the ratio of the densities.

;’ Lemma 1.4.2. Suppose P < Q < v, then _STQ:%‘

o
!

Solving the equation yields g—g = 4% but one should be a bit careful with division by zero. There

&
e‘@~

is no big problem as {% = 0} is a Q-zero set and thus also a P zero set. Since densities are
dP

only unique up to nullsets one typically just modifies gQ =1 49

%\@

Proof.

dPdQ |
rB) = [ Lag= /dQ -

Note that there is no problem with the denomination as P < @) implies that zeros of ¢ are also
zeros of p (except on a @Q-zero set). O

The lemma shows how to compute densities % if one can compute densities with respect to the
same dominating measure.

There are two important examples to which the lemma is usually applied. Two
discrete (dominating measures the counting measure) or two absolutely continu-
ous measures (dominating measure the Lebesgue measure). For two absolutely
continuous measures P and @) with positive densities p and ¢ the formula yields

%(x) = %. For discrete measures on ay, ...,ay the formula yields @(ak) = 2:

The formulas can be used to compute relative entropies for two discrete (resp. absolutely
continuous) measures. Let’s check two particularly important examples, discrete Bernoulli
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variables and Gaussian random variables. If P ~ Ber(p) and Q ~ Ber(q) with p,q € (0,1), then

a1 (3 012

because both are absolutely continuous with respect to the counting measures on {0,1}. If
P ~ N(u1,0?) and Q ~ N (pa,0?), then, using that both are absolutely continuous with respect
to the Lebesgues measure,

d(P,Q) =

1
\/27‘(‘0‘2 / (_ 20'2 - 20'2
NG ul) 1 _ (z;u;) -2 da

1
— de + —— /e -
Y, 27r02 / o2 @l = piz) V2mo? Jr 20’2
1 2 _ 2
=— (ul(m — pg) + 2 /h)

_ (N2 - /~41)2
202

20 X

(r—m)? (a- /m?) SN

There is also a sufficiently handy formula for the relative entropy of two general Gaussian vectors.
We will later see how to compute relative entropies for bandit processes using absolute continuity
with respect to the uniform path measure.

Here is the key application of KL-divergence needed for our purposes:

Theorem 1.4.3. (Bretagnolle-Huber)
Suppose P and @ are probability measures on a probability space (2, F). Then

P(A) + Q(A°) > %exp(—D(P,Q)), VA€ F.

Usually the Bretagnolle-Huber inequality is stated in terms of bounding the total-variation
distance of two probability measures. The version we state here is a direct consequence of the
total-variation version.

Proof. Let us denote a A b= min{a, b} and a Vb = max{a,b}. We set v = P + @ and denote by
p und ¢ the densities of P and @ with respect to v. Those exist as clearly P < v and @ < v.
According to the remark above it follows that

D(P,Q) = /Qlog <§EZ§) P(dw). (1.13)

Next, we show that

/(p Aq)dv > %exp(—D(P, Q)). (1.14)

Since {w: ¢(w) = 0} is a Q-zero set it follows that

exp(—D(P,Q)) = exp <— /{q>0} log (q) dP)

o]y (2) )
"2 e (oo [ L)
<o e f )
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()

- ([ voraavpa)

ey el ( / (pAq) dv) ( / (pVa) dv)
<9 </(p/\Q)dU> :

For the final step we used that pAg+pVg=p+gso that [(pVg)dv=2— [(pAg)dv <2.
This proves (1.14). Finally, using

/(p/\q)dv:/A(p/\q) dv—i—/AC(p/\q) dv < P(A) + Q(A%).

<p <q
the claim follows. O

Here is an interesting example that explains the importance for hypothesis testing. Suppose we
are given an observation and know it is Gaussian with a given variance ¢2. What is unknown
is the mean, it might be 0 or A. Now we want to give a rule on how to determine if 0 or A
was the mean underlying the observation. How good can such a rule be? A rule consists of a
measurable set A C R, if the observation falls in A the rule predicts p = 0, otherwise p = A.
Denote P ~ N(A,0?) and Q ~ N(0,0%). Then the error made if the underlying distribution is
P is P(A), Q(A°) if the true distribution is ). Now the Bretagnolle-Huber inequality yields

A2
202"

P(4) +Q(A%) > L exp(~D(P, Q) = g exp(~5 5.)

If for instance A% < o2 (signal (expectation) to noise (variance) ratio is small), then the
righthand side is larger than -3 implying that max{P(A),Q(A°)} > %. What does it mean?
Either false-positive or false-negative must occur with at least probability % if only one sample
is used.

1.4.2 Mini-Max lower bounds (model-dependent)

Definition 1.4.4. If £ = {’U(i)}ie] is a family of stochastic bandit models, then

Ry(€) = infsup Ry (r, 0)

T weg

is called the minimax-regret of &.

Minimising the minimax-regrets means finding a learning strategy that performs on all models,
not only a fixed one. The worst possible regret should be small. In order to give a lower bound on
the minimax-regret we will use the Bretagnolle-Huber inequality. To get the inequality working
in the context of bandits the following lemma is neeeded:

ﬁ Lemma 1.4.5. (Entropie-decomposition)
Let k the number of arms and v = {Py,..., Py}, v/ = {P],..., P,} the reward
distributions of two k-armed bandits. Furthermore, let w a learning strategy and
P and P’ the probability distributions on (R x {1,...,k})™, that describe the
n-step bandit process for the two models under the learning strategy 7. In this
notation R describes the reward and A = {1,...,k} the arms. Then the following
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f’ decomposition holds:

D(P,,P.) ZE D(P,,P.).
acA

Proof. For simplicity let us first assume the bandit model is discrete, i.e. the reward distributions
P, are discrete (absolutely continuous with respect to a counting measure \). The main
observation is that the law of the bandit process for a given policy 7 is absolutely continuous
with respect to counting measure on the finite set of action-reward paths taking values in the
support of P,. The counting measure on paths is (p ® A\)®", where p is the counting measure
on {1,..., K}. Keep in mind, we are only talking about discrete measures which are absolutely
continuous with respect to the counting measure of the underlying set and the density is giving
by the singleton probabilities. Hence,

P.(A) = /Ap(al,xh ey, ) (p @ N O (d(ay, 1, ey G, )
with the density being the singleton probabilities A = {(a1, 1, ..., an, x,)} of paths:
plar, @1, .., Gn, Ty) = Hﬂt({at}; a1, %1, ... at—1,Tt—1) Po,({2¢})
Similarly, P/ has density
p(a1, 1, ..., Tp) = ﬁm({at} a1, T, a1, 1) Py ({24})

with respect to (p®A\)®". Now we are in the situation that both measures P and P’ are absolutely
continuous to the same domination measure. Hence, the density of P with respect to P’ is

dP Iy me{aets av @, cae1, me1) Poy () TTieq Pa,({@e})
(al,xl,...,an,zn)— n - n
dPy IIim m({ae}; ar, 21, a1, me1) Py, ({2e}) Ty Pi,({4})

Plugging-into the definition of relative entropy yields

oo = E=[los (1T ({5

Ay

= Z]E7r [log ( tE}it}

I
ﬁ
=
—_—
}
p
-
<)
o]
~
”U’U
22
><E<
Iz
N—

using that P(X, € B | A, = a) = P,(B).

If all arms are absolutely continuous the same argument works chosing A to be Lebesgues measure
replacing P, by the densities p, of P,. O

Here is the main theorem, a minimax-regret bound for Gaussian rewards.
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Theorem 1.4.6. Let £* the family of all k-armed bandits with Gaussian rewards
unit variance and expectations p1, ..., pg € [0,1]. Then

R, (€ 2 (k= 1)n

1
27
holds for all n > k.

Proof of Theorem 1.4.6. Every model is described by an expectation vector p = (1, ..., ug) €
[0,1]*. We show that for all n > k — 1 and every learning strategy 7 there is an expectation
vector u with

R, (m,v,) > (k—1)n.

1
27
Let A € [0, 1] arbitrary and set u = p(A) = (A,0,...,0). Next, let a = argmin, < By, ~[T;(n)]

the arm which is played the least under learning strategy = on the bandit model v,,. Furthermore,
define

ath position

To safe some notation we write P and P’ for the laws of the bandit processes playing both policy
7 but on the different bandit models ¢ and p’. In what follows we show that

ming Ry (7, 0,), R (m,00)} > 5=1/(k = D)

27

for a suitably chosen A. Thus, there is (at least) one bandit model with regret lower bound
771/ (k — 1)n. To do so, we start with a first computation based on the regret decomposition:

(m,v) ZE
:ZE

i#£1
= A(n —E[T1(n)])
= A(n = E[T1(0) (7, (ny>n/2 + L1y () <ny2)])

Ty (n)<n n n
= A

A(n= (i) > §) - 5 (P(1100) < 3)))

Estimating R, (7, v,/) with the complementary probability is simpler as the bandit model was
chosen in a way to produce regret gaps A when playing arm 1:

(7, v) ZE/ A, > E'[Ty(n)]A > E'[Ty ()11, (ny>2]A > %I@’ (1:m) > 5).
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Combining both and applying Bretagnolle-Huber with A = {T1(n) < 5} yields

Ry (m,v,) + Ry (m,0,0) > %(P (Tl(n) < g) + P (Tl(n) > g))
Thm 1.4.3 pA
> TGXP(—D(R P'))
Pt 12 e (= 3D BT )] D (s 1), N (i, 1) )

=0, except i=a

= "2 e (BT ()]

>nA 2nA?
— eX — .
=7 P\ T

)

6 The final inequality holds because a is the arm with smallest expected number of play, hence,
(k = DE[Ty(n)] < >, E[Ti(n)] = n. Minimising the righthand side over A (or just chosing)

A= 1/% yields

R (m,v,) 4+ Ro(m,00) > V/(k— Dn=e % > —/(k— 1)n.

1.4.3 Asymptotic lower bound (model-dependent)

We next turn towards model-dependent asymptotic bounds. What we try to do is to find lower
bounds (asymptotically in n) for a policy for a fixed model from a certain class of models. For
instance a lower bound of the UCB algorithm for a given sub-Gaussian bandit model. A general
solution is problematic for the following reason. If a policy only plays a fixed arm then the
regret is either 0 or grows linearly depending on that arm to be optimal or not. To rule out such
extremal cases we only consider policies that certainly have sublinear growth in the following
sense:

l!lJ Definition 1.4.7. A policy = is called consistent over a class of bandits £ if for
all u € € and all p > 0 it holds that

lim Bn(m,v)
n—o00 npbP

=0.

An example of a consistent policy over all sub-Gaussian bandits is the policy obtained from the
UCB algorithm. Here is the famous Lai-Robbins theorem on asymptotic lower bounds”:

Theorem 1.4.8. (Lai-Robbins lower bound)
If 7 is a consistent policy for a set £ = M7 X ... x M}, of bandit models, then the
regret for all bandits v = (P, ..., P;) from & satisfies

. R(m) A,
1 f > c* = —
imin > c*(v,€) E i

n—oo log(n) = da

where d, = infprepq, {D(Pa, P') : Qpr > Q. } and @Qp is the expectation of P.

Swarum nicht k statt k — 17
7T.L Lai, H. Robbins: "Asymptotically efficient adaptive allocation rules", Advances in Applied Mathematics,
1985, pp. 4-22
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Lai Robbins actually assumed all M, to be equal and an additional continuity property on the
relative entropies of that class (continuity of the KL-distance as a function of the expectations).
In that case the lower bound looks simpler because d, = D(P,, P.), where P, is the law of the
optimal arm:

. Ra(m) A,
lim inf > Z _—
n—oo log(n) = D(P,, P.)
Here is an example in which a directly computation shows the same. If for instance M, =
2
{N(p,0?) : p € R} for all a then d, = (Qag_if*) = ﬁ—; = D(P,, P,). Thus, if all arms are
Gaussian with variance o2, then the lower bound for UCB is

2
lim inf R > 0—.
I gl * 2 &,

P

Comparing with the UCB upper bound of Theorem 1.3.8, ¢ = 1 this is pretty close. In fact, it is
not too difficult to modify the UCB bonus so that the upper bound matches the lower bound,
thus, the algorithm is asymptotically optimal. The term d, in a way also measures the reward
gap but rather the KL-distance from the optimal arm, not the mean distance.

Proof. Fix a consistent policy and suppose v = (P, ..., P;) € €. Recalling the regret decomposi-
tion it is enough to prove that
E. [T
lim inf 7[ a(n)

>
n—oo log(n) ~

1
dq
holds for all suboptimal arm. Fix such an arm a and fix an € > 0 and define v’ as the bandit
model in which the arm distribution P, is replaced by a distribution P, € M, such that
D(P,,P;) < dy, +¢ and Qp; > Q.. By the definition of the infimum such a bandit model
exists in the class £. Since only one arm differs the entropie decomposition for bandits yields
D(P,P") < E[T,(n)](dg+¢). We next follow an argument that is inspired by the proof of Theorem
1.4.6. First note that

, n n n ,
> — — < = _
Ru(m) + By (1)) = 2 (P(Ta(n) > £) A0 +B(Tu(n) < 5 ) (@1 — Q).
First, from the regret decomposition it clearly holds that

Ro (7)) > AGE[Ta(n)] > AGE[Tu(n) 1z, () om/2] > Aag]P’(Ta(n) > g)

Secondly, note that for v/ the best arm is a as the new arm distribution has a mean strictly
larger than Q.. Hence, if arm a is played less than % times, then all other arms in are platyed at
least 5 times in total. Thus,

R, (r) =) AE[T;(n)]

i#a

> 57(Q, — Q1)
i#a

> > (Q4 = Q)E[Ti(n)1x, (n)<n /2]
i#a

n, ., , n
> E(Qa - Q*)]P) (Ta(n) < 5)
Chosing A = {T,(n) > n/2} we continue with Bretagnolle-Huber:
Ra(m) + Ro(m) 2 5 (B(Tu() > T) A0 + P (Tuln) < 5) (@ - Q.)
5 min{Aa, Q= Q.H(P(A) + P'(4%)
)

> gmin{Aa, Q. — Q.}exp (— E[T,(n)](da +€)).

v

V
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Rearranging and using the consistency property of the policy yields the claim:

log (n min{Aa,Q'an*} )

lim inf E[Ta(n) > lim in A8 () + R ()
n—oo log(n) dg +€ n—oo log(n)
/
z ! (1 — lim sup log(F2n () + R”(W))) = 1 )
dy +¢ n—oo log(n) dy +¢

For the last equality we used that, for n large enough, R, () < CnP and R],(7) < C'nP so that

! P P
0 < lim sup log(Rn () + R, (7)) < lim sup log(CnP 4 C'n?) — limsup log(C) + plog(n) _)

n—o0 log(n) n—oc log(n) n—oo log(n)

Since p can be chosen arbitrarily close to 0 the limit superior exists and is equal to 0. ]
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Chapter 2

Basics: Stochastic Control and
Dynamic Programming Methods

2.1 Markov decision process formalism

After the first introductory chapter on bandits we will now turn towards the main topic of
this book: optimal decision making in which decisions also influence the system (in contrast to
stochastic bandits). This basic chapter covers the following topics:

e Introduce the basic setup for decision making in complex systems under uncertainty, we
will use so-called Markov decision processes (MDP).

e Understand optimal decision policies and their relations to Bellman optimality and expec-
tation equations.

e Understand how to turn the theoretical results into algorithms, so-called value and policy
iteration algorithms.

All topics covered in this chapter are standard, they can e.g. also be found in the comprehensive
overview of Putterman'. It should be noted that the Q-functions appearing in this chapter are
not commonly used in stochastic optimal control. They are, however, far more relevant to the
reinforcement learning approaches developed in the next chapters.

2.1.1 A quick dive into Markov (reward) chains

Before starting with Markov decision processes let us briefly recall some facts on Markov chains.
A finite-state Markov chain is a discrete-time stochastic process (St)ten, with values in some
finite set S on a probability space (Q, F,P) that satisfies the Markov property:

P(St+1 = 5t+1 |SO = 850y .+ St = St) = P(St+1 = St+1 | St = Sn)

for all t € Ny and sq, ..., s¢+1 € S. In words, the transition probability from a state to another
does not depend on the past. The most important special case is that of a time-homogeneous
Markov chain for which transition probabilities do not change over time, i.e.

P(Siy1 =5"|S; =8) =P(S; =5 | Sy = s)

for all t € Ny and s,s’ € §. Time-homogeneous Markov chains are closely related to stochastic
matrices

M. Putterman: Markov decision processes: discrete stochastic dynamic programming, Wiley

43
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[!.J Definition 2.1.1. (Stochastic Matrix)
A matrix P = (ps ¢)s,s7es € RISIXISI is called a stochastic matrix if all its entries
are non-negative and each row sums to one, i.e.,

pss >0 foralls,s’€S, and Z pss =1 forallseS.
s’eS

Given an initial distribution x4 on S and a stochastic matrix P, a time-homogeneous Markov
chain on some probability space (2, F,P) with initial distribution p and transition matrix P is a
stochastic process that satisfies the basic path probabilities

P(So = 50, .., St = St) = f4(50)Pso,s1 * - * Pse_1,5¢- (2.1)

Using (2.1), one can easily show that the distribution of a time-homogeneous Markov chain
(St)ten, is uniquely determined by the initial distribution p and the transition matrix P.
Alternatively, and this is how Markov chains are generalised to more than finitely many states,
the transition matrix can be interpreted as a Markov kernel on § x S, that is, a family of
probability measures P(-,s) on S for all s € S. Then, the path probabilities can be written as

P(So = s0, ..., = 5¢) = p({s0}) P({s1}, 80) - . - P({5¢},5¢-1)-

Many probabilities can be computed from the basic path formula (2.1), for instance:

;’ Lemma 2.1.2. Let (S;)ien, be a time-homogeneous Markov chain with initial
distribution x4 and transition matrix P. Then,

]P(StJrl = St41yeees StJrk = St+k | St = St) = Dsi,seq1 "o Psyyp_1,5t4k

for every t € No, k € N and sy,..., 8411 € S with P(S; = s¢) > 0.

Proof. The computation tricks are always the same: spell out the conditional probability explicitly,
write the events of interest as disjoint union of simple paths, plug-in the path probability formula,
and finally cancel terms in the resulting products.

In this case, we can write

P(Sy = 8¢, St11 = St41, -, Stk = St4k)
P(St = St) '

Both numerator and denominator can be computed by taking disjoint unions of paths which
probabilities can be expressed via (2.1). Thus,

P(St:st): Z Z P(SOZSQ,...,St:St)

SoES s5t-1€S

P(St11 = St415-+5 Stk = Stk | St = 5¢) =

(2.2)
= Z Z M(SO)PSO,51 T Dsya,see
SoES St_1ES
and
]P)(St = S¢, St+1 = St+1, ceey St+k = St+k) = Z e Z ]P)(SO = S50y .-y St+k = St+k)
SoES St—1E€S (23)
= Z T Z M(So)pso,sl T Pk 1,8etn
SoES St—1E€S
Dividing (2.3) by (2.2) yields the statement. O

Another way of expressing the Markov property is as follows: If P(S, = s) > 0 and P =
P(-| S, = s), then on (€, F,P) the shifted process (S¢)en := (St4n)ien is again a Markov chain
with transition matrix P but started from the dirac distribution §,. To train yourself in using
the path probabilities please check the next claim:
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Check that S is indeed a Markov chain on (€, F,P) with the same transition
probabilities as S. Hint: Compute the path probabilities.

A Markov chain can be visualised as a graph whose nodes represent the possible states, and whose
directed edges indicate the allowed transitions, each labeled with the corresponding transition
probability. This idea is illustrated in Figure 2.1.

p81731 psz,32

Psy,s1

DPs1,s3  DPss,so

Figure 2.1: Tllustration of a Markov chain with 3 states, i.e. & = {s1, $2,s3}. We include a
directed edge from s to s iff ps o # 0. In this example, we have set ps, s, = Pss,s5 = 0.

A Markov chain can be seen as a random process that can be observed from the outside, for
instance a game that changes states over time. The concept of a Markov reward process is less
well-known. A Markov reward process is a Markov chain with an additional R-valued stochastic
process (R;):en that is sampled together with the next state. We assume that R is a finite set
equipped with the power set o-algebra R = {A : A C R}. Typically, R is a subset of the real
numbers. The next state and reward are sampled according to a transition/reward-kernel p on
(R x8)xS8,ie p(r,s; s) denotes the probability to transition the chain from s to s’ and obtain
reward r. More formally, the defining property of a Markov reward process is

Pu(Si41 = st41, Riv1 = 7e41 | So = s0, R1 =71, ..., Ry = 1, Sp = 8¢) = p(req1, Se15 8¢), (2.4)

for all t € Ny, s0,...,8:41 € S and r1,...,7:41 € R. Here, the subscript p refers to the initial
distribution of Sy.

If we think of a Markov chain as describing a game then the rewards might be direct consequences
of its rules. As an example, we set R; = 1 if and only if the player that we observe has scored a
goal and R; = —1 if the opponent scored a goal. The path probabilities are given by

]PN(SO = 807R1 =T, 7Rn = rnaSn = Sn) = lu’(so) ‘p(r1,51 ; SO) T -p(rn,sn; Sn—l)' (25)

Another way of expressing the Markov reward property is as follows: If P(S,, = s) > 0 and
P:=P(-|S, = s) foran n € N and s € S, then on (Q, F,P) the shifted process (S;, Ri+1)ien ==
(Stin, Ritn+1)ten is again a Markov reward chain started from s’. To train yourself in using the
path probabilities please check the next claim:

; Compute the path probabilities in (2.5) and check that (Si, Riy1)ten, is indeed a
Markov reward process on (92, F,P) that also satisfies (2.4). Moreover, show that
(St+1, Rit1)ten, is a time-homogeneous Markov chain.

Lastly, we show a very important property that readily follows from the formula for the path
probabilities (2.5). If u = §, for an s € S we write E, = E; and P, = P,.



46CHAPTER 2. BASICS: STOCHASTIC CONTROL AND DYNAMIC PROGRAMMING METHODS

ﬁ Lemma 2.1.3. (Functional Markov property)
Let t € N and s,s" € S such that Ps(S, = s’) > 0. Then,

Ps((Rn+t)teN S A|St = S/) = ]Ps’((Rt)tGN S A) (26)
for all A € (R)®N and
]Es [f(Rt+1, Rt+2, )|St = 8,] = Es’ [f(Rl, Rz, )] (27)

for all measurable functions f : RN — [0, 00).

Proof. One only has to show that
IPS(RH_l =Ty eeey RN = 7't+N‘St = 8/) = ]PS/ (R1 =Ty eeey RN = TN)

forallt, N € Nand rq,...,ry € R. Then, (2.6) follows from a Dynkin argument and (2.7) follows
from a monotone class argument since

{{ri}y x . x{ry} xRN NeN,r,...,ry €R}
is a N-stable generator of (R)N and
]PS/(Rl =T, ...,RN = ’l"N) = Es/[lRlzrl et ]'RNZT’N]‘

This, however, follows immediately from computing the basic path probabilities. O

2.1.2 Markov decision processes

The situation of Markov decision processes (MDPs) is slightly more complicated. For MDPs we
do not simply observe a game but take the role of a participant. We observe the Markov chain
describing the match but can influence the transitions by taking actions. As an example, by
substituting as a coach an additional attack player we increase the probability of players scoring
goals (positive reward) but decrease the probabilities of players winning duels which leads to
larger probabilities to receive a goal (negative reward). The target will be to find a strategy
(called policy) that maximises the expected reward of the game. Finding such a strategy, this is
what reinforcement learning is all about!

Unfortunately, the formal notion in Markov decision processes is more sophisticated. In the
beginning, we keep the definitions quite general to emphasise that everything we will later prove
in the discrete setting could be generalised by replacing vectors and matrices by Markov kernels.
For this book the intention is to keep the level of sophistication high enough to observe most
difficulties but stay simple enough to not disturb too much the understanding of concepts with
technicalities. We will write down definitions and the existence theorem in a more general setting
but then work only with finite Markov decision processes which makes our lives much easier

-Without loosing most features of interest.

L!!J Definition 2.1.4. (Markov decision model)
A (discrete) Markov decision model is a tuple (S, .4, R, p) consisting of the following
ingredients:

(i) A finite state-space S.

(ii) Finite action-spaces A for all states s € S. The entire action space is defined

as A= |J As, i.e. A contains all possible actions.
seS

(iii) A finite reward set R C R including 0.
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(iv) A transition-function
p:(SXxR)x(SxA) —[0,1]

written as p(s’,7; s,a) and to be read "probability to end up in state s’
with reward r when action a was taken in state s. For state-action pairs
(s,a) € S x A the values p(s',7; s,a) are probability weights indexed by
S X R, ie.

Z Zp(s/,r;s,a)zl for all s € S and a € A.

s'eSrer

We use the abbreviations p(r; s,a) = > csp(s’,7; 5,a) and p(s'; s,a) =
ZTERP(SI7T; 370’)‘

In RL literature you will almost exclusively find the notion p(- | s,a). In this course the notion
”|” will be used exclusively for conditional probabilities, and for conditional probability it must
be ensured that there is no conditioning on zero-probability events.

For notational simplicity, we set the domain of the transition-function to be (S X
R) x (8 x A). Since, in a state s € S we only allow actions from the action
space A, it suffices to define p(s’,r; s,a) for all 5,8 € S, r € R and a € As,.
All derived properties and statements will be independent on the values of the
transition-function for actions a ¢ A;.

The definition is simplified as far as possible to make it accessible for a lecture course but
still be general enough to allow for good examples. Assuming finite sets makes notation and
proofs easier, there is a number of difficulties appearing Markov decision theory for countable
state/action-spaces. Next, a general notion for non-discrete state- and/or action-spaces and/or
reward distributions uses Markov kernels and a tedious notion involving the o-algebras for state-,
action-, and reward-spaces. The interested reader may always replace the probability weights by
kernels and appearing sums by integrals. The main ideas of reinforcement learning become fully
visible in the setting of finite decision problems, so for didactic reasons we stick to the simple
setting for these lecture notes.

The key ingredient of the definition is the transition-function p that describes the
transition of the environment when an action is played. According to the definition
the reward can depend on the current state-action pair and the next state, but in
most examples the reward and the next state will be independent (see Example
2.1.9 below).

A Markov decision model does not fully describe a process that runs from state to state and
returns rewards. Only the transitions (s, a) — (s',r) is described but not how the next action a’
is chosen. For that purpose an additional ingredient is needed, the policy that can be chosen by
the actor.

[!.J Definition 2.1.5. (Time-dependent policy)
For a Markov decision model (S,.4,R,p) a policy (m)ien, consists of

o initial probability vectors mg on A indexed by S, i.e. mp: A xS — [0,1]
satisfying

Z mo(a;s) = 1, (2.8)

a€A,
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for all s € S,
o asequence m = (7;)¢en of probability vectors on A indexed by (S x A)!~! xS
such that
Z 7Tt(a; SOaaOa"'ast—laat—hSt) =1 (29)
a€As,

for all (so,ao, ..., s¢—1,at-1,5¢) € (S X A)t_l x S.

The set of all policies is denoted by II.

A policy governs the choices of actions given the current state and all previous states-action pairs
(not the rewards) seen before. The condition (2.8) and (2.9) mean that only allowed actions
from A can be played in state s. Sometimes all A, are identical but in most examples they are
not. As an example, playing a game like chess the allowed actions clearly depend on the current
state of the game.

We define a subclass of the

L!!J Definition 2.1.6. (Stationary policy)
A policy is called stationary if there exists a probability vector ¢ on A such that

7Tt('; 50,(10,...,825) = QD(, St), V(So,ao,...,st) € (S X A)t_l x S.

With the definition of a policy we can now define a stochastic process on S X A xR whose dynamics
are entirely defined by the function p and policy 7 (plus an initial probability distribution over
which state the stochastic process will start in). Let us formalize this stochastic process and
prove its existence.

g Theorem 2.1.7. (Existence of (discrete) MDPs)
Let (S, A, R,p) be a (discrete) Markov decision model, 7 a policy, u a probability
measure on S. Then there exists a probability space (£2, F, IP’Z) carrying a stochastic
process (S, At, Rt)ien, with values in § x A x R on (£2, F,PT) such that

(i) Initialisation:
P7,(So = s0, Ao = ao) = p1(s0)mo(ao ; o)
(ii) Choice of actions:
P (Ar = at | So = s0, Ao = ao, ..., St = 8¢) = m(ar; 80,00, -+ St)
(iii) Environment transition:
Pl (St+1 = st41, Rt = 14| So = 80, Ao = @0, ..., St = 8¢, Ar = ar) = p(Se+1,7¢; St, ar)

To increase readability we will oftne skipp m and p from the notation.

2 In words the mechanism goes as follows. In a state s an action is sampled according to the
policy which is allowed to refer to the entire past of states and actions (not to the rewards!). The
current and past state-action pairs (s,a) are used to sample the next state s’ and the reward.
Note: The reward is allowed to depend both on the current state-action pair (s,a) and the future
state s’! Typically, the reward will only depend on (s, a), not on s’, but some examples require
this greater generality.

2todo: Schreibe lieber allgemeinen Beweis fuer Markov reward chains auf und zitiere hier. Vermutlich besser
zugaenglich
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Proof. We only give the proof in the discrete setting to safe quite a bit of time. The proof is
essentially identical to the existence proof for Markov chains.

C Q Measure for finite time-horizon 7" < co.
O

The probability space is written down explicitly as the set of trajectories, the o-algebra is chosen
to be the power set, a canonical measure is defined for every element of the probability space by
an explicit definition, and the process using the identity mapping. Define the measurable space
(Qr, Fr) by Q := (S x Ax R)T, the trajectories of length T, i.e.

W = (507a07r03 e, ST, aTarT)v

and Fr as the powerset. As for Markov chains the probabilities for paths are written down
explicitly (skipping brackets to increase readability):

Pr((s0,a0,70,---,57,a1,77))
T
= M(So) 'Wo(ao; 80) : Hp(Si,?”iq ; 8%1,(11'71) 'Wi(ai; 50, @0, - - ~7ai—1,8i) 'P(S X {TT}; STaaT)~
i=1

In words: An initial state is chosen by p, the first action is sampled using 7o, and the first reward
is set to 0. For every further time-step the new state s; and the reward r; are determined by p,
an action a; is chosen according to ;.

Show that defining P7 on the singletons as above yields a probability measure.

The exercise is important to get a feeling for the path probabilities. You will have to sum over all
possible paths, i.e. over Zao,ro,so e ZaT,rT,sT’ then pull out the factors that are independent of
the summands to simplify backwards using the kernel property to obtain (here for the summands
corresponding to T')

Z p(ST7er y ST—1, aT*l) : 7TT(G’T ; $0,Q0,---,aT7—1, ST)

ar,sT

= ZP(STJ“T; ST—1,GT—1)Z7TT((1T; 80,00, - .-, ar—1,5T) = 1.

sT ar

Summing over all trajectories shows easily that Pr is a probability measure on the paths.

C Q Measure for infinite time-horizon.
O

The same construction cannot work for 7' = oo as the infinite products would be zero. Instead,
Kolmogorov’s extension theorem is employed. Define the measurable space (2, F) by  := (S x
R x A)>, the trajectories of infinite length, and the corresponding o-algebra F := (S® AQR)®>,
the cylinder o-algebra. The elements of Q2 can be written as infinite sequences of the form

w = (S0,70,00," ).
Consider the projections ﬂ%:+1 QT 5 QT w s w|p and 77 : Q — QT w +— w|p. The
projections simply remove the triple corresponding to time 7" 4 1 from the sequence. We now
show the consistency property Pr = Pryj o (W;+1)_1 for any T' € N. If the consistency can be
proved, then Kolmogorov’s extension theorem gives a unique probability measure P on (2, F)
such that P = P o (77)~!. The consistency property simply follows from the product structure
in the measures Py defined above. Since the measures are discrete the equality can be checked
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on all elements separately:
Pryq ((7‘(%—'4_1)71(507 ag,To, .. .,ST,ar, rT))

= IPT+1(USGS Uaea UTGR{(SO, ao, 7o, .-, 8T,4T,7TT, S, Q) T)})

:E E E IP’T+1(so,a0,r0,...,sT,aT,'rT,s,a,r)

seSacArerR

T
linearit
TS (s0) - molao; so) - [ [ p(sioricas sic1,aica) - milas; so, a0, aic1,8:)
i=1
X ZP(S,T‘T; st,ar) - Z mr41(a; So,ao, .., ar, ST41) ZP(S x{r}; sr,ar).
SES acA reER
p(Sx{rr};Sr,ar) =1 =1
T
= p1(s0) - mo(ao 5 s0) - H;D(Si,n'q ; Si—1,ai-1) - Ti(ai; So,Q0, - .-, AT, ST41)
i=1
-p(8 x{rr}; Sr,ar)
= Pr(s0,a0,70,- .., 87, ar,77T).

Kolmogorov’s extension theorem now yields a unique measure P extending all Pr. We set P := P
to indicate the dependency of p and 7.

G 9 Canonical construction (Q,F, Py, (S, A, R)ien, )-

[s]

The measurable space (€2, F) has been defined above. On €2 we define (St, A¢, Ry)(w) = (st, at,7t)
if w takes the form (sg, ag, ro, ...)-

C Q The properties claimed in the theorem hold.
o}

The first two claims follow directly from the definition of the measure P7 and (So, Ao, Rp). We
check the claim for A and leave the other claims as an exercise. First note that putting no
restrictions to the rewards in the path probabilities leads to setting p({s'} x R; s,a) in the
state-reward transitions (summing over all possibilities). Using the extension property of P
(there is no dependence later than t) yields

us
P, (So = s0, Ao = ag, ..., Ap—1 = at—1, St = ¢, Ay = ar)
t

= ,U(So) ~7r0(a0; 80) : Hp({sz} X R; Siflyaifl) 'Wi(ai; S0, A0, - - ~aai7175i)
i=1

and
P7(So = s0, Ao = ag, ..., At—1 = a1, 5t = s¢)

= PZ(SO = SO,AO = ao, "'7At71 = atfhst = St7At € A)

t—1
= p(s0) - mo(ao; so) - HP({Sz} X R si—1,ai-1) - 7(a;i 5 0, Q0, - - - Ai—1, ;)
i=1
X p({si} X R si-1,a0-1) Y (0550, G0, -ory S1-1, 011, 51) -

acA

=1
Hence, using the definition of conditional probability the products cancel in the fraction to give

7T .
P (Ay = a¢ |So = s0, Ao = ao, ..., Ag—1 = a4—1, St = 8¢) = mi(ar; S0, @0, -+ St—1,a¢—1, 5¢)
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Check the other two claimed conditional probability identities.

L.lJ Definition 2.1.8. (Markov decision process (MDP))
Given a discrete Markov decision model (S, .4, R,p), a policy 7, and an initial
distribution g on S, the stochastic process (S;, A;) from the previous theorem is
called discrete-time Markov decision process (MDP), (R;) the corresponding reward
process. To abbreviate, we write PP{ instead of P§ . The super- and subscript are
sometimes removed from EJ} and P} if there is no possible confusion about the
initial distribution of S and the policy.

In the literature, a Markov decision model is mostly called an MDP directly and the terms model
and process are not distinguished. We keep in mind that the Markov decision model just provides
the prevailing instructions and together with any policy and initial distribution induces an MDP.
However, for reasons of convenience, we will mostly use the term MDP interchangeable, if we do
not want to emphasize the differences.

It is very important to remember the formula

P}, (So = s0, Ao = ao, Ro =70, ..., 57 = s7, Ar = ar, R = r7)
T
= M(So) 'Wo(ao; 30) : Hp(8¢,r¢—1; si—laai—l) 'Wi(ai; 50,40, - - - 7%—1,51‘) (2-10)
i=1

'P(TT; STaaT)a

which gives the probability an MDP follows a given path (sg, ag, 7o, ..., ST, a, 1) of
states, actions, and rewards. The formula will later explain the practical importance
of the policy gradient theorem.

In is always very instructive to compare with the situation of an ordinary Markov chain that
appears as a special case if A = {a} and R = {0}. In that case then the process (S;) is a
Markov chain with transition matrix ps, s, = p(s;,0; s;,a) and the path probabilities immediately
simplify to the Markov chain formula (2.1). No doubt, for MDPs the formula is more complicated
but many probabilities can be computed similarly to the situation of a Markov chain. Playing
with conditional probabilities it is instructive to check the following formulas (using a cancellation
of the form ) (a-b;)/>, b; = a):

]P)(St = St,At =a, Ry =mr,...,57 = 5T7AT =ar,Rr =rr | Si—1 = St—laAt—l = at—l)

=p({st} x R; st—1,a1-1) - mi(ar; so, a0, - .-, ar—1,5t)
T
X H p(sisTi—1; Si—1,ai-1) - miai; S0, a0, - -, ai—1,8;) - p(S x {rr}; sr,ar)
i=t+1

and

P(S; = s¢, Ay = ag, Ry = 14,...,S7 = s7, Ar = ap, Rp = r7 | Si—1 = 5)
T
= E me—1(a; 307a07'~~,at7273)Hp(si;71i§ 8i—1,@i—1) - Ti(ai; S0, 00, - - -, i1, 5;),
ac A, i=t
which are the analogues to the Markov chain formulas recalled above.

Here are two more special situations in which more simple Markov decision models can be
abstracted in our general definition:
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Example 2.1.9. There are many situations in which the reward and the transition both only
depend on (s,a) but do not depend on each other. Suppose there are

+ akernel h on S x (S x A) for the transitions from (s,a) to &',
« akernel ¢ on R x (S x A) for the rewards r obtained from (s, a).

Note that in the discrete setting measurability is always satisfied, kernel only means that h(-; s, a)
and ¢(-; s, a) are discrete measures for all state-action pairs (s, a). If both transitions are assumed
to be independent then we can define the product kernel through

p(s',r5 s,a) == h(s"; s,a) - q(r; s,a) (2.11)

and the corresponding Markov decision process samples next states/rewards independently. Now
the Markov decision model in the sense of Definition 2.1.4 with Markov decision process from
Theorem 2.1.7 has exactly the claimed transitions. Plugging-in p immediately gives

P(Rt =Tt | Sy =54, Ay = at7St+1 = St+1)
cond.:prob. P(St+1 = St+1, Rt =T | St = S¢, At = Clt)
P(StJrl = St41 | Sy = s, Ay = at)

2.1.7 P(St+1,7¢; St,ar)
P({st41} X R 54, a4)

p(S x {ri}s s, ar)
P(Rt =T | St = stuAt = at)a

(2.11)

2.1.7

so that the proclaimed independence of the future reward from the future state indeed holds.

Example 2.1.10. In many examples the rewards are deterministic functions of state, actions,
and next state but themselves do not influence the next state (say r = R(s,a,s’)). An example
appears in the ice vendor example below. In that situation the kernel p is simply

P(S/,T; 87(1) = h(sl ; s,a) : 1T:R(s,a,s’)7
where h is the transition function from (s, a) to the next state s’. An even simpler situation that
is very common is a relation » = R(s, a) where the rewards are determined deterministically by

the prior state-action pair.

The discussion is sometimes reversed as follows, with slight abuse of notation:

L!!J Definition 2.1.11. For a Markov decision model we define state-action-state
probabilities and expected rewards as well as the state-action expected rewards as

follows:
=Y rp(r;s,a),
reR
(5,0,5) = Z ps/r s, a)
reR 8 > 5 a)

for s,s’ € S and a € A if the denominator is non-zero.

The notation will be used frequently, in reinforcement algorithms of the upcoming chapters. If
for instance we are only interested in the state-action process, then it is more convenient to use
p(s’; s,a) instead of p({s'} x R;s,a) in computations with the path probabilities.
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I( Use the formal definition of the stochastic process (S, A, R) to check that

holds if the events in the condition have positive probability.

To get an idea about Markov decision processes we will discuss two examples of simple Markov
decision models, grid world and ice vendor. Many games, such as grid world, stop once a
particular state is reached. Such states are called terminating states.

[!!] Definition 2.1.12. A state s € S satisfying p(s; s,a) =1 for all a € A; is called
a terminating state. The set of terminating states will be denoted by A and we
will always assume p(s,0; s,a) =1 for all all s € A, a € As.

In words: Once a terminal state is hit the MDP will stop moving and all future rewards are 0.
To get a feeling for the definitions we will spell out a representative example in detail:

Example 2.1.13. (Grid world)

Suppose we have a robot that we want to teach to walk through our garden. The garden is
set up as a small grid and at each time the robot can go up, down, left or right, however the
robot cannot move trough a wall (or additional obstacles). The aim is to move from the starting
position S to the target position G. To make the problem a bit more difficult, there is a bomb
B just before the goal G. If the robot lands in the bomb or in the target, the game is over. In

S

_I_,

T

Figure 2.2: Grid world of size 5. The start is marked by .S, the bomb by B, and the goal by G.

the following we will formulate this example as a Markov Decision Model. For this purpose, the
individual objects from Definition 2.1.4 must be determined. The state space should contain all
relevant information about the game. The garden can be represented by a two dimensional grid
similar to a chess board. Thus, for a grid with side length Z € N, Z > 2, the state space is given
by S = {(i,4),i,j € {0,1,...,Z — 1} }. Since the state space S is finite, we will use as o-algebra
the power set, i.e. S = P(9).

0,0/0,1/0,2/0,3/0,4
1,01,11,2/1,3/1,4
2,012,112,2/2,3/2,4
3,013,13,2/3,3/3,4
4,014,1/4,2/4,3/4,4

Figure 2.3: Representation of the state space of Example 2.1.13 for a grid of length 5.

The second component of the Markov decision model is the entire action space A and the action
spaces Ay for states s € S. In many cases it is easier to first define the set of all possible actions
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A and then exclude actions that are not possible for a certain state s € S to determine A;. In
this example we want to use this method to define the action spaces of the individual states as
well as the whole action space. An action describes the movement of the robot down, up, right or
left. Often actions in a Markov decision problem are simply ‘counted through’ For our example,
the action space could be given by the set {0, 1, 2,3}, where action 0 describes the movement of
the robot to the right, action 1 describes the movement of the robot downwards and so on:

{right, up, left, down} = A = {(1,0),(0,1),(—1,0),(0,—1)} C R?

The advantage of this definition is that by simply adding states and actions we get the new state
of the robot. In the following we want determine the action space for a state s using what is
called masking (excluding actions from the set A of all possible actions). Let s = (4,5) € S then
the valid actions for the state are given by

{(-1,0)} :ifi=0 {(0,-1)} :ifj=0
As = Aujy = A\ S {(1,0)} difi=2-1\¢{(0,1)} tif j=2 -1
1] : otherwise 0 : otherwise

The agent may play all actions, except the agent is on the edge of the playing field. The third
components of the Markov decision model are the rewards. We introduce the rewards and
motivate them afterwards. Let R be given by {—10,—1,0,10} and R := P(R). If the agent lands
in the target, the reward is 10. If the agent runs into the bomb, the reward is —10. We want
to determine the rewards in such a way that desirable scenarios are rewarded and undesirable
scenarios are punished. If the agent lands on another field, the agent should receive the reward
—1. In this way we want to avoid that the agent is not penalized for not choosing the fastest
possible way to the destination. This will become clear when we deal with the optimization
problem in Markov decision problems in the following chapters. Next, we define the fourth and
most complicated component of the Markov decision process, the transition/reward-function p.
To define this function, we will first define an auxiliary function g : S — R which should return
the associated reward for a state s € S. The function is given by

10 rs=1T
g:S—>R,s—<¢—-10 :s=DB
—1  : otherwise

In addition, we still need to define the set of terminal states A. In our example, the set of
terminal states consists of the target and the bomb, A ={(Z —2,Z —2),(Z —1,Z —1)}. The
transition function is defined by

p(S/, ;s Cl) =1lsenly=s-1p=0 + 15¢A “ly—sta- 1r:g(s+a)

for (s,a) € S x As. The transition function looks a bit confusing and complicated at first sight,
it is a compact way to write down all possible cases. Thus all components of a Markov decision
model are defined. Since those will be used in algorithms discussed in future chapters let us
compute the functions from Definition 2.1.11. For all state-action pairs the transition probability
are either 0 or 1, the next states and the rewards are deterministic for a chosen action:

p(sl; S,CL) =lsen - lo=s + 15¢A “ly=sta-

We next formulate a simple supply optimisation problem in the setting of Markov decision
processes, an ice vendor who has to dedice every day about the amount of produced/bought ice
cream. In the course of these lecture notes it will be discussed how to optimise the production
decision in order to maximise the profit.

Example 2.1.14. (Ice vendor)
The ice vendor owns an ice cream truck that can store up to M € N ice creams. Every morning
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the ice vendor can produce/buy buy a discrete amount 0,1,2,..., M of ice cream. Throughout
the day, a random amount of ice cream is consumed, the demand can be higher than the stored
amount of ice cream. In this simplified model, seasonality in demand is not considered. If less
ice cream is consumed then the ice vendor has in stock, the ice cream must be stored overnight
and can then be sold the next day. There are costs for storing ice cream overnight, thus, the ice
vendor should carefully decide about the amount of ice cream produced/bought in the morning.
In addition, there are costs for the production/purchase of ice cream. For the sale of ice cream
the vendor receives a fixed price per ice cream scoop. For simplicity, we also assume that revenues
and costs do not change over time (which is realistic for ice cream, the price is typically adjusted
once per year). The trade-off in this problem is simple. How much ice should be ordered order in
the morning so that the vendor can maximize the revenue (serve demand) but keep the costs low.

The ice vendor situation can be formulated as Markov decision process. The state space is given
by the stored amount of ice: § = {0,1,...,M}. An action models the amount of ice cream
produced/ordered in a morning. If there are already s € S scoops in stock, the vendor can
produce/order at most M — s many scoops. Thus, A, = {0,1,...,M — s} and A ={0,..., M}.
For demand, we assume that it is independently identically distributed regardless of timing.
Thus P(D; = d) = pg for d € N holds for all time ¢ € N. For simplicity, let us assume the demand
can only take values in {0,1,..., M}. In order to define the transition reward function and the
reward, auxiliary functions are used to determine the revenues and costs. The selling price of a
scoop of ice cream is given by a function f : S — R, for instance f(s) = ¢- s, where ¢ > 0 is
the selling price for a scoop of ice cream. Similarly, we define a mapping o : A — R, for the
production/purchase cost of the products and &k : S — R for the storage cost. Thus, for a pair
(s,a) € S x A and another state s’ € S, the gain is given by the mapping R : (§ x As) xS = R
with

R(s,a,s") == f(s+a—s")— o(a) — k(s+a) .
v N——
sold ice cream production costs  storage costs

Moreover, let us define a mapping h: S x A x S — [0, 1]

Dstas’ 1<s <s+a
h(s'; s,0) =4 Diseali 8 =0
0 : otherwise

and from this the transition probabilities
p(s', 73 s,a) == h(s'ss5,a) - 1,=R(s,a9)
As for grid world we get the state-action-state transition probabilitites as
p(s'ss,a) = p({s'} x R; s,a) = h(s; 5,0)
and the reward expectations as

r(s,a) = Z r p(S x {r}; s,a)

reR

= Z er(s’,r; s,a)

s'eSrerR

- Z Z r-h(s'ss,a) - Li—g(s,as)

s'eSrerR

= Z R(s,a,s") - h(s';s,a).
s'eS
So far the definition of Markov decision models and policies is very general. It will later turn out
that much smaller classes of policies are needed to solve optimal control problems in the MDP
setting.
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L[/} Definition 2.1.15. (Markov and stationary policies)
A policy m = (m¢)ten, € II is called

(i) a Markov policy if there exists a sequence of kernels (¢;)sen, on A x S such
that

7s(-; 80,00, -, 5t) = @s(-; 8¢),  V(s0,a0,...,5:) € (S x A x S.
The set of all Markov policies is denoted by II,,.
(ii) a stationary policy if there exists a kernel ¢ on A x 8 such that
(-5 80,00, -, 5t) = @(5 8), V(s0,a0,...,8) € (S x A1 x S.
The set of all stationary policies is denoted by Ilg.

(iii) a deterministic stationary policy if there exists a kernel ¢ on A x S taking
only values in {0, 1} such that

Tt(+5 805 @0y -y St) = P(+5 81), V(50,00 8¢) € (S x AL x S.
The set of all deterministic stationary policies is denoted by II%.

In the stationary cases we typically write 7 instead of .

From the definition it holds that
L CIlg C Iyy.

In words: A Markov policy only uses the actual state (not the past) to chose the action, a
stationary policy does not depend on time (and the past), a deterministic stationary policy
only choses one action (like an index strategy for bandits). In fact, it will turn out that only
deterministic stationary policies are needed to solve the central optimisation problem that will
be defined below.

As noted earlier, stochastic bandit models can be seen as special case of MDPs. If |S| = 1, then
a one-step Markov decision model is nothing but a bandit model that is played once. There
are only actions (arms) that are played once according to a one-step policy, R; is the reward
obtained by playing the arm. In fact, there is another way of linking stochastic bandits to
MDPs. The learning process using a learning strategy can also be seen as an MDP played with
a non-Markovian policy as follows. If |S| = 1 and T = n, then a Markov decision model is a
bandit model and a policy is a learning strategy. The rewards Ry, ..., R,, are the outcomes of
playing the arms chosen according to w. The way a learning strategy was defined for bandits it
is neither Markovian nor stationary policy.

There is a good reason that MDPs carry the word Markov. For Markov policies they are indeed
Markov (reward) processes. The state-action process (.S, A) is Markov so that together with the
rewards the process (5, 4, R) is a Markov reward process.

Proposition 2.1.16. (Markov property)
If 7 € Tlg, then (S, A¢)ten is a time-homogeneous Markov chain on § x A with
two-step transitions

D(ays),(ar,s) = P(s"; s,a) - m(a's s").

Proof. The proof is a computation with the path probabilities from (2.10). Since we only care
for state-actions (St, A;) we use the short-hand notation p(s’; s, a) instead of p({s'} x R; s,a).
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Plugging-in yields

P (Si11 = st41, Atr1 = ap41]S: = s¢, Ay = ay)
P(Sey1 = St41, Apy1 = arq1, Se = 54, Ay = ay)
P(S; = s¢, Ay = at)
Zst—hat—l P (So = so, Ao = ag, ey St41 = St4+1, At41 = Qp41)

S0,a0 """

_ X
ZSO,GO Zst—bat—l P (S = S0, Ao = ag, .o, St = 8¢, Ar = ay)
~ Dsvan v 2asi vy Ms0)To(a0; s0)
Zso,ao Zst,hat,l N(So)ﬂo(ao 5 So)
Hf+1 D(8i5 Sic1,ai—1) - Ti(Qi; 80,00, -+, Qi1,S;i)
Hl 1p( y Si—1,Gi— 1) 771'(%‘? So,ao,n-,ai—l,si)
relln Zso,ao' Zst 1,851 p(so)mo(ao; SO)HEI}P(&'; Si—1,ai—1) - pilai; ;)
a S0 - s s.ary s0)T0(a0s s0) TTimy P(sis si1,ai—1) - i(ag; s;)
p(8t+1, St, a t)
y D sonan - Dosss.ary 150) - mo(ao s0) - Tlimy P(sis sic1,aim1) - @i(as; ;)
Y00+ Dose v (50) - mo(ao; s0) - Tlimy p(sis sim1,aim1) - @ilais s:)

= p(se41; 5e5at) - @ey1(@rsn; Se41)

X

Ory1(@rs1;5e41)

- P (So = s0, Ao = ao, ..., S = 54, Ay = ag, Spy1 = St41, Arp1 = apy1)
]P)(SOZSo,AQ:ao,...,St:St,At:at)
= P(StJrl = 3t+1aAt+1 = at+1|SO = 80,40 = ag,..., S = 51, Ay = at)-

Finally, if ¢ = ¢ the computation (compare the third line from below) shows that P(S;y1 =
s’y Apy1 = 8|St = s, Ay = a) is independent of ¢. O

Proposition 2.1.17. (Markov reward property)
If w € TIg then (S, Ay, Ry)ten satisfies the Markov reward process property

P((St41, Ats1, Rig1) = (St41, @eg1,meg1) | (Se, Ae) = (s, a¢), - - -, (S0, Ao) = (50, a0))
= P((Se415 Ars1s Res1) = (8041, Grp1, Tet1) | (Se, Ae) = (St,at))

with time-homogeneous state/reward transition probabilities

P(s.0).(s"ar.) = P(s' 75 8,a)m(d 5 ).

Proof.
The computation is almost identical to that of the Markov property for (S, A), do
it!
O
& In what follows we will use the notation P7, PY , in different initialisations.

e Under P7 , the Markov reward process (5, A, R) is started in (s,a). In state s
we start with action a and then continue the Markov chain transitions and
reward payoffs.

o Under P7 the Markov reward process (S, A, R) is started in the random
initialisation ds; ® mo(-; s). That is, in state s the first action is chosen by g
and then continue the Markov chain transitions and reward payoffs.
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& In particular, by definition it holds that

Pi()= Y Pl.()mo(a; s).

a€EA,

The notation is a bit annoying but the only way to avoid non-justified conditioning
that one can see everywhere in the reinforcement learning literature.

2.1.3 Elements of stochastic control theory

So far we have introduced the concept of a Markov decision processes for a given transition
function p and a policy w. But what is the actual question that we are after? The question is to
find a policy that maximise what we will call the expected discounted reward. Since a policy can
be used to control a system this problem is also known under stochastic optimal control. In order
to do so there will be two main steps. How to compute the expected discounted reward (this will
be called prediction) and then how to find the optimal policy (this will be called control). Here
is the optimization target that stochastic optimal control is about and reinforcement learning
trys to solve:

Given a Markov reward model and some terminal time T to defined later find a
policy 7 that maximizes the expected sum of discounted future rewards

T

There are three typical choices for T
o T =0 is called contextual bandit, for |S| = 1 this is a stochastic bandit problem.

o T =min{t: Sy = s} for some fixed state s’. The choice R =1 then counts the number of
steps needed to reach s’, justifying the name stochastic shortest path problems for this
choice of T'. We will not discuss stochastic shortest path problems in these notes.

e T € N fixed. This is called finite-time stochastic control problem, we briefly touch upon
finite-time problems in Section 2.4.

o The main focus of these notes is the case T' ~ Geo(1 — ), v € (0, 1), for some geometric
random variable T independent of (S, A, R). It turns out that this situation is much simpler
as there is additional Markovian structure (geometric random variables are memoryless).
Given a fixed time the memoryless property says that the end is as far away as it was at
the beginning. Integrating out the independent time-horizon gives

T 9] k

E [ Y R| =B |3 (- Y R
t=0 k=0 t=0
= (1= E"[ DN R
- ’“:tt (2.12)
=(1 V)E”[; 117Rt}

—

=E" [ i ’Yth
t=0

Thus, from the optimisation point of view it is equivalent to optimise the expected
accumulated rewards up to a finite independent geometric time or to optimise the expected
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accumulated discounted rewards. Since it is more standard we will maily focus on the
second point of view but keep in mind that the geometric interpretation might be more
reasonable from a sampling perspective.

Before going into the details let us fix some conditions that we want to assume, mostly to make
our lives easier:

Assumption: The state space S, the action space A, and the set of rewards R are assumed to
be finite. All appearing o-algebras are chosen to be the power sets.

The assumption of bounded rewards is not necessary but makes our lives much easier for the
presentation as everything will be finite and exchanging expectations and sums will always follow
from dominated convergence.

L!!J Definition 2.1.18. (Value functions)
For m € IT and v € (0, 1), the function @™ : § X A — R defined by

oo
Q"(s,0) =EZ,[ Y 4'Ri]
t=0
is called state-action value function; or Q-function. The value function is defined by

V7™(s) = Eg[ivtlﬂl = Z mo(a; $)Q™ (s, a).

a€A;

In words: The state value functions is the expected discounted total reward when Sy = s is
fixed and Ag is played according to my. In contrast, @ also fixes the first action ay = a. Think
about chess. The state-value function shall desribe the expected success following a policy while
state-action-value function is the expected success when fixing the first move.

For stationary policies the value function and state-value functions satisfy simple systems of
equations. That will help us later to get our hands on V™ and Q7.

f Proposition 2.1.19. (Bellman equations for Q™ and V™)
Suppose 7 is a stationary policy, then Q™ and V™ satisfy the following systems of
linear equations:

Q" (s,a) =r(s,a) +y Z Z p(s'; s,a)m(a’; Q™ (s',a’), se€S,a€ A,

s'eSa’eA,

and

V7™(s) = Z m(a; s) (r(&a) + Z p(s'; s,a)V”(s')), seS.

ac A, s'eS

Proof. Recall from Proposition 2.1.17 that (S, A, R) is a Markov reward process so that by (2.7)

ES, [R1 +YRy+~?R3+...|S1 =5, A, = a'} =K o [Ro + Ry + 2Ry + ] =Q"(s,d").
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Thus, using the formula of total probability,
Q" (s, a)
(oo}
=B, [ 'R]
t=

0
=B [Ro] + EZ[7R1 + 7R + 7Ry + .|

=r(s,a) +7 Z EQ,aI:RI +7R2 + 7R3 + ... ‘ S1 =541 = a//i|]P)\Tsr,a(Sl =5, A =d)

s'eS,a’€A,

=r(s,a)+7~ Z ]P’;a(,S'1 — ¢, A =d)Q(s,d)
s'€S,a’€Aq

=r(s,a) +7 Z Z p(s'; s,a)m(a’; $)Q™ (s, a’).
s’eSa’eAy

The equation for V' follows directly by plugging-in V™ (s) = > 4 7(a; s)Q™(s,a) twice:

VT(s) = Y 7(a; 5)Q"(s,a)

a€As

= Z 7T(a,; S) (T(S,a) +y Z Z p(s/; s’a)ﬂ'(a/; 3’)@#(5’)@/))
a€As s’eSa’eA,

- Z m(a; s)(r(s,a) + 7 Z p(s'; s,a)V"(s’)).
a€A, s'eS

O

The definition of V™ immediately allows to compute V™ from Q7. For stationary policies the
opposite also holds true:

ﬁ Corollary 2.1.20. Given a stationary policy m € Ilg, the following relations
between the state- and action-value functions hold:

Q" (s,a) =r(s,a) + Z p(s'; s,a)V7(s"), seS,ae A

s'eS

Proof. This follows directly from the Bellman equation for @ plugging-in the definition V7(s) =
Y aca, Ta; 8)Q7(s,a) for V. -

We will later see that linking @ and V is crucial, in particular computing @ from V via Corollary
(2.1.20).

The classical theory of optimising Markov decision processes is very much about functional
analysis. One of the most important theorem from basic functional analysis is Banach’s fixed
point theorem:

Theorem 2.1.21. (Banach fixed-point theorem)
Let (U, ]|-||) be a Banach space, i.e. a complete normed vector space, and T': U — U
a contraction, i.e. there exists A € [0,1) such that

[Tur — Tual| < Allur — uz|
for all uy,us € U. Then

(i) there exists a unique fixed point, i.e. u* € U such that Tu* = u*; and
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(ii) for arbitrary ug € U, the sequence (uy,)nen defined by
Upy1 = Tu, = T Ly

converges in U to u*.

The Banach fixed point theorem is useful because the condition can be checked in many cases and
also the algorithm yields a fast converging algorithm. One of the major insights of optimal control
theory is the observation that contractions appear very naturally and lead to solution algorithms.
For that sake we will always use the Banach space (V.|| - ||o) consisting of V := {v : § — R}
equipped with the maximum-norm. Since we assume that S is finite, V is nothing but RIS
where a vector is written as a function (mapping index to coordinate value). Similarly, we define
U:={q:8 xA— R} equipped with the supremum norm which is then nothing but the Banach
space RISI'Al

l!!] Definition 2.1.22. (Bellman expectation operator)
Given a Markov decision model and a stationary policy 7 the operators

(@v)(s) = Y as 8)(r(s, @) +7 Y pls's s,0)0(s"))

acA; s'eS

mapping X into X and

(T™q)(s,a) :=r(s,a) +v > Y p(s'; s,a)w(a’; 5)g(s, a’)

s’eSa’€A;

mapping Y into Y are called Bellman expectation operators.

There is a bit of ambiguity by denoting both operators by T'. Since the number of arguments
differs it will always be clear from the context which operator is meant. The operators might
look familiar. We have actually already proved in Proposition 2.1.19 that value functions are
fixed points for Bellman expectation operators. Combined with the simple contractivity property
with respect to the maximums norm the first major theorem follows:

Theorem 2.1.23. Both Bellman expectation operators are contractions with
contraction constant . Their unique fixed points are the value functions V™ and
Q" ie. T™VT =V7™ and T"Q™ = Q.

Proof. We already proved the fixed point claims. Let us check the contraction property. Plugging-
in yields

7701 = T sl oo = ymax| 37 37 w(as 9)p(s's 5.a) (0a () = 2()|

a€A; s'€S
< llvr — 2|00 msax‘ Z m(a; s) Z p(s’; s,a) ‘
acAg s'€S
=1
=1
= 7|v1 — v2|[oo-
Please check yourself the same computation for the second Bellman operator. O

Since Bellman’s expectation equations are linear systems they can in principle be solved by linear
algebra methods. Since the linear operators are also contractions the linear systems 77v = v
(resp. T™q = ¢) have unique solutions. Still, it might be more reasonable to solve using Banach’s
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fixed point iteration by iterating v,+1 = T7v,, for some starting vector vy (resp. ¢n+1 =17 ¢n
for some starting matrix ¢).

With the value functions we can define the concept of an optimal policies. The search for optimal
policies in MDPs will be the main content of the subsequent chapters.

L.'J Definition 2.1.24. (Optimal policy & optimal value function)
For a given Markov decision model the following quantities will be of central
importance:

(i) The function V* : S — R that takes values

V*(s):=supV7"(s), se€S,
mell

is called optimal (state) value function.

(ii) The function Q* : S x A — R that takes values

Q*(s,a) :=sup Q" (s,a), sE€S,a€ A,

mell
is called optimal state-action value function.
(iii) A policy 7* € II that satisfies

VT(s)=V*(s), s€S,

is called optimal policy.

It should be emphasised that we make our lives much simpler by assuming a finite Markov
decision model. In that case the maximum is always attained and plenty of technical problems
do not appear. In fact, the results that we are going to prove next do no necessarily hold for
infinite Markov decision models. We will see later that optimality of policies could have been
defined alternatively by Q™ (s, a) = Q*(s, a) for all state-action pairs. We stick to the notion in
terms of V' as this is more common in the literature.

& It is important to keep in mind that a priori V* and @Q* are not the value functions
for the best policy but instead pointwise the best possible expected rewards. A
priori it is absolutely not clear if there is one policy that is optimal for all starting
states. It is also not clear if there is any way of characterising such a policy that
leads to an algorithm. It is also not clear if that policy is very complicated. In fact,
Bellman'’s results show that there is actually a stationary, even deterministic, policy
that can be characterised by solving (non-linear) equations.

We now turn towards the second operator of Bellman, the optimality operator. As for the
expectation operator we work on U = {v: S - R} and V :={¢: S x A — R}. As long as we
assume the Markov decision model to be finite X is nothing but RISl and Y is RISI*IAl To make
X and Y Banach spaces we will fix the respective maximum-norms.

[!!] Definition 2.1.25. (Bellman optimality equations/operators)
For a given Markov decision model we define the following operators:

(i) The non-linear system of equations

v(s) = max {r(s,a) +v Z p(s'; s, a)v(s’)}, s€eS,

a€4 s'eS
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is called Bellman optimality equation. The operator 7% : U — U defined by

(T*v)(s) := max {r(s, a) + 7y Z p(s’; s,a)v(s')}7 s€S,

acA; oS

is called the Bellman optimality operator (for state-value functions).

(ii) The non-linear system of equations

q(s,a) =r(s,a) +v Y p(s; s,0) max g(s',d),  (s,0) € S x A,
a’'e ’
s'€S ®

is called Bellman state-action optimality equation. The state-action Bellman
optimality operator T* : V' — V is defined as

T* o /. /o )
(T"q)(s,a) r(s,a)+7§€;p(s,s,a)ar,réafﬁ(s,a), (s,a) eSx A

Warning: both optimality operators are denoted by T but are safely distinguished
by the number of arguments.

It will turn out that the Bellman optimality operators are directly linked to optimal value
functions and solving the corresponding fixed point equations (i.e. the Bellman optimality
equations) is equivalent to finding optimal policies. Unfortunately, the equations are non-linear
and as such not easy to solve. To get a first little hand on the operator please do the following
exercise.

,é All Bellman operators are monotone, i.e. if u; < ug it also holds that T™uy < T™us
and T*u; < T*us. The same holds for the matrix-valued operators T™ and 7.

Similarly to the expectation operators also the optimality operators are contractions:

Theorem 2.1.26. Bellman’s optimality operators are contractions and, thus, have
unique fixedpoints.

Proof. To deal with the operators a simple inequality from analysis will be used:

| max fla) — gleagg(a)l < max |f(a) — g(a)|.

If the number in the absolute value of the left hand side is positive, then

| max f(a) — max g(a)| < max(f(a) - g(a)) < max|f(a) - g(a)|-

Otherwise, the role of f and g is reversed. With v1,v9 € X, the Bellman optimality operator
and the triangle inequality yield

1701 = T |l = max |[T7oi(s) = T v2(s)]

< /. no_ ’
< rglgg{r&&j{y%p(g i s,a)|v1(s") — va(s']

< max max-y > p(s's sa)|[vr — vl
s'esS

=7 |lv1 — val| o -
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Hence, T™* is a contraction on V = {v : § = R} equipped with the maximum norm and thus has
a unique fixed point. Next, we show the same for T* on U = {¢: § x A — R}: With ¢1,¢2 € U,
the second Bellman operator and the triangle inequality yield

1T — T" g2l o = max max T"q1(s,a) — T"qa2(s, a)|

/. o o
< max max |y ZE:SP(S i s,0)( max qi(s',0) - max gx(s',a))]
S

/. /A /i

< maxmax y > p(s's s,a) Jnax. lg1(s’,a") — q2(s", a')|
s'eS

< magmgy 2 25 o) mag g an (o', 0) = a (o)
S

=v]la1 — @2l o -
O

We now come to the most important result of this section. The optimal value functions are
uniquely characterised as fixed points of Bellman’s optimality operators.

Theorem 2.1.27. The optimal value functions are related as

V*(s) = max Q" (s, a)

a€A,

and satisfy the Bellman optimality equations

T*V* =V* and T*Q* =Q*.

Proof.
By Theorem 2.1.26 we know that there exist unique fixed points of the Bellman optimality

equations, denoted by Vi and Qf*. We will show that these fixed points are given by Vix = V*
and Q% = Q*.
(i) Qf* > Q*: Fix a policy 7 and note that for all ¢: S x A — R and (s,a) € S x A one has

(T°g)(s,a) = r(s,a) +7 3 p(s's 5,0) max q(s',a)

a’'€A,
s’eS
>r(s,a)+7 ) Y p(s'ss,a)m(a’; s)a(s,a') = (T7g)(s, a).
s'eSa’eA,

Thus,
Qﬁx — T*Qﬁx Z TWQHX,

where the inequality holds componentwise. Moreover, for ¢1,q2 : S X A — R with ¢1 > ¢
componentwise one has T*q; > T*qs. Thus, for n € N with Q% > (T™)"Q* one has

Qﬁx _ (T*)nJrlQﬁx — T*(T*)nQﬁx > T* (Tw)nQﬁx > Tﬂ'(Tw)nQﬁx — (Tﬂ)nJrlQﬁx.

By induction, we get (T*)"Q%* > (T™)"Q%* for all n € N. Using, Theorem 2.1.23 we get
(T™)nQfx "2 Q7. so that Q™ > Q™. Taking the supremum over all policies T we get

Q™ (s,a) > Q*(s,a), (s,a) €S x A.
(ii) QB* < Q*: Define a particular policy 7* as

1 :a € argmax, Q™(s,a
ﬂ_ﬁx(a;s): g Xa Q ( ) )
0 : otherwise
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The policy will later be coined greedy with respect to Qf*. Note that we do not know the matrix
Q™ explicitly, so for now this is only a theoretical argument. One has

Q™(s,a) = (T*Q™)(s,a) = r(s,a) +7 Y p(s'; 5,a) max Q™(s',a’)

a’€A,
s’eS '

() +7 3 3 pls's s, a)n™ (@5 )Q (S a') = (T7Q) (5. 0).

s'eSs'eA,
Repeating this argument gives Q%% (s, a) = (T’Tﬁx)"Qﬁx(s,a) neee Q”ﬁx(s, a). Thus,
Q™(s,0) = Q™ (s,a) < sup Q" (s,a) = Q*(s,a).
s
(iii) Bellman equation for Q*: Combining the two inequalities proved above we obtain the

claim for @Q*.

(iv) Relation of V* and Q*: The optimal state value function V* was defined as the supremum
over all policies:
V*(s) =sup V7 (s),

where for each policy 7

V7™(s) = Zw(a; $)Q7 (s, a).

Since for any fixed s and any policy = we have

S n(a; 5)Q(s,0) < max Q" (s, a),
o a
it follows that
V*(s) =sup V™ (s) < supmax Q7 (s,a) = max Q*(s,a).

T T a a
We proceed with the reverse inequality. To do so we again use the greedy policy 7* := 7fix
introduced above. Let a*(s) denote an action in arg max,c4 Q*(s,a). Here is a simple dynamic
programming argument. We use a simple fact 77 Q* = T*Q* which follows easily as follows:

(T Q) (s,a) = r(s,0)+7 S 3 p(s's s, @) (5’5 a)Q (s, )

s'€A; CLIEA ’

=r(s,a)+v > p(s'ss,a ) max Q(s',a’)
s'€A; s

=T"Q*(s,a),

where for the second equality we used the definition of the greedy policy. Since @Q* solves the
Bellman optimality equation we get

Q* — T*Q* — T-er* Q*
Uniqueness of Bellman’s expectation operator gives Q* = Q™ . Now we can finish the argument:

VE(s) > V™ ( ZT( a;s)Q™ ZT( a; $)Q*(s,a) = Q*(s,a*(s)):mng*(s,a).

(v) Bellman equation for V*: We already know that the optimal state-action value function
satisfies the Bellman optimality equation. Taking the maximum over a on both sides, we obtain

maxQ*(s,a):max{ s,a) +72p maxQ (s',a’)}.
Using the relation max, Q@*(s,a) = V*(s), we deduce

V*(s) = max {r(s, a) + ’yzlp(sl; s, a) V*(s’)} .

This is the Bellman equation for the optimal state value function. O
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The proof used ideas that are the core of dynamic programming theory. Most importantly, we
could see how to find an optimal policy. The optimal policy was just the greedy policy from the
optimal state-action function. Unfortunately, a priori Q* is unknown so we do not know how to
find 7*. The main idea behind many optimal control algorithms is to invert the point of view. If
the optimal Bellman equation can be solved (somehow) then the greedy policy from this matrix
will be optimal. Reusing ideas from the previous proof this will now be turned into theory.

L!!J Definition 2.1.28. (Greedy policy)
Given a function ¢ : S x A — R the deterministic stationary policy defined by

1 :a=a*(s)
mo(a; s) = with a*(s) € arg max q(s,a
al ) {0 : otherwise () gaeAs a(s,a)

is called a greedy policy with respect to g. Sometimes we also write greedy(q)
instead of m,. If 7 is greedy with respect to a g, obtained from the V-Q-transfer
operator

v(s,a) :=r(s,a)+~ Z p(s'; s,a)v(s’), seS8,a€ A, (2.13)
s'eS

then we also write .

Keep in mind that the greedy policy is very special, only one action is proposed that maximises
the given g-function. In case several actions yield the same state-action value a fixed one of them
is chosen. Here is a lemma that shows how to deal with greedy policies in the context of Bellman
operators.

f Lemma 2.1.29. Suppose 7, is a greedy policy obtained from a g, then T*q = T74q.
If g is obtained from a vector v through (2.13) then it also holds that T*v = T v.

Proof. Both claims readily follow from the definition of the Bellman operators:

(T™aq)(s,a) =r(s,a) +7 Z Z p(s'; s,a)my (s’ a’)q(s',a")

s’eAsa’€Ay
=r(s,a) +~ ; p(s'; s,a) ar/relaxs, q(s',a") = (T*q)(s,a),
s'EA,

where for the second equality we used the definition of the greedy policy. The same holds if ¢ is
obtained from a vector v:

(T™0)(s) = Y molas 5)(r(s,a) +7 Y p(s's s,0)0(s)

a€A; s'EA;
= max (r(s a)+y Z p(s'; s a)v(s’)) = (T*v)(s)
aE_AS ) /GS i i )

where we used the definition of the Bellman operators and the definition of the greedy policy in
the second equality. O

As a consequence we learn how solving the Bellman state-action optimality equation yields an
optimal policy.

g] Theorem 2.1.30. (Dynamic programming algorithm)
An optimal policy 7* always exist and can always be chosen to be stationary and
deterministic! Such a policy is given by solving the Bellman state-action optimality
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equation and using the greedy policy with respect to the solution.

Alternatively, a solution v to the Bellman optimality equation plugged-into the V-Q-transfer
operator

qv(s,a) :==r(s,a) +~ Z p(s'; s,a)v(s’), seS,aeA,,
s'eS

yields @* and, hence, the greedy optimal policy. Since v is only a vector while ¢ is a matrix
it sounds first plausible (up to now) to solve T*v = v and then transfer to ¢,. Solving the
non-linear equation is the expensive step, transfering to ¢ not. We will later see that typically
we try to avoid transferring from V' to @) but in this chapter on stochastic control that sounds
like a good idea.

Proof. Suppose we have a solution ¢ of Bellman’s state-action optimality equation. By uniqueness
q equals Q*. It remains to show V* = V7, then 7, is optimal by definition. But this follows
from the previous lemma and the fact that ¢ = Q*:

Q* — T*Q* — Tﬂ'Q* Q* — T-rqu*.

Uniqueness of Bellman’s expectation operator gives @* = Q™. Finally, using the definition of the
greedy policy and the relations V*(s) = max,e 4, Q*(s,a) and V7™(s) = > 4 7(a; s)Q™(s,a)
between V and @ gives

V*(s) = max Q"(s,0) = max Qe (s,a) = mg(a; $)Q™(s,0) = V™(s)

a€A, ac A,
We have thus proved that V* = V™ which shows that m, is optimal. O

Let us summarise the findings made so far, the core of everything that will later be called
valued-based algorithms.

& Solving Bellman’s optimality equation (or state-value optimality equation) yields a
stationary deterministic policy 7* as the greedy policy obtained from the solution.
All algorithms that approximatively solve the Bellman optimality equation give rise
to approximation algorithms that find a stationary optimal policy of the stochastic
optimal control problem sup, g V™.

From now on we will only focus on finding stationary optimal policies!

As the remark indicates we will be interested in learning the optimal policies by approximation.
Recalling the setting of stochastic bandits (interpreted as one-step MDP) this sounds familiar.
In that setting an optimal policy is nothing but a dirac measure on optimal arms, a learning
strategy a sequence of policies that learns (approximates) the optimal policy. To make the
connection to stochastic bandits let us define the notation of a learning strategy:

l!.J Definition 2.1.31. A sequence (7"),en of policies for a Markov decision model
is called a learning strategy, if 7”*! only depends on everything seen for the first n
rounds of learning.

We keep the definition extremely vague as it will not play any further role in what follows. The
aim is to find algorithms that produce learning strategies that converge quickly and efficiently
to the optimal strategy n*. What we mean by convergence will depend on the context, the
minimal requirement is convergence of the value function to the optimal value function, i.e.
[[V™" —V*||s — 0. In contrast to stochastic bandit theory the regret plays no role in reinforcement
learning, the situation is too complex.

There are two typical approaches that we will encounter in different setups:
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¢ value function based learning,
e policy based learning.

For value function the idea is to learn the optimal value function V* (or optimal state-value
function Q*) and then infer the optimal policy 7* by taking argmax (the greedy policy from
Theorem 2.1.30). In contrast, policy learning tries to approximate directly the optimal policy 7*.

The algorithms presented below are called dynamic programming algorithms,
they belong to a large class of algorithms that break down a problem into (hopefully
simpler) subproblems. Here, this means for instance to compute V7 (s) from all other
V™(s") or Q™ (s,a) from all other Q™ (s’,a’). Since for discounted MDP problems
the subproblems do not immediately simplify we do not go further into the ideas of
dynamic programming but still refer to all algorithms based on Bellman’s equations
as dynamic programming algorithms.

2.2 Basic tabular value iteration algorithm

We have understood the problem and its ingredients and have learnt that in order to act optimally,
that is to know the optimal policy, one only needs to know the optimal value function (or the
optimal state-action value function). The approach of this section is to develop methods that
approximate the optimal value functions. As seen in the previous section, the Banach fixed point
theorem gives not only the existence of an unique fixed point of a contraction mapping 7" but
also the convergence of the sequence (T 1vg),en, to that fixed point for arbitrary vy. We learnt
that for 7% the unique fixed point corresponded to V*. The idea of value iteration is to use this
convergence property and turn the Bellman optimality equation into an update procedure. The
algorithm is called a tabular algorithm as a table (here the vector V') is updated repeatadly.

Data: Accuracy € >0
Result: Approximation V' =V, policy 7 ~ 7*
Initialize V =0, View =0

A:=1
while A > ¢ do

set V i= Vyew

for s € S do

— /. /
Vaew(s) = max { r(s.0) +9 > p(s's s.0)V ()}
s'eS
(T=V)(s)

end

A = maxses(|Vaew(s) — V(s)])
end

return V := Vjey and the greedy policy with respect to V'
Algorithm 7: Value iteration

Theorem 2.2.1. The value iteration Algorithm 7 terminates and the terminal

vector satisfies ||V — V*|| < 1157

Proof. Suppose the sequence of vectors v, 11 = T*v,, is obtained by iteratively applying Bellman’s
optimality operator and v* is the limit. The finite-time termination of the algorithm follows
immediately from Banach’s fixed point theorem as

A
v = Vntilloo < lvn — v*|[oo +[[v* = vpylloc — 0
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for n — oo. Now suppose the algorithm terminated after N steps, i.e. V = vy so that the
termination condition implies ||[uxy — vy —1||oo < €. Using the contraction property of T yields,
for m € N,

3
L

A
lon = vNgmllo < lon 1k — ONtrsll oo

k=0
m—1

= (T on = (T*)*onia]|
k=0
m—1

< Y llon — vnills -
k=0

Using continuity of the norm yields

IV =Vl = lim o = omll
m—1
< I k -
< lim > A lowsr —onlle
k=0
= ——|lowsr = 08l < T llon — vn-i L -
1 — v o = 1 _ v %)
Now the termination condition |[vy — vn_1||so < € implies the claim. O

The approximate value function from Algorithm 7 is clearly not equal to the optimal value
function V*. Hence, the effect on transferring to a policy needs to be analysed.

[!!] Definition 2.2.2. For € > 0 a policy 7 € II is called e-optimal if
V*(s) <V™(s)+e¢

forall s € S.

Now recall how transfer value-functions into state-value functions. For both the optimal value
functions and the value functions for a given policy the vector V' is transferred into the Q-matrix
as

Q(s,a) =r(s,a) + Z p(s'; s,a)V(s). (2.14)

s'eS

We now do the same and use (2.14) to define from the approximation V' of V* an approximate
@-function. Then the corresponding greedy policy is e-optimal:

f Theorem 2.2.3. Suppose V is the output of Algorithm 7 and @ is obtained from
V using the transfer operator (2.14). Then the greedy policy mq is f—f“%—optimal.

Proof. The main point of the argument is a relation of optimality and expectation operator in
the case of greedy policies. To emphasise the importance, let us highlight the trick once more:

Bellman’s optimality and expectation operators are closely connected for greedy
policies!
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The crucial computation links the optimality operator with the expectation operator of the
greedy policy:

T*V(s) = max {T(S, a) 4+ Z p(s’; 570)‘/(5/)}

a€A,
s'eS

= max{Q(s,a)}

a€A,

= > mola; 5)Q(a,s)

acA,

= Z m(a; s) (T(s, a)+y Z p(s"; Sva)v(sl))

a€Ag s'esS
=T"V(s)

The rest of the proof is straight forward using fixed points and the contraction property. Suppose
the algorithm terminated after N steps, i.e. V =wvy and |jloy —vn-1]] < 5(12;77). The identity
above yields

VT =Vl =T"V" =Vl
STV =TV + 1TV = V],
=TTV =TV + 1TV = T 0n |
<AV =Vl + 71V = vl -

Rearranging this equation yields

V7=Vl <

oo S 77 llow —on-ill -

In the proof of the previous theorem we have already shown that [V — V|| , < 775 [lon — vv—1[ -
Finally, using the terminal condition of Algorithm 7 yields

V7 =Vl S IV = Vi 41V = Ve S 207 flow = onoalle < 2657

This proves the claim. [

We next analyse the convergenc rates of the value iteration algorithm.

l!!] Definition 2.2.4. Suppose (V,|| - ||) is a normed space. For a sequence (y,,) in V/
with limit v* we say the convergence is of order a > 0 if there exists a constant
K < 1 for which

lyns1 —v*ll < K lyn —y*[I*, mneN. (2.15)

Linear convergence corresponds to o = 1.

Since the algorithm is based on Banach’s fixed point theorem it is clear that the convergence is
at least linear. A simple initialisation shows that the convergence generally cannot be improved.

f Theorem 2.2.5. For all initialisations the convergence in Algorithm 7 (without
termination) is linear with constant K = -y. There is an initialisation for which the
speed of convergence is exactly linear.

Proof. Let us denote again v, for the nth update of the iteration v, = T*v,_;. The linear
convergence rate follows directly from the fixed point property of T™:

lonsr = Voo = 700 =T V¥l <yllon—V*l., neN. (2.16)
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In fact, the rate cannot be better as the following example shows. If Algorithm 7 is initialised
with vg := V* + k1, it holds that

[or = V7 loo = [T 00 = V7o = 1T (V" + k1) = V7

Def. T* % *
= [V k1 =V7

=7V +k1) =V =7 llvo = V7 -

An induction shows that for this example ||v, 41 — V*|| =7 ||lv, — V¥, for all n € N. O

Of course we could equally use iterations obtained from Banach’s fixed point theorem
to directly approximate Q* instead of approximating V* and then transferring to
Q*. This will be done later for approximate dynamic programming (Q-learning and
SARSA) in which we do not assume explicit knowledge on the transition function,
thus, cannot transfer from V to @. In the explicit case it is more reasonable to work
with vector iterations than matrix iterations and only transfer from V' to @ once.

2.3 Basic policy iteration (actor-critic) algorithm

In this section we want to explore another method of reaching an optimal value function and
hence an optimal policy. The method is not part of the classical methodology of stochastic
control but much more common in the reinforcement learning community as it motivates some
of the most powerful approximation algorithms. The idea goes as follows. Iterate between the
following two steps:

« Policy evaluation: Compute or estimate Q™ (or V™) for the currently best known policy 7.
e Policy improvement: Improve the best known policy by taking 7’ = greedy(Q™).

In contrast to value iteration the approach is more clever, it uses much more understanding of
the optimal control problem. While value iteration is called a value-based method (only the
value function is used, the policy is only obtained in the end) policy iteration is a policy-based
method, the approach works directly uses the policy.

The approach is called an actor-critic method as it alternates between two steps.
The critic evaluates the policy (computes the value function) which then the actor
uses to improve the quality of the policy.

In the following both steps will be discussed separately and then alternated for the policy iteration
algorithm.

2.3.1 Policy evaluation

We are now going to address the question on how to compute V7 (s) for a given policy 7. There
are essentially three direct ideas that one might come up with:

« approximate the expectation by Monte Carlo,
o solve the (linear) Bellman expectation equation using linear algebra (e.g. matrix inversion),
« find the fixed point of the Bellman expectation operator using Banach’s fixed point iteration.

The first idea and subtle variants will be topic of the next chapter, the latter two approaches
will be address now.

Recall the Bellman expectation operator for a stationary policy « € I,:

T™v(s) = Z m(a; s)(r(s,a) + Z p(s'; s,a)v(s’)).

ac A, s'eS
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and that the value function V™ is a fixed point of the Bellman operator T™.

The one-step reward r(s, a) is a shortcut for r(s,a) = > cs D, cr 7 P(s',7; 8, 0),
sometimes we prefer to write the detailed form in order to emphasise more explicitly
the dependence on the Markov decision model. The Belman operator than takes
the form

(T™v)(s) = Z m(a; s) Z Zp(s’,r; s,a)[r+v(s")], seS.

a€EA; s’eESTreR

The equation looks complicated but (S is assumed finite) is just a system of linear equatinos
that can be solved by means of linear algebra techniques. This becomes directly evident when
we rewrite the fixed point equation in vector notation

VTF — 7,,71' _’_,VPTI'VTI"
where

PT = ( Z m(a; s)p(s';

/
,s,a))( NESXS
X
ac A, 8
r™ (

a; m(a; s)r(s, a)) s

s

with P™ € RISISI and 7, V™ e RIS,

Please check that indeed T™ = r™ + v PT™.

Given different use cases, each of these notations may be favorable. The reader may forgive our
shifty notation in favor of uncluttered statements.

&9 Proposition 2.3.1. The (affine) linear equation V' = r™ 4+ vP™V has a unique
solution. Hence, V™ can be computed explicitly as

V™ = (I —~P™) 1y, (2.17)

Proof. This follows immediately as the Bellman expectation operator is a contraction (compare
the exercise after Theorem 2.1.26). To compute the solution is straightforward linear algebra
operation:

Vi=rT+~4P"V"™ & (I—PM)V™=¢"
& Vi=(I—-yP") "
The existence of the inverse is guaranteed as the linear equation has a unique solution. O

As a consequence we see that the evaluation of a policy simply corresponds to the inversion of a
matrix. However, although this computation is straightforward, it is a tedious and expensive
computation. The complexity of matrix inversion (using Gauss-Jordan elimination) is O(n?) and
n = |S]| can be huge. Thus we will also explore iterative solution methods.

As seen with value iteration we can use the convergence properties of the iterates of a contraction
mapping. We want to do the same for the operator T™ for a stationary policy. Using Banach’s
fixed point theorem convergence (T7)"vy — V™ holds for any initialisation vg. Implemented as
an algorithm we obtain Algorithm 8.
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Data: Policy w € IIg, e >0
Result: Approximation V ~ V7™
Initialize V =0, View =0
A=1
while A > ¢ do
Set V = View
for s € S do
| Vaew(s) = 2aea, 705 8) Yyes 2rer P(s's75 5,0) [r + 4V ()]
end
A = maxses |[Vaew(s) — V()]
end
V= Vnew
Algorithm 8: Iterative policy evaluation (Naive)

Theorem 2.3.2. Algorithm 8 terminates and ||V — V7|, < 7.

Proof. The proof is identical to the proof of Theorem 2.2.1 which is only based on the fact that
T* is a contraction with constant . Since T™ is equally a contraction with constant vy the same
result holds. O

Algorithm 8 can be improved in terms of memory. The simple fixed point iteration algorithm
requires to occupy memory for 2 |S| values since V has to be fully stored in order to compute every
value Vj,e(s). This can be done more efficient by directly using available data, see Algorithm
9. The algorithm does not perform the matrix computation with T™ directly, but row by row,
updating coordinate by coordinate instead of all coordinates at once.

Data: Policy w € IIg, e >0
Result: Approximation V =~ V7™
Initialize V =0
A:=¢
while A > ¢ do
A:=0
for s € S do
vi=V(s)
V(s):= Z w(a; s) Z ZP(S/,T; s,a) [r+~V(s)]

acA; s’eSrer

TV (s)=(r"+P7)V(s)
A = max(A, v —V(s)|)
end

end
Algorithm 9: Iterative policy evaluation (totally asynchroneous updates)

I€ Try to prove convergence of the totally asynchroneous policy evaluation algorithm
(without termination) to V7. To do so enumerate S as sy, ..., s and define

TV (s') = {T“V(s) is=¢ ,

V(s) is#£ S
i.e. T™ is only applied to coordinate s while leaving all other coordinates unchanged.
Then the inner loop of the algorithm performs nothing but the composition T™ :=
(T7 o...oTT)(V), which is not the same as applying 7! Show that V'™ is a fixed
point of the composition and the composition is a contraction on (U, || - || ), proceed
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I( step by step using the estimates to show that Bellman operators are contractions.
Without the termination the outer loop is nothing but an iteration of T, hence,
without termination the algorithm converges to V™.

Algorithms in which coordinates s are treated differently are called asynchroneous algorithms.
In fact, there are other versions of the algorithm in which coordinates are not swept in order
but randomly. We will come back to such asynchroneous algorithms in the next chapter (e.g.
Q-learning is of exactly that kind replacing Bellman’s expectation operator by the state-action
optimality operator).

2.3.2 Policy improvement

We now aim to improve a given policy, that is, to slightly change it such that its value function
takes larger values. Mathematically speaking, for a policy = € II and a value function V™ we
aim to find a policy «’ € II such that

VT(s) < V™ (s), VseS.
The improvement is called strict if
V7(s) < v (s) for at least one s € S.

If 7 is not optimal, there always exists a strict improvement, e.g. the optimal policy. We now
want do define a procedure to update a non-optimal policy to an improved policy. The key idea
is to change the policy at a single state s € S to a particular action. For this we look at the
action-value function of a stationary policy m € Ilg. Recalling that

VT(s) = Y 7(a; 5)Q"(s,a)

a€A,

it becomes apparent that

max Q" (s,a) > V™ (s). (2.18)

In other words, the inequality above implies that choosing an action a € A that maximizes the
expected reward in state s and the expected future value of following a policy 7 is at least as
good as following the policy 7. Recalling Definition 2.1.28 this suggests to use the greedy policy
mg~ induced by the Q-function of the current policy 7 which then leads to the simple policy
improvement algorithm. The improvement of the greedy policy improvement is a special case of

Data: policy 7 € Ilg, @Q-function Q™
Result: improved policy 7/ = greedy(Q™)
=
for s€ S do

Choose a*(s) € argmaxgc 4, Q™ (s,a)

7' (a*(s); s):=1

for a € A\ {a*(s)} do

| 7'(a;s)=0

end

end
Algorithm 10: Greedy policy improvement

the policy improvement theorem.
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;’ Theorem 2.3.3. (Policy improvement theorem)
Let 7,7’ € IIg be two stationary policies, then the following hold:

(i) If

VT(s) < Y (a5 5)Q7(s,a), Vs€S, (2.19)
a€A,

then 7’ is an improvement of .

(i) If there is a strict inequality in (2.19) for some state s then the improvement
is strict.

(iii) For every policy m € IIg the greedy policy obtained from Q™ improves .

On a heuristic level the theorem is trivial. If a stationary policy 7’ is better for one step (in all
states) then (by the Markov property) the policy will also lead to a larger reward if it is used in
all time-steps. But then the value function for 7’ is bigger than that for .

Proof. (i) Using definitions, assumptions and the definition of Bellman expectation operators we
get

vis) < 3 (a5 $)Q7(s,a)

acAg
= Z 7' (a; s)(r(s,a) + Z p(s’; s,a)V”(s’)) =T V7(s).
acA; s'eS

Monotonicity of Bellman operators allows us to iterate the equation to obtain

Vi(s) <T V™ (s) < T T"V™(s) < ... < Jim (T V™ (s).
—00

By Banach’s fixed point theorem the iterations of T converge uniformly (thus pointwise) to
the unique fixed point of T™ , which is V™ . Thus, V™(s) < V7™ (s) for all s € S.

(ii) For strict inequalities the above steps imply strict inequalities.

(iii) To check that the greedy policy update satisfies the one-step improvement property is easy.
With a*(s) € argmaxgea, Q7 (s,a), the greedy policy 7’ satisfies the improvement condition:

Vi) = Y wlas )Q7(sa) < max Q7(s,0) Y wlass) = 3 w(as )Q7(s,a)
acAg a€As acAg ac€As
=1

Hence, (i) implies the claim. O

For the following section we also want to prove the following lemma that links greedy policy
improvement to optimal policies. After all, this is still what we are on the look for.

ﬁ Proposition 2.3.4. Let m € IIg and 7’ the greedy policy obtained from Q™, then

Vi=V" (or Q" =Q") = mand 7 are optimal.

Proof. Tt follows from Lemma 2.1.20 that equality of the value functions implies equality of the
state-action value functions, hence, we work with (). As in the previous proof we compute, using

a*(s) € argmaxgea, Q7 (s,a),

Q7 (s,a) = r(s,a) +7 3 3 pls's s,a)7(ds $)Q7 (5, a)

s’eSa'eAq

=r(s,a)+v Y p(s'; 5,0)Q" (5, a"(s)).

s'eS
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Now suppose that Q™ = Q“/, then the equation becomes
Q7(s.0) = r(s,0) + 74 3 pls'; 5,a) max Q(s',a).
s’eS /€A

Hence, Q™ and Q™ both solve Belman’s state-action optimality equation. Since this has a unique
solution we deduce @™ = Q* = Q™ (and both are optimal). O

Corollary 2.3.5. For a non-optimal policy @ € Ilg, the greedy policy n’ =
greedy(Q™) obtained from Q7 is a strict policy improvement.

Proof. The claim follows directly by Lemma 2.3.4. O

Apart from the greedy policies there is a second interesting application of the policy improvement
theorem. For that sake we need a bit of extra notation.

l!lJ Definition 2.3.6. A policy 7 € Ilg is called

o soft, if it fulfils
mw(a; s) >0 Vs € S,a e As,

e g-soft for some 1 > ¢ > 0, if it fulfils

w(a; s) > Vs €S,a € As,

€
| As|
e e-greedy with regard to @, if it selects the greedy action with respect to Q
with probability (1 —¢) and a (uniform) random action with probability e,

i.e.
l—e)+ =% :a=a*(s
m(a; s) = (E )+ <>. )
N : a otherwise

where a*(s) € arg max, Q(s,a

Let us recall the discussion of the e-greedy learning strategies for stochastic bandits. Such
policies are considered suboptimal as they lead to linear regret, they play suboptimal arms with
probability e. Similarly, e-soft policies cannot be optimal as suboptimal actions must be played in
contrast to greedy policies that only play optimal actions. Hence, e-greedy policies will typically
not improve policies, but they do improve all other e-soft policies:

Proposition 2.3.7. If © € IIg is e-soft, then the e-greedy policy ©’ obtained from
Q™ improves 7.

Proof. This follows by checking the condition from the policy improvement theorem:

€
(s) |A|Q§Q s, a) |A|G§Q sa—i—Z a; $)Q™(s,a)
m(a; )
IAIZQWSG Calb 1—5‘AS|QW( @)
a€A, 4 —_——
>0, e-greedy
< — Z Q™ (s,a) + (1 —e)max Q7 (s, a)
|A |a€.A “
= Z 7'(a; 5)Q™ (s, a).
acAs



2.3. BASIC POLICY ITERATION (ACTOR-CRITIC) ALGORITHM 7

2.3.3 Policy iteration algorithms (tabular actor-critic)

The ingredients developed above can now be combined to obtain the policy iteration algorithm.
The idea is simple: alternate policy evaluation and improvement, compute V™ and then improve
to 7’ using the greedy strategy obtained from Q™. The above results show that every improvement
step improves the policy and the limit of the procedure ist 7*. Here is an illustration of the
procedure:

m VTN T VTN M SN\ T

The algorithm obtained this way is called policy iteration algorithm. Since there are many
variations how to perform the policy evaluation (exact or approximatedly) we will meet several
variants in the chapters below. We will first restrict ourselves to exact evaluations of V™ using

Data: initial policy my € Ilg
Result: optimal policy 7* € T1%
initialise arbitrarily View, Tnew
stop = Fualse
while stop = False do
Policy evaluation (critic): Obtain V7 by computing (2.17).
set Q7 (s,a) = s D rer P(s 75 5,a) [r +~yV7(s)] for all a, s
Policy improvement (actor): Obtain the improved greedy policy myeyw from Q7
if V7w = V7™ then
| stop = True
end
end

return 7 = Tpew
Algorithm 11: Greedy exact policy iteration (actor-critic)

the matrix inversion (2.17).

f Theorem 2.3.8. (Greedy exact policy iteration)
Started in any policy the policy iteration Algorithm 12 with exact policy evaluation
and greedy policy update for finite MDPs terminates in a finite number of iterations
(at most |A| - |S]) with a solution of the optimality equation and an optimal policy

.

Proof. By Corollary 2.3.5 in each iteration there is a strict improvement of the next policy «’ (i.e.
there exists at least one s € S such that V7 (s) < V™ (s)) and the set of deterministic stationary
strategies is finite (|IIY| = |S|I* < 0o) the algorithm has to terminate in finitely many steps. By
Lemma 2.3.4 the termination of the algorithm, thus V™ = V’r/7 implies that 7’ is optimal. [

Also for infinite state and action space the exact policy iteration algorithm converges monotonically
and in norm to the optimal policy. Since the exact policy evaluation is hardly possible if S
and/or A are huge we do not go further into the analysis

& Typically the value functions V™ will not be computed explicitly but the policy
iteration algorithm will be used in an approximate manner where V™ is estimated.
One example is to replace the explicite evaluation of V™ by a few steps of the
Banach fixed point iteration corresponding to 7™, compare Algorithms 8 or 9.
Other examples will be discussed in Chapter ?7. All algorithms alternating between
value function estimation a policy improvement (not necessarily greedy)

m AV N T AV N e SN\ T
~V 7o ~V7T1

will be called generalised policy iteration algorithm. The aim will be to
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& generate algorithms that converge as quickly as possible to a policy m which is as
close to m* as possible.

Data: initial policy m

Result: optimal policy 7* (or approximation of 7*)

while not converged do
Policy evaluation (critic): Obtain estimates for V™ and/or Q™ from some algorithm.
Policy improvement (actor): Obtain (hopefully improved) policy mpew by some

algorithm.
Set T = Tpew-
end
return 7

Algorithm 12: Generalised policy iteration (actor-critic) paradigm

It is not clear at all if a generalised policy iteration algorithm converges to an optimal policy and
when to stop the algorithm! The errors made by policy evaluation and improvement might easily
build up. It is a very non-trivial task to find and tune approximate algorithms that converge. In
Section ?? will come back to generalised policy iteration with e-greedy policies.

The notion ,,while not converged“ in algorithm pseudo code will always refer to a
non-specified termination condition. In many algorithms we will specify a concrete
termination condition.

An interesting version of generalised policy iteration comes in combination with e-greedy policies
that will be useful later to introduce exploitation into some algorithms. Let us extend the notion
of optimality to the class of soft policies.

l!.J Definition 2.3.9. An e-soft policy 7* is called e-soft optimal if

V™ (s)= sup V™(s)=:V*(s), VseS.

7 e-soft

There is a nice trick how to show convergence of e-greedy policy iteration. Since e-greedy policies
play some action with probability e they will never be optimal (except in trivial cases) so they
won’t converge to an optimal policy. Nonetheless, they do converge to a policy which is optimal
among the e-soft policies.

Theorem 2.3.10. (e-greedy exact policy iteration)
Started in any e-soft policy the generalised policy iteration algorithm with exact
policy evaluation and e-greedy policy update converges to an e-soft optimal policy.

Proof. To prove convergence of exact policy iteration with greedy policy update (Theorem 2.3.8)
used the Bellman equation to guarantee that no further improvement means that the current
policy is already optimal. This does not work for the e-greedy policy iteration algorithm. To
circumvent this problem we use a trick and “move the e-softness into the environment”. For that
sake let us define a new MDP with transition function

p(s’,r; s,a) = (1 —¢e)p(s’,r; s,a) + c Z p(s',r; 5,0).
[As| beAs

This means, that with probability e, the transition kernel will ignore the selected action and
behave as if a uniformly random action was chosen. We can transform stationary e-soft policies
7 from the old MDP to stationary policies 7 of the new MDP via

m(a;s) — IA%

’ﬁ'(a, S) = T‘ 20



2.3. BASIC POLICY ITERATION (ACTOR-CRITIC) ALGORITHM 79

Let us denote the mapping by f : # — &. Conversely, for every stationary policy 7 of the
transformed MDP we can define the e-soft policy 7 by

w(a; s):=(1—¢e)m(a;s)+ Al

which is the inverse mapping. Therefore f is a bijection between the e-soft policies in the old
MDP and all stationary policies in the new MDP. We now show, that the value functions V7™
stay invariant with regard to this mapping. For that sake note that

B(s's s,0) = (1= e)p(s's 5,0) + W > p(s's 5.b)

*lbea
and
7(s,a) = (1 —¢)r(s,a) + j Z r(s,b),
[As| beA
hence,
. _ m(a; s) — 5 .
> #las $)i(s,0) = 3 (1—_8M|> ((1 —&)r(s,a) + v r(s,b))
acAs ac€Ag sl vea.
€ m(a; s) v
= m(a; s) — —— |r(s,a) + r(s,b) Z s
a€A, ( ‘As|) Al e, acA, 1-¢
=1
= Z m(a; s)r(s,a)
aCAs
Similarly:
- . m(a; s) — lj—s‘ .
a;ﬁ (a; s)ply; s,a) = ags (T) ((1 — P s a) + o b;g ply; s,b))
= > wla; $)ply; s.a)
a€As

Combining the above yields

TVT(s) = 3 wlas ) [F(s.0) + 7 Y 5l 5, a)V7 ()]

a€A; yeS

= > wlas ) [r(s,a) £ Y ply: 5,0V ()]
a€A, yeS

=TV (s) =V"(s

~

Since the fixed point is unique it follows that V* = V™ and, as f is bijective,
sup V7(s) = sup V7(s), (2.20)
7ellg  e-soft

For the @Q-functions we obtain

Qﬁ(sv a) = 'F(S’a) + Zﬁ(yv s,a,)Vﬂ(y)

yeS

= (1=9)(r(s.0) +7 Y ply: 5.0V (3)

yeS

|A\ > (.0 + 7 Y wly; 5.b)

be A, yeS

= (1-9)Q (5,0 + 77 3 (1.0 +7 X plws 50)).

beAg yeS
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which implies that

arg max Q7 (s, a) = arg max Q" (s, a).

Therefore greedy with respect to Q™ and Q7 is the same. Let 7, be an e-soft policy, and let
Tnt1 be e-greedy with regard to @™ . Then 7,41 := f(mn11) is greedy with respect to Q™:

gy M gy [ gy
Tni1(a; s) = =q . 1= :
e 1—e AL &l — ¢ : a otherwise
—&

Since we proved in Theorem 2.3.8 convergence of exact policy iteration with greedy policy updates
the proof can be finished:

sup V™(s) (229 sup V7(s) = V7™ (s) = lim V7 (s) = lim V7™ (s)
7 e-soft Fellg n— oo n— o0

O

On first view it is completely unclear why there might be any interest in e-greedy policy iteration
if we already have greedy policy iteration that converges to an optimal policy. The reason, as we
will discuss in the next chapter, comes from the policy evaluation step. Greedy policies can be
very unfavorable to estimate @)-values or the value function if those cannot be computed explicitly.
In contrast, e-greedy policies have pleasant exploration properties, they force the algorithm to
look at all actions and not only the ones that are already known to be good. The reader might
compare with the exploration-exploitation trade-off for stochastic bandits in Chapter 1.

2.3.4 Relation of policy iteration and value iteration

There is an important simple observation that we should always keep in mind as it reappears
later in the discussion of SARSA and Q-learning. Value iteration is a short-cut of policy iteration,
it combines the two phases of policy iteration in one. Why is that?

Recall that T*v = T™ v so that

(T*v)(s) = max {7‘(3, a) + Z p(s’; s,a)v(s')} = (T™w)(s).

a€A,
s'eS

It follows that value iteration is exactly the same as policy iteration, where the
critic step evaluates V™ with just one Bellman expectation update.

One can quite righly as weather policy iteration or value iteration is the better algorithm. This
comparison shows that value iteration can be more efficient if

2.4 Stochastic control in finite time

So far we discussed stochastic control problems with geometrically distributed random time
horizon (equivalently, infinite time horizon with discounted rewards). In this section the time
horizon will be a fixed deterministic time 7. The geometric time horizon is a simpler problem as
the forgettfullness of geometric random variables leads to stationary optimal policies. This is
different for deterministic time horizon, optimal policies (7} ):<7 will be non-stationary!

3at some point also include a terminal payout (which now is 0)
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2.4.1 Setting and dynamic programming

As in the previous section we will consider (S, A¢, Ri)i<r with the only difference that time is
restricterd to D = {0, ..., T} for some T € N fixed. Action and state spaces as well as transition
probabilities p remain unchanged, policies m = (m; : t € D) are defined as before. The finite-time
stochastic contol problem consists in optimising the state value function Eg[ZtT;Ol R;] over all
policies.

Example 2.4.1. An example to keep in mind is the ice vendor who has a three month summer
season (Germans also love ice cream during winter, most others don’t). The optimal production
strategy of the vendor will depend upon the distance to the terminal day, there is no need in
having ice cream left after the last day of the season. An optimal policy of time-dependent
problems will henceforth never be stationary!

Compared to infinite time-horizon MDPs crucial differences appear. Most importantly, the idea
of dynamic programming (reduce the problem to simpler sub-problems) becomes much clearer.
The general idea of dynamic programming is to reduce a problem to a smaller problem and then
build a solution to a larger problem from solutions of smaller problems. For infinite horizon
control the idea did not become very explicit as the reduced problem (starting one time-step
later) is identical to the original problem (multiplied by v). Thus, the reduction attempt only
led to a set of equations. Here, the finite time horizon forces the reduced problem (starting one
time-step later) to be simpler. The resulting set of equations will turn out to be a backwards
recursion instead of a closed system of equations.

Let us write 7 € II] to denote that m = (m-)iT;tl is a policy that runs from time ¢ to 7', i.e. w
consists of T'— t Markov kernels. The definition of the state value function for T-step MDPs is
as follows.

l!.J Definition 2.4.2. For any policy 7 € II7 the functions (vectors) defined by
Vir =0 and

T—g—il =il
ViriS—R, soE[ Y R|=EE_[Y R,
i=0 i=t
for t < T are called time-state value functions, where 7 is the policy 7 shifted by

t, i.e. 1; = myy for i = 0,...,T —t — 1. The function VO’fT is called state value
function.

Typically the time-state value function is defined as V;"y(s) = E[Z;";l R;|S: = s]. To avoid
discussions of conditioning on zero-sets we shift the starting time to 0 and force the start in s.
This is rigorous (not pretty) and we keep in mind that V"7 is the total reward gained after time
t. We also have to redefine the state-action value function

L!!] Definition 2.4.3. For any policy = € II7' the functions (matrices) defined by
QT =0 and

T—t—1 T—1
Qrr:Sx AR, (s,a)— 1[«:’;@[ Rl} — gt:&At:a[ Ri],

1=t

Il
=]

i

for ¢ < T are called time-state-action value functions. The shifted policy 7 is
defined as in the previous definition. The function Qg 1 is called state-action value
function.

From now on we will drop the subscript 7. We will just write V;™ and @7, except in situation
in which the emphasise lies on T'. As for discounted MDPs the difference between V and @ is
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that the first action is fixed to be a for ). Similarly to Lemma 2.1.20, we also get a lemma that
discribes the relation between the state value function and the state-action value function for a
fixed policy:

f Proposition 2.4.4. Given a Markovian policy m = (m)tc<7 and a T-step Markov
decision problem. Then the following relation between the state and state-action
value function hold

Vr(s) = 3 mla; 9)Q7 (s,a),

acA,

Qt(sa)—rsa—i—z a)Viia(s)

s'eS

for all t < T'. In particular, the Bellman expectation equations (backwards recur-
sions)

Vi(s) =3 mla; s)[r(s,a) + 3 pl(s's 5,00V (1),

acA s'eS

Qi(5,0) = r(s,0)+ 3 3 b5 5,0)m1(0s 8)Qf (5, )

s’eSa’€A;

hold for ¢t < T.

Proof. Expressing V; in terms of @); is a matter of definition of Ey, just as in the infinite horizon
case. For t < T we can use the Markov reward property of (S, A, R) and the formular of total
probability to derive the recursions. This is exactly the same as in the proof of Proposition
2.1.19. Let’s add the proof for completeness. Recall from Proposition 2.1.17 # that (S, A, R) is a
Markov reward process so that by (2.7)

ES . [Rl +Ro+ ...+ Rp_41|S1=5,4A1 = al} = Ej/,a’ [Ro +Ri+ ...+ Rr_yo| =QF 1 (s',d).

Thus, using the formula of total probability,

i=0
= ]Egr,a [RO] + E?,a [Rl + Ra... + RT—t—1:|

=r(s,a)+ Z ]E?,a [Rl +Ro+ ..+ Rp_y—q ‘ S1 =54, = a'] P:a(sl =5 A4 =d)
s’'e€S,a’ €A

=r(s,a) + Z ]P”;a (51 =5 A = a’)Qf+1(s’, a)

s’e€S,a’€Aq

=r(s,a) + Z Z p(s'; s,a)mi (a5 " )QE (s, a’)

s’eSa’eA,

(s,a) + Z Z ; 7Tt+1( 3')Q?+1(5/7a/)-

s’eSa’€A,

4at some point rewrite proposiiton for Markov policies, works equally
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The equation for V' follows directly by plugging-in V;"(s) = > c 4 7i(a; 5)QF (s,a) twice:

Vi(s) =Y mla; s)QF (s,0)

acA;

=Y mlas)(rsa)+ X D b5 s @)@y QT ()
a€A, s'eSa’€Ay

= Z mi(as; ) (r(s,a) + Z p(s'; s,a)Vtil(s’)).
acAg s'eS

O

It is important to note that the system of equations is different from discounted MDP problems.
First, the discounting factor dissapears as v = 1 and, secondly, the linear systems are actually
recursions that gradually simplify the system towards the terminal conditions Q7 =0, Vi = 0.
Or, reversed, starting with the zero-vector (resp. zero-matrix) a backward induction allows to
compute V; and Q; recursively. There is no system of equations that needs to be solved!

Similarly to the discounted setting the optimal value functions are defined, now depending on
the remaining time-horizon:

L!!] Definition 2.4.5. For any ¢ < T and a given Markov decision problem

« the function V;* : S — R that takes values

is called optimal time-state value function.

o the function Q7 : S x A — R that takes values

Qi (s,a) = sup Q7 (s,a), s€S,a€ A,

mell
is called optimal time-state-action value function.
e a policy 7* that satisfies
V() = Vir(s), s€S,t<T,

is called optimal.

As for discounted MDPs the optimal value functions are the best value functions that are
theoretically achievable by a policy. It is far from obvious that there is an optimal policy. As in
the discounted setting we get the following relations

Lemma 2.4.6. The following holds for the optimal time-state value function and
the optimal time-state-action value function for any s € S:

(i) Vi*(s) = maxgeq, Qi (s,a) forall t < T,
(i) Qi(s,a) =r(s,a) + > ycsp(s'; 5,a)Vi (s") forallt < T

In particular, V* and Q* satisfy the following Bellman optimality equations (back-
wards recursions):

Vii(s) = e {r(s,a) -+ y;sp(s'; s,a)Vtil(s')}, s €S,
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;’ and

Q; (s,a) =7r(s,a) + Z p(s'ss,a) max Qpy(s',d’), s€S,a€A,,
oS a’eA,

forallt < T.

Proof. The proof is the same as in the infinite setting. First write

Vi (s) =sup V" =sup Y mi(a; $)QF (s,a)
4 4 acAg

and then try to maximise the righthand side by playing greedy with respect to Q;. O

For discounted infinite time horizion problems we could now show that it is suifficent to consider
stationary greedy policies. The stationarity is in general not true for finite time horizon
MDPs. Consider for example the ice-vendor MDP and assume that we close our store in the
winter. Then the amount of ice cream we want to order dependents stronly on the time horizion
up to the closing date. It is clear that we would like to order with a different stategy if we can
sell the ice cream for 6 weeks rather than just for 1 week. Given this observation it is clear that
we can no longer restrict the set of policies to stationary policies and it follows also that we have
no fixpoint relation in the value function. We can formulate the following theorem:

f Theorem 2.4.7. (Dynamic programming algorithm)
Suppose v; : S = R, t =0,...,T, is a sequence of vectors that fulfill the Bellman
optimality equations (backwards recursions)

0 s =1r
Ve(S) = )
t(s) {maXaeAs {r(s,a) + Y oesp(s s,a)vt+1(3’)} t<T

then v, = V* for all ¢t = 0,...,7. Similarly, if ¢ : Sx A = R, t =0,...,T, is
a sequence of vectors that fulfill the Bellman state-action optimality equations
(backwards recursions)

0 t=T
Qt(saa):{ ’

r(s,a) + > csp(s'ss,a) maxgea, qy1(s,a") 1t <t

then ¢; = Q7 for all t = 0,...,7. Most importantly, an optimal (non-stationary)
policy is given by the greedy policy

1 ra=ua;(s)
ml(a; s) = t where al(s) = arg max ¢;(s,a).
i(a; ) {O : otherwise ’ £(s) gaeAs a:(3,a)

Proof. Suppose g solves the optimality recursion and 7¢ is the greedy policy. By uniqueness ¢
equals Q*. Tt remains to show V* = V™ then 77 is optimal by definition. But this follows from
the previous lemma and the fact that ¢ = Q*. First for Q:

Qi (s,a) =r(s,a) + S/;Sp(s’; s,a) aI/IelEE; Q:Jrl(s/a a’)
= T‘(S,(l) + Z p(sl; S,(l) Z Tr)(f]Jrl(al; SI)Q;S:»l(S/,a/)'

s’'eS a’€A,

This means that also the sequence of matrices @Q* solves the Bellman expectation equation
for 9. Since the recursions have a unique solution it follows that Q; = qu for all ¢t < T.
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Finally, using the definition of the greedy policy and the relations V;*(s) = max,c4. @ (s,a)
and Vi (s) = >_,c4, mi(a; s)Q7F (s,a) between V' and @Q gives

V¥(s) = max Q*(s,a) = max Qi(s,a) = Y _ my(a; $)Q(s,a) = V74(s),

acA; acA.
We have thus proved that V;* = V" for all t+ < T which shows that Tq is optimal. O

The key tool to solve finite time horizion MDPs follows from Theorem 2.4.7 and is called
backward induction. If the state-action space is not too large and we have access to the transition
probabilities, then the optimal control problem can be solved backwards iteration. Let us recall
the ice vendor example on finite time-horizon to get an idea why this is intuitive. In the last
timestep, there is no opportunity to sell any more ice cream, the summer season is over. In the
optimal situation we obviously have no more stock which corresponds to V7 = 0. Then we go
backwards in time step-by-step and consider what is optimal in every possible state. Suppose
one day is left. The recursion gives

Qr_i(s,a) = r(s,a) + Y p(s'ss,)Vi(s)  =r(sa)

last days profit s'€S

=0, no future to be considered

and the optimal policy becomes

7 1(s) =arg max r(s,a).
i (s) = arg max r(s, )
What does this mean? For the last step we need to chose the action that maximises the expected
reward without any thought about the future. No surprise! If the expectations are know, nothing
needs to be done. If not, this is nothing but the bandit problem! For the next time-step T' — 2
the recursion gives

Qi a(s,a)= r(s,a) + Y p(s'ss,a) max Qp_y(s',a))
——

a’€A,
eS s
todays profit s'€

next days profit if next day is played optimally

and optimally the ice vendor orders/produces ice cream according to
Tr_s(s) = arg max Qp_(s, a).
aC€As

If one could carry out explicitly the recursion till ¢ = 0 the sequence (7} );=1,.. 7 is an optimal
time-dependent policy.

Finite-time control problems are similar to the stochastic bandits. If all quantities
are known explicitly the problem is essentially trivial, the optimal policy is obtained
by chosing largest Q-values and those can be computed without any effort. For
discounted infinite-time problems at least the non-linear equation 7% = @ must
be solved which is not a trivial task. As for stochastic bandits the situation becomes
interesting once the Q-values cannot be computed explicitly but must be estimated
by interacting with the environment. This will be the subject of the next chapter.

2.4.2 Dynamic programming algorithms

In the context of fully available dynamics the dynamic programming algorithms are very simple
for finite MDPs. No equations must be solved, only recursion followed backwards must be
computed from the terminal condition. Theorem 2.4.7 immediately translates into a simple
optimal control algorithm.

5Sara: Wuerfelbeispiel
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Data: MDP with finite time-horizon T, policy m € I
Result: V" and QF forallt=0,...,7 -1

Set backward induction start VJ =
fort=T-1,...,0do

for s € S do

for a € A; do

Q7 (s,a) =r(s,a) + Z p(sl ; s, a) til(sl)
s'eS
end
Vi(s)i= > mla; s)QF (s,0a)
a€A,
end
end

Algorithm 13: Policy evaluation for finite-time MDPs

Data: MDP with finite time-horizon T

Result: V;* and @ for all t =0,...,7T and optimal policy 7*
Set induction beginning Vi =0

fort=T-1,...,0do

for s € S do

for a € A, do

s'eS
end
Vi(s) ==Y i (a; 5)Qi(s,a)
acA
i = greedy(Qy)
end

end
Algorithm 14: Optimal control for finite-time MDPs



Part 11

Non-Tabular Reinforcement
Learning
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Up to now we studied so-called tabular algorithms under the basic assumption a table for all
state-action pairs can be saved. We then developed algorithms that explicitly dealt with all
state-action pairs for instance by computing or estimating the matrices @™ or @*. This approach
is only feasible if the number of state-action pairs is small enough to at least safe such a table (not
to think about operating with the tables, i.e. multiplications, inversions, ect.). This assumption
is widely unrealistic. It makes sense for gridworld examples but immediately fails for interesting
control problems such as playing a computer game. The number of actions is often not the
problem but the number of states might be huge (or even infinite). In such situations tabular
algorithms are not feasible and further approximations are indispensable. In this part we will
discuss a few of the classical approaches:

e Policy approximation. The set of all policies is replaced by a parametric family for
which the best policy is approximated using (stochastic) gradient descent,

o Value function approximation. for which the Q-matrix (or value function) is replaced
by an approximate family (Qg)oco and instead of learning all entries Q(s, a) separately we
try to find the best approximating matrix (in some sense) Qg~ by optimising a suitable
errorfunction using (stochast) gradient descent.

e Actor-critic. Mixtures of policy approximation and value function approximation.

All these methods have in common that they somehow involve a (stochastic) gradient algorithm.
We thus start with in introductory chapter introducing some of the most classical results.
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Chapter 3

A quick dive into gradient
ascent /descent methods

We will focus during this section® on gradient descent methods for functions f : R — R, i.e. we
aim to find (local) minima of f. Note that all results hold similar for gradient ascent methods by
considering — f instead of f, then all maxima are minima.

Before we get started recall from basic analysis that the negative gradient is the direction of the
steepest ascent, i.e.

argmaxq -, f'(z)d  =Vf(2),

slope in direction d

and the negative gradient the direction of steepest descent, i.e.

argmin, g = f(z)d =-V/f().

slope in direction d

This motivates the minimisation scheme that goes step-by-step in the direction of the gradient
multiplied with the lenthetah of each step determined by a step-size:

Tpi1 = xp —aVf(zy), z0€R%

Since only derivatives of first order are involved such a numerical scheme is called a first order
scheme. How to chose the step-size (lenthetah of step into gradient direction) is non-trivial.
Going too far might also lead to an increase of the function, not going far enough might lead
to very slow convergence. To get a first feeling have a look at the illustration of two extreme
scenarios. For a quadratic function f(z) = ||z||*> gradient descent can converge in one step,
for functions with narrow valleys the convergence is very slow. The problem in the second
example the mixture of flat direction (in the valley) and steep direction (down the ridge) that
is reflected in a large ratio of largest and smallest Eigenvalue of the Hessian V2 f(x). Thus, it
is not surprising that good convergence properties hold for functions not too big Eigenvalues
(so-called L-smooth functions) and not too small Eigenvalues (so-called strongly convex). We
will not talk about Eigenvalues but uses equivalent definitions that are more straightforward to
be used in the proofs.

1For much more please check the lecture notes https://www.wim.uni-mannheim.de/media/Lehrstuehle/wim/
doering/OptiML/Sheets/lecture_notes_01.pdf of Simon Weimann and, of course, the standard text book
"Nonlinear programming" of Dimitri P. Bertsekas from which most proofs are taken.
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§

To get a first impression in what follows we will go through the most basic theory, for L-smooth
(not too step) and strongly convex (not too flat) functions. What is more relavant for policy
gradient in reinforcement learning is the continuation for functions that satisfy the so-called PL
inequality (gradient dominates the function differences).9

Let us start with L-smoothness.

Definition 3.0.1. We call a function f : R? — R L-smooth if f is differentiable
and the gradient V f is L-Lipschitz continuous, i.e.

IVf(@) = VIl < Llz—yl, Vz,yeR™ (3.1)

L-smoothness is a property in which gradient descent algorithms have a good chance to converge
and, luckily, gradients of value functions of MDPs are L-smooth for some choices of policies. To
get an idea of what L-smoothness means note that for twice-differentiable f the L-smoothness is
equivalent to all eigenvalues of the Hessian V2 f(z) to be in [—L, L]. Thus, L-smooth function
do not have very strong curvature.

3.1 Gradient descent for L-smooth functions

In this first section we consider gradient descent with the only assumption of f being L-smooth.
In that case gradient descent does not necessarily converge to a (local) minimum but we can
show it converges (if it converges) to a stationary point, i.e. a point with vanishing gradient.
Stationary points are not necessarily (local) extreme points, saddle points are also stationary.

Lemma 3.1.1. (Descent lemma)
Let f:R? — R be L-smooth for some L > 0. Then it holds that

fle ) < f@) + 5"V (@) + 2yl (32)

tangent at = plus quadratic

for all z,y € RY.

Note that small L makes the deviation of V f smaller, thus, the function smoother. It will later
turn out that convergence of gradient descent is faster for smoother functions.

Proof. We define ¢(t) = f(x + ty) and apply the chain rule in order to derive

() =y ' Vflx+ty), telo1].
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By the fundamental theorem of calculus it follows
1
o) = 1) = 01— 00) = [ &0t
0
1
= / yIV f(z + ty)dt
0
1 1
— [ Vi@t [ (Ve ) - V)
0 0
1
<y"'Vf(z) +/ Iyl IVf(z +ty) = Vf(z)|dt
0
1
<y"f@)+ ol [ Lt ol
0

L
<T@ + ol
where we have applied Cauchy-Schwarz followed by L-smoothness. O

The aim is to show that the gradient descent algorithm converges to a (local) minimum. This is
not always the case, the algorithm can for instance also converge to saddle points. What is true
without any assumptions, except the minimal differentiability, is the convergence to a stationary
point, i.e. a point with vanishing gradient.

f Theorem 3.1.2. Let f:R? — R be L-smooth and (z)ren be defined as

Thy1 = T — de({Ek), xo € Rd,

° o ° = 2—¢ 2 o
with non-negative step-size a € |[e, T ] for some € < T Then every accumulation

point Z of (zx)ken is a stationary point of f, i.e. Vf(z) = 0.

Proof. Since f is assumed to be L-smooth we can apply the descent Lemma 3.1.1 (with the
choice y = —aV f(zy) and = = zy),

flar —aVf(an)) = fzx) < (=aV f(ar) TV f (@) + gll@vf(fﬂk)II2

_ (3.3)
_ al
= @HVf(ﬂ?k)HQ(? - 1).
In fact, this inequality justifies the name descent lemma. Due to our choice of & < 225 we can
bound .
a €
1< --<o.
2 - 2 <0
We reformulate the inequality (3.3) and obtain
2
_ € _ €
Fan) = flansn) = flan) = flon —aVi(ze)) 2 5alVE()l* = 1V F (@)l (3-4)

Assume that (z,, )ren is a sub-sequence with limit point € R? so that also limy_00 f(71, ) =
f(&) by the continuity of f. By the Cauchy criterion for converging sequence s we also obtain

klim (f(@nysy) = f(@n,)) = 0.
— 00
Then, using the (3.4), it then follows that
V(@) = klim IV £ (zx)]|* = 0.
—00
O

The proof was simple and the result is very weak. There is no statement about convergence and
no way to know if the limit points are minima. For this more assumptions on f are needed.
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3.2 Gradient descent for L-smooth, convex functions

We will now study the convergence of gradient descent under the additional assumption of
convexity.

I_!!J Definition 3.2.1. A function f : R* — R is called convex if
fly) = f@) + (y — )"V f(2)

for all z,y € RY.

Recall from basic analysis that the definition has a geometric interpretation. The prime example
is a quadratic function f(z) = 2T Az for a positive definite matrix A but also linear functions are
convex. At every point the tangent plane lies below the graph of f. For convex and L-smooth f
convergence of the gradient descent recursion to a global minimum can be proved if a global
minimum exists (linear functions are convex but do not posess minima). In theorems we will
always assume a global minimum exists.

I( All local minima of convex functions must be global minima, in particular, all global
minima have same height.

In what follows we will always denote by f. the height at a (all) global minimum. In order
to talk about convergence rates one typically considers an error function e : R — R with the
property e(z) > 0 for all z € R? and e(x.) = 0. A typical choice is e(z) = f(z) — f.. Recall
that convergence is called linear (it is actually exponentially fast) if e(zx4+1) < ce(zy) for some
¢ € (0,1) and sublinear if convergence is slower. For a first order methode (only first derivatives
are used) convergence will not be linear. For convex and smooth function we can at least prove
the following sublinear convergence rate in case a global minimum exists.

/9 Theorem 3.2.2. Let f: RY — R be convex and L-smooth, and let (z)zen be
generated by

Tpt1 = xp —aV f(xg), w € RY,

with a < % Moreover, we assume that the set of all global minimums of f is

non-empty. Then the sequence (2)ren converges in the sense that

e(xx) = flzr) — f« <

k+1’

for some constant ¢ > 0 and f, = mingcga f(2).

Note again that since there are no unique mimima we do not aim to prove convergence of x,, to
2, but instead convergence of f(z,) to f..

Proof. We again apply the descent lemma 3.1.1 to the recursive scheme (y = zp41 — Tk, € = )
to obtain

_ , La? 9
f@ier) < flaw) = allVF @)™ + == 1V f ()l

= fwn) +a( 5 = 1) VS0P

— 1) < 0 and therefore, the sequence (f(zx))ken is decreasing. Now,
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let 2, € R? be a global minimum of f such that due to convexity it holds true that

flar) + (v — 2) "V (k) < flan).

tangent

We plug this into the above inequality and obtain
La )
(5 =) Ivs@ol
_(La
(20— 2)TV flax) + 35 = 1) IV £ e
171 , a? , 1 _ )
= f(@) + =[5z =@l + SNV @I = 5@ —20) + @V Fn)l?]

+@(? — 1) IV @),

where we have used the polarisation formula —(a,b) = %|a||* + $[|b]|> — %||a + b]|* for a,b € RY.
Rearanging the righthand side yields

1 _(La 1
Flane) < F@e) + 5= (2 = el = llow = zwall?) +a(5 = 5 ) 197 @I
1
< fl@e) + 5= (2 = axll? = los = 2],

where we have used again that a < % Taking the sum over all iterations gives

N 1 N
(fne) = F@) < 5z D (2 = @l = o = w4 ])
k=0 k=0
1
= 5 (Il = 2ol =l = wxvs1]?)

1
S ﬁ”x* - :L'O”Qa

where we have applied a telescoping sum. With the decrease of (f(x))ken it follows that

N
Z f@r1) > (N + D f(xn1),
k=0

and therefore, the assertion follows with

1 N

N+1

1 1

—~ (f(‘rk-i'l) - f(SC*)) < mﬁ‘|x* — 1'0”2 =:

flengr) = f(zs) <

Definition 3.2.3. A function f: R? — R is called p-strongly convex if

@) = f(@)+ (y— )"V (@) + Slly - |

tangent at x plus quadratic

for all z,y € RY.

Linear functions are not strongly convex, f(z,y) = x? is not strongly convex as it only bends in

the x direction. While f is an example of a convex function with infinitely many global minima
(the y-axis) all strongly convex functions have a unique global maxima and no further local
minima.
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Show that a strongly convex function has a unique global minimum.

If we tighten the assumption on convexity and assume p-strong convexity instead, we can improve
the convergence rate from sublinear to linear convergence as follows.

f Theorem 3.2.4. Let f : R — R be u-strongly convex for some p > 0 and
L-smooth, as let (x)ren be generated by

Tpt1 = x —aVf(zg), xo€ RY,

with & < % Then the sequence (zy)ren converges linearly in the sense that there
exists ¢ € (0, 1) such that

e(zg) == |z — x| < ck||:c0 —z., k€N

where x, € R? is the unique global minimum of f. The constant can be chosen as
c= (14 pa)~1/2.

An example for such a function is f(z) = 22 — cos(x). Note that for strongly convex L-smooth

functions the convergence also implies linear convergence of f(z,) to f(x.) because (Nesterov,
page 64)

L L
fl@n) = f(z.) < iHVf(wn) = Vi@l < lemn —z? < (C%”@on — |

so that the theorem significantly strenthetahens the previous theorem on only convex functions.

Proof. Let z, € R? be the unique global minimum of f with V f(z,) = 0. Since f is assumed to
be p-strongly convex, by Definition 3.2.3 it holds true that

Ellarrs = .l = (@i = 2) V(@) + Slleen - @] < flawn) - f(@).

Because p-stronly convex implies convexity we can use the calculations from the previous proof
of Theorem 3.2.2, where we have derived that

f(@re1) = fl@e) <

(lzx = 2]l = llzerr — 2l?)

QI"_‘

and together we obtain

" 1 1
(5 + g lawen =l < gollan — .

The assertion follows via induction using the inequality with ¢ =, /5 +1u =€ (0,1). O

For a choice & close to % the rate is essentially

1
1+ £

k
) lleo = .l

ok = . < (

This means that the speed of convergence (small ¢ is better) is determined by the ratio of
smoothness L and strong convexity u:

1

Cc = 1+

l}S

Thus, small L (very smooth function) and large u (very convex function) yield fast convergence.
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,g Suppose f(x) = 27 Az is a quadratic function. Show that L and p can be described
by the spectrum of A. L is the two times the largest singular value and p two times
the smallest singular value. Thus, convergence is fast if the Eigenvalues are similar
while convergence can be slow if the Eigenvalues differ a lot. The latter corresponds
to the situation of narrow vallays, the curvatures is big in some direction and small
in another direction.

3.3 Gradient descent for L-smooth functions with PL in-
equality

In the applications for policy gradient methods the assumption of convexity (actually concavitiy
as functions are maximised) is not fulfilled already for simple examples. There is one way to
relax this assumption to so called Polyak-FLojasiewicz (PL) conditions.

Definition 3.3.1. A function f : R? — R satisfies the (strong) PL inequality if
for some constant C' > 0

IVf(@)? 2 C(f(2) - f.), z€RY, (3.5)

holds for all z € R, where f. = mingcga f(x) > —oc0.

In fact, the PL inequality is exactly what gradient descent needs for convergence to a global
minimum.

Theorem 3.3.2. Let f : R — R be L-smooth and satisfied the PL condition
holds for some C = 2r with r € (0, L). Then the sequence (zy)ren generated by

Thy1 = T — de({Ek), xo € Rd,
with o = % converges linearly in the sense that

e(zk) = f(zr) — fo < F(f(@0) — f),

where c=1—- % € (0,1).

Note again that since there are no unique mimima we do not aim to prove convergence of x,, to
x, but instead convergence of f(z,) to f(x.).

Proof. Using the descent Lemma 3.1.1 as in the proofs above (this only uses L-smooth) yields

Flr) < Fa) - a0~ 2OVl

= (or) — 57 IV @I

Using the PL-inequality yields

(3.6)

fr) < floe) — £(f(zk) — fo)-

Subtracting f. from both sides, we get

f@rg1) = fo < (1= £)(f(@r) — fe)

and the claim follows by induction. O
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The idea behind inequality (3.6), also known as PL or Polyak-Lojasiewicz inequality (also called
gradient domination) is very simple. The inequality ensures that the gradient does not vanish
as long as the gradient descent algorithm has not reached z*. Since the algorithm is based on
the gradient the algorithm does not stop moving as long f(zj) has not reached f.. Here is
another view. For every = € R? the PL inequality lower bounds the norm of the gradient by the
difference of f(z) to some global minimum of f. This implies, that a small gradient at 2 implies
a small difference between the function value f(z) and the global optimum. Given that gradient
descent for L-smooth functions implies convergence to a stationary point by Theorem 3.4.1 it is
not surprising that the PL condition is exactly what is needed for convergence. Estimates of the
PL type are called gradient domination inequalities.

I( Prove that p-strong convexity and L-smoothness imply the PL condition (3.6).
What is C'?

Condition (3.6) can be relaxed a little bit to remain convergence of gradient descent but just
with a sublinear convergence rate.

L..J Definition 3.3.3. A function f : R? — R satisfies the weak PL inequality if for
some constant C' > 0

IVf(@)ll > C(f(2) = f»), z€RY, (3.6)

holds for all x € R, where f. = mingcga f(x) > —oc0.

We will see below that for very special parametrisations of policies the weak PL inequalities
holds for the parametrised value function in reinforcement learning. The convergence can still be
proved but unfortunately is much slower, weak PL is not similar to strong convexity.

Theorem 3.3.4. Let f : R? — R be L-smooth and satisfied the PL condition
holds for some C' = 2r with r € (0, L). Then the sequence (x)kren generated by

Tpt1 = xp —aVf(xg), xo€ R%,

with a = % converges sublinearly in the sense that

L

e(zx) = f(zr) — fu < W2 h+1)

Proof. As in the previous proof we first start with the estimate

flene) < flow) = IV FER)

that uses the L-smoothness. Applying the weak PL-inequality gives

1

f(@ri1) < flog) - ﬁ47'2(f(1'k) — f)?

Substracting f,. on both sides of the inequality yields the recursion

2r2

e(rpy1) <e(zy) — Te(xk)z. (3.7

We will show, that any positive sequence that satisfies the diminishing contraction

0<ant1 <ap— qafl = (1 —gqap)a,, n>0,
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converges to zero with convergence rate

1 1
a, < < .
"Tng+ L T (n+l)g

1

To see this, first note that the positiviy implies that a,, < 788 otherwise the inequality gives a

contradiction. Now divide the reordered contraction
2
an, Z Ap+1 + qan

by anan4+1 to obtain

1 1 n
> — + > —+gq
Ap+1 anp, Ap+1 (7%
>1
which leads to )
1 1 1 1
R RS e
QA ao k=0 Q41 Qg
Reordering we get our claim
| @Sy
a < .
"Tg+ Lt T (n+l)g

O

One can ask the justified question whether there exists functions which are L-smooth and not
convex but satisfy the PL condition. Indeed there are some:

,( Show that f(x) = 22 + 3sin?(z) satisfies the PL condition (3.6) and prove that f is
not convex. Plot the function to see why gradient descent converges. Hint: The
plot can also help to find the parameter r of the PL condition.

3.4 Gradient descent with diminishing step-sizes

Typically, the smoothness parameter L is unknown, especially in a model-free optimization
procedure as policy gradient where we only want to assume that we can sample from the MDP.
Thus, how could one choose a step-size that satisfies @ < % or & < %? There are plenty of work
arounds. Here we show that convergence also works if quickly diminishing step-sizes are used. If
step-sizes decay too strongly (being summable) the algorithm might produce a sequence that
stops moving away from a stationary point/optimum. We cover the case of convergence to a
stationary point by only assuming L-smoothness in the context on diminishing step-sizes. All
other results can be transferred to diminishing step-sizes as well.

;’ Theorem 3.4.1. Let f:R? — R be L-smooth and (z)ren be defined as
Tpp1 = ok — axVf(zr), 0 € RY,
with non-negative step-size sequence (ay)gen that fulfills

o0
lim ap =0 and g o = 0.
k—o0 =0

Then for the sequence (f(zx))ren it holds true that either

lim f(zx) =—oc0 or lim Vf(x)=0.
k—o00 k—o0
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ﬁ Moreover, every accumulation point Z of (zx)ken is a stationary point of f, i.e.

V#(z) = 0.

Note that the step-sizes can also be constant but the convergence also holds for decreasing
step-sizes that do not decrease too fast.

Proof. As in all proofs above we use the descent lemma to obtain

LOék

Frin) < fla) = an (1= Z55) IV flan)

Since we have assumed that limy_,., o = 0, there exists a kg € N such that

[ (@) < ) = VI @)

for all & > k9. Hence, the sequence (f(zx))r>k, is decreasing and it either holds that
limg 00 f(x) = —o00 or limg oo f(x) = M for some M € R. Suppose that we are in the
case where limg_,o, f(2r) = M. It follows

K K
S BT @I? < Y () — faran) = Fla,) — flox)
k:ko k:ko

for ever K > kg. For K — oo this implies
o0

> SIVI@IP < Flan) = M < oo, (3.8)
k=ko

Since Y., aj = oo it follows that

liminf |V f(zx)|| = 0.
k—o00

In order to prove limy_,o ||V f(2)|| = 0 we will now prove that limsup,_, . ||V f(zr)| = 0.
Suppose that limsup;,_, . ||V f(zx)|| > € for some € > 0 and consider two sub-sequences (m;);en
and (n;)jen with m; < n; < mj; such that

% <||Vf(zg)||, form; <k<mn;

and

||Vf(l’k)|| S ’ for n; S k< mjy1.

Wl ™

These sequences exists because liminfy o |V f(21)| = 0. Moreover, let j € N be sufficiently
large such that

oo

2
> Vil < g7



3.5. STOCHASTIC GRADIENT DESCENT METHODS 101

Using L-smoothness for j > 3 and m; < m < n; — 1 it holds true that

77,]'—1

IV f(@n;) = V@)l < D IV F(@rer) = V()]

k=m

nj—1

<L Z |Tr41 — il

k=m

ni—1
3«
=LY el VSl
k=m

n;—1

3
<22 Y Vi P
k=m
3e?2 ¢
<L ==%
~eoL 3
where we have used that ||V f(x)|| > § for m; <k <n; — 1. This implies that
e 2
I9 )l < I Fa)l + 197 @n,) = Vi@ < IV F )+ 5 < 2

and therefore ||V f(zy, )| < % forallm > m;. This is in contradiction to lim supy,_, . |V f(zk)|| >
€ and we have proved that

limsup |V f(zg)| = lminf |V f(z)|| = lim [|[Vf(zg)| = 0.
k— o0 k—o00 k— o0

Finally, let Z € R? be an accumulating point of (zx)ren. Since (f(zx))k>k, is decreasing, it
follows by continuity that
V(@)= lim Vf(zr)=0.

k— oo

O

There is an important point to keep in mind. Chosing step-sizes smaller than possible will
slow down convergence a lot. As an example think about f(z) = ||z||?>. The negative gradient
—Vf(z,y) = —(2z,2y) points directly to the minimum and gradient descent with step-size
o= % = % converges in just one step to the global minimum. Gradient descent with smaller (or
even diminishing step-sizes) might require many steps.

Gradient descent on f(x) = ||z||> with constant step-sizes o =

N|—

11
10° 57

3.5 Stochastic gradient descent methods

We consider the following setup. Let (£2,.4,P) be the underlying probability space, Z : Q x R? —
RP be a random variable on (2, A, P) for every z € R? with distribution p,. We are interested
in solving the optimization problem

min F(x
min (z),
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where the cost function F : R* — R is defined as expectation function in form

F(z) =Eznp, [f (2, 2)] = . f(z,2)na(d2), z€RY,

for a function f : R? x RP — R. The mechanism that creates random variables Z ~ p, is often
called an oracle. We assume that we can repeatedly ask the oracle for suggestions (samples).
Here is a standard set of assumption that typically does not pose any problems:

1. The function f: R? x R? — R is B(RY) ® B(R?)/B(R)-measurable.
2. For every z € R? the function = — f(x, z) is continuously differentiable.

3. For every = € R? we have

Ezep, [f (2, 2)[ +[[Vaf (2, Z)[]] < o0

Data: Initial random variable X, : Q — R¢
Result: Approximation of a stationary point
Set k=0
while not converged do

Determine ay

Sample Zj41 from px,
Set Xk+1 = Xk; - akvzf(XkH Zk+1)
k—k+1

end

Algorithm 15: Plain vanilla stochastic gradient descent method (SGD)

In fact, writing G(z) = VF(z) the algorithm very much looks like stochastic approximation.
Xp1 = Xi — ar(G(Xk) +ex)

with unbiased error terms e = V, f (X, Zr+1) — VF(Xg). It is thus not too surprising that the
algorithm will converge towards a zero of VI if the error terms are sufficiently well behaved
(such as bounded variance). Indeed, the following simple variant of SGD is also proved using the
Robbins-Siegmund theorem:

Theorem 3.5.1. (SGD almost sure convergence for L-smooth function)
Let F: R? — R be L-smooth with F, = inf,cga F(x) > —00 that satisfies

Ezop, [IVef (2, Z) = E[Vaf(z, Z2)]|II°] < c(1 + (F(z) = Fy)). (3.9)

Suppose (a)reny are non-negative step-sizes that are deterministic or adapted
to the stochastic gradient scheme and satisfy almost surely the Robbins-Monro

conditions
oo oo
g ap =00 and g a2 < 0.
k=0 k=0

Moreover, let X be a random variable such that E[F(X()] < co and (Xg)gen the
sequence of random variables generated by the stochastic gradient Algorithm 15.
Then (F(Xj))ren converges almost surely to some finite random variable F,, and

lim [[VF(X)[* =0
k—o0

almost surely.
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This first theorem on stochastic gradient descent extends Theorem 3.1.2 to the stochastic
setting. The assumptions are weak and also the convergence statement is weak. Under stronger
assumptions on F' (such as convexity, strong convexity, gradient domination) there are also
stronger stochastic convergence theorems in the spirit above. There are two points that should
be mentioned. Due to the errors step-sizes must tend to zero in all settings and convergence
rates in the stochastic setting are much slower.

Proof. For the proof we assume additionally that gradient and expectation can be interchanged
(no big problem)

Bz, [Vof(z, 2)] = VF(2). (3.10)

We define the natural filtration F = (Fg)ren through F = o(Xpm, m < k) = 0(Xo, Zm,m < k)
and note that (ag)ken is F-adapted per construction. Using the descent lemma and the
polarisation formula (z,y) = 3(||z||* + ||y||* + ||z — y[|?) obtain (pathwise) that

F(Xk41) = F(Xy — axVa f(Xk, Zita))
< F(X0) — ar(VF(X0), Vo (X, Zisa)) + 0 g Ve f (Xi Zii) P
= F(Xy) — o[V F(X3)[1? + an (Vo F(Xk), €x)
+ ai%(HVzF(Xk)HQ — (VF(Xg),ex) + ller]?),
where ¢, := VF(Xy) — Vo f(Xk, Zk+1). Using (3.10) and (3.9) we obtain by construction in

Algorithm 15 that
E[Ek | ]:k] =0

and
Elllexll? | Fi] < e(1+ (F(Xk) = Fy)).

This yields
Zi4+120

E(F (Xi1) = o | Fi < (F(X0) = F2) = a1 = S ) [VF(X0) |2 + S afe(l + (F(X,) - F.))

L L L
= (1+ c5ad)(F(X0) = Fy) + 50} — ai (1= ) IVF(X) 2.
. N——

Zrp>0

Br>0 Cr>0

Here we used the assumption that F' is bounded below to deduce that the sequence (Z,) is
non-negative. We can assume without loss of generality that aj < (1 — 5)% for some ¢ € (0,1),
otherwise let k be sufficiently large, such that (1 — %ak) > ¢ > 0. We can now apply Theorem 77
to deduce that limy_,o, F(X) — Fi exists almost surely and is finite, as well as

o0 o0 L
EI;J%HVF(XMF < ;ak(l - iak)HVF(Xk)\P < o0

almost surely. Since we have assumed Z,;“;O ap = oo almost surely, using the same argument as
in the proof of Theorem 3.4.1 pathwise we obtain

lim [[VF(X,)|2 =0
k—o0

almost surely. O

There are many other variants of the theorem, with weaker/stronger assumptions on F' or the
oracle that result in weaker/stronger convergence statements. Here is one other variant that is
used in the context of reinforcement learning?.

2Yuan, Gower, and Lazaric: "A general sample complexity analysis of vanilla policy gradient", AISTATS 2020



104 CHAPTER 3. A QUICK DIVE INTO GRADIENT ASCENT/DESCENT METHODS

condition

Ezu, IVaf(z, 2)|%] < 2A(F(2) = F.) + B|IVF(2)||* + C.

Then SGD with constant step-sizes 7 € (0, 135 satisfies
| 2AF(Xo) — F)(L+ L)X LCy
E[|VF(X)||?] <

and, if A =0, then one can also show

1 o _ 2(F(Xo) - F))F  LCy
= ;E[nwm)n? =ElIVFCOI? < = T B+ 5= 15

€ one can then solve for K to achieve the following consequence.
a

mlnk<K E[HVF(XIC)H ]

3.6 Regularisation

dieses Jahr noch nicht. 3

3discuss regularisation in non-linear optimisation! take previous example as an example

Suppose instead of (3.9) the condition so-called expected smoothness (or ABC)

where X is drawn uniformly from Xj,...,Xg. For a prespecified accuracy

constant step size 7 = min{ \/ﬁ, 15 5tc) and a number of iterations

K > M max{B w 2¢'} the gradients can be bounded by



Chapter 4

Policy Gradient methods

The third part of these lecture notes takes a very different view on optimal control problems.
While in the previous parts we developed a complete theory of exact and approximate control
in the tabular setting the third part of these lecture notes will be less complete. The theory is
more complex and much less understood. In the case of state-action spaces that are too large to
deal with all @-values Q(s,a) different further approximations will be discussed. We start with
the powerful policy gradient method, where the optimal control problem will be attacked with
numerical maximisation of the value function. While (approximate) dynamical programming
are methods to find policies that are optimal for all states s (by definition of an optimal policy)
we now fix a state s and try to numerically optimise V' (s) only. Without much thought an
immediate idea is the following;:

Fix a subclass TI® C Ilg of parametrised stationary policies {n? : § € ©} that
hopefully contains the optimal policy. Maximising the mapping

0 JuO) =V (1) = uls)V™ (s)

sES

for a measure p on S using a numerical method based on gradient ascent is called a
policy gradient method. The best policy is denoted by 7?" and we hope that 7" ~
7*. Since VJ, = > s 1(s)VJs we will only consider the case J4(0) = V”g(s), ie.
uw=2bsforases.

There are many questions to be considered. (1) How to set up an algorithm, and, especially, how
to compute the gradients? This is answered with the policy gradient theorems that surprisingly
show that gradient estimates can be obtained even in a model free way. (2) How to choose 11
such that 7* € II1®? This is a delicate problem, as it results in a trade-off of choosing large
and small families of policies. Not much is known in practical applications, typically neural
networks are involved and one hopes to get close to 7*. (3) How good is the policy obtained for
different starting conditions? A priori the policy gradient approach does not give any information.
Typically one will uses neural networks and try to optimise them for different states s. In order
to use gradient methods it is not surprising that differentiability assumptions are needed.

L[} Definition 4.0.1. Let © C R?, then a set {n? : 0 € O} of stationary policies
such that 6 — 7%(a; s) is differentiable in # for every s € S and a € A is called
differentiable parameterised family of stationary policies.

We will later discuss policies parametrised by neural networks which must be large enough
to include enough (hopefully the optimal) policies but at the same time small enough to be
numerically tractable.

105
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If © = R? then to reduce the dimension of the (very!) large state-action spaces it is
strongly desirable to have d < |A][S].

There is a simple example to keep in mind which, however, is not achieving the goal of reducing
the dimension of the problem. The stationary softmax policies that were already discussed for
bandits in Section 1.3.4 readily extend to general Markov decision problems:

Example 4.0.2. We start with the simplest so-called tabular parametrisation. In tabular
parametrisations we take as many parameters as there are state-action pairs, i.e. we choose
d = |S||Al. The long vector 6 can be written as 8 = (6, 4)ses,0c.4- There are two parametrisations
that come to mind immediately. The direct parametrisation

mo(a; s) =054

and the softmax parametrisation

ees,a

Za’EA egs’a/ '

For the direct parametrization the parameter space © must be restricted to the simplex where
all coordinates are non-negative and sum to 1, the softmax parameterization is defined on the
entire R%. Instead of the (full) tabular parameterisation one can also choose any differentiable
function 6 — hy(s,a) and define the generalised softmax policy

(a; s) =

ehe(s,a)
ZQIEA ehO(S»al) ’

For instance, if hg(s,a) = 07 ®(s,a) then the parametrisation is called linear softmax with
features ®(s,a) and requires as many dimensions as features are fixed. If there are as many
features as state-action pairs and every state-action pair only has its own feature, i.e. the vector
®(s,a) is a unit vector with 1 at the position corresponding to (s,a), then the linear softmax
equals the tabular softmax. The feature vector is supposed to reduce complexity, state-action
pairs with same feature vector are treated equally. Hence, in practice the number of features
should be large enough to separate state-action pairs sufficiently well but small enough to be
computationally tractable.

m(a; s) =

The rest of this chapter will consist of making (practical) sense of gradient ascent algorithms to

find optimal policies. Assuming perfect information, i.e. J5(0) = v’ (s) is known explicitly, then
Algorithm 16 is the kind of algorithm we aim for. Unfortunately, there are plenty of problems.

Data: Initial parameter 6
Result: Approximate policy 7 ~ 7
Set n = 0.
while not converged do
Choose step-size a.

Calculate K = V.J(0)|g=g, -
Update 0,41 = 0,, — aK.
Set n =n+ 1.

end

0*

return 7.
Algorithm 16: Plain vanilla policy gradient algorithm (with exact gradients)

Most importantly the following:

o There is no reason 6 — J(0) satisfies typical concavity conditions (it doesn’t!) that
guarantee convergence of gradient ascent methods to a global optimum. Why should
gradient ascent not get stuck in some stationary point, i.e. a suboptimal § € © that satisfies
VJs(0) =07
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o The gradient VJs(0) is typically not known. How can we implement a gradient ascent
method without direct access to the gradient?

o The first two issues can (partially) be resolved. Still, the simple policy gradient algorithm
converges extremely slow. How can the algorithm be speed up?

In the next sections we will shed some light on what is going on. First, classical results for gradient
descent /ascent are recalled. Here we focus on what turns out to be the right set-up for gradient
ascent in the policy gradient setup. The PL inequality and L-smoothness. To get a certain
feeling on how to replace VJs(0) by estimates we quickly recall some results and arguments
from stochastic gradient descent. Next, we will discuss the policy gradient theorems and how
to combine them with neural network parametrisations. Finally, a couple of modifications are
discussed that are used in practice.

4.1 Policy gradient theorems

1

As the name policy gradient suggests, the optimisation method we want to use is gradient ascent
in order to find a maximum of the objective function J. This requires that .J, is differentiable in
f and a practical formula for the gradient to apply Algorithm 16. To start the discussion we
first prove formulas for V.J,(6) that go back to Sutton, McAlister, Singh, and Mansour?. Their
observation was that the gradient V.Js(0) can be expressed rather nicely and, most importantly,
can be approximated in a model-free way as the appearing expectations do not involve the
transition probabilities and can be approximated by sampling only.

For didactic reasons we first deal with finite-time MDPs with undiscounted rewards and ad-
ditionally consider stationary policies only. The situation is not extremely realistic as most
finite-time MDPs do not have optimal strategies that are stationary (think of the ice-vendor
where closer towards the final selling day the ice-vendor will store less ice-cream). Nonetheless,
there are examples with optimal stationary policies (think of Tic-Tac-Toe) and the computations
are simpler to understand the policy gradient theorems. Once the structure of the gradients is
understood we proceed with the discounted infinite-time case.

4.1.1 Finite-time undiscounted MDPs, stationary policies

In this didactic section we will derive three different expressions of the gradient. The first theorem
will show that differentiability of 6 — J4(6) follows from the differentiability of the parametrised
policy and gives a first formula for the gradient as an expectation. In everything that follows let
us write

T-1

R} = Riyi.
k=t

for the rewards after time ¢ (this is also called a reward to go) and R{' for the total (non-discounted)
reward.

f Theorem 4.1.1. Assume that (S, A, R) is a T-step MDP with finite state-action
spaces and consider a stationary differentiable parameterized family of policies
{n?: 0 € ©}. Then the gradient of the value function with respect to 6 exists and

INotation anpassen. Rewards, Ubergangswkeiten haben alte Form. Ueberall auf Anfangsbed
2Sutton, McAlister, Singh, Mansour: "Policy Gradient Methods for Reinforcement Learning with Function
Approximation", NIPS, 1999
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/’ is given by

=1
VoJs(0) = ET [Rg“ 3 Vo(logn®(Acs st))].
t=0
Proof. Consider a trajectory 7 = (So, ag,70,---,S7—1,ar—-1, 711, ST, 77) Of the T-step MDP
and recall the MDP path probability
T—2
i _ _ 0 . . 0 . .
PT ((S, A, R) =7) = ds(s0)d0(ro) [[ 7(ars st)p(sesr, 413 s0,a0)7° (ar s s)p(sr; sv-1,a7-1)
=0

from (2.10). Define
T = {7 =(ro,s0,00,71,...,87-1,ar-1,77,57) : 14 € R, 54 € S,Vt < T, ay € A,Vt < T}

as the set of all trajectories. From the definition of the value function for a T-step MDP we
deduce that

T-1
Jy(0) = V™ (s) = E’ [Z Rm} =P (S AR =) Y
t=0

TET t

~

Il
=}

The probabilities are clearly differentiable, thus, for finite state-action states J(#) is a finite sum
of differentiable functions. This proves the differentiability. Next we use the log-trick we have
already seen for policy gradient in bandits. We have

VoPT (S, A, R) = 7)

T((S.AR) =7)
((SA R)=71)

— Vg (log(PT ((S, 4, R) = )) "((S,A,R) = 1)

— Vy(PT ((S,4,R) = T))

= Vg(log(é (50)) + log(do(ro)) i (log(w”(ax; s¢)) +log(p({stﬂ,7‘t+1};5t,at))))
x P ((S, A, R) = 7)
T-1 B

- Z Vg(log(ﬂe(at; st))) PT ((S, AR) = 7').
t=0

Due to the log-trick the product of probabilities factors into a sum, where just the summands 7?
depend on # and so all other summands have derivative 0. Finally we can use the finiteness of
the state, action and reward space to see that we can interchange the derivative and the sum,
and it follows that V™ is differentiable. We conclude with

VoJs(0) = Vo™ (s)

= Z ]P);rg ((Sv A R) = T) Vo ( log(m an 5t)) Z Tt+1
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O

The formula for V.J,(6) crucially involves V(log(7?(a; s))) that in Section 1.3.4 was already
called the score-function of the policy.

L!!J Definition 4.1.2. If 7 is a policy, then the vector Vg(log(n?(a; s))) is called the
score-function of 7?.

We have already computed the score-function of the (one-state) softmax policy for stochastic
bandits. To get a feeling please redo the computation:

( Show for the tabular softmax parametrisation from Example 4.0.2 that

Olog(n’(a; s))
= 1{5:5/}(1{a:a’} — Wg(a/; 8’))

605/,(1/
and for the linear softmax with features ®(s,a)

Viog(r®(a; s)) = ®(s,a) — Zﬂ'e(a'; 5)®(s,a).

Given the previous theorem, we weight the gradient of the log-probability of the choosen action
with the reward of the whole trajectory RI. So the gradient with respect to the t-th summand
(and thus the ¢-th action) is weighted with RZ, but due to the Markov property the action in
time t is completely independent from the past time points 0,...,¢ — 1. In the next theorem
we will see that we can indeed replace RY by the rewards of the future time points #' > t. We
replace the reward of the whole trajectory by the reward to go RY.

/’ Theorem 4.1.3. Assume that (S, A, R) is a T-step MDP with finite state-action
spaces and consider a stationary differentiable parameterized family of policies
{n%: 0 € ©}. Then the gradient of the value function can also be written as

T—1
VoJ,(6) = E** [ 3 Vo(logn®(A;; St))RtT].
t=0
Proof. From Theorem 4.1.1 we have
T—1 T—1

Vods(0) =B [ 3 Vo(log(n’ (4:80)) D Rusa

T—1 Tt—:10 0 =
=3 3 B [Vo(log(n” (Av; S0)) Ree 11 .
t’'=0t*=0

For every t* < ¢’ we see
Egs [Ve (log(n’(Ay; St’)))Rt*+1:|
= 3" P ((S, A, R) = 7) Ve (log(n (ar; 5¢:))) e 11

TET
T-1
= ZZZ s Z ZZ H We(at;st)P({StHﬂ"tﬂ};St,at)(V0(10g(776(at’; st’)))Tt*+1)
ap S1 T1 ar—1 s rr t=0

= Z Z Z e Z Z Hﬁe(at; s)P({St41.Te41 )5 80, ar) Zﬂ'e(at*;st*)

ap S1 T1 Sex Tyx =0 Qg
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. 0 .
X E E P({St*+1yrt*+1},St*,at*)rtwrl Z ™ (at*+173t*+1) X
Spkp1 Tex41 Ap* 41
sum of probabilities

X ZZp({st/,rt/};stf,at/) Zﬂ‘g(ay;st/)Vg(log(ﬂe(at/;st/))) X 1

Syt Ty Qyr

:Eat/ Vgﬂ'e (at/;st/)ZVQ Zat/ L (at/;st/):VQ 1=0
=0.

Now the claim follows. O

In the last step we will replace the reward-to-go with the Q-function.

ﬁ Theorem 4.1.4. Assume that (S, A, R) is a T-step MDP with finite state-action
spaces and consider a stationary differentiable parameterized family of policies
{n? : 0 € ©}. Then the gradient of the value function can also be written as

T—1
VoJ,s(6) = E™ [ 3" Vo(logn®(Ars S0)QF (S, At)].

t=0

Proof. For the proof we use the property of a Markov property of Markov reward processes:
6 6
ET [RtT | Sy =s,As = a] =Qf (s,a).

Then the claim follows from Theorem 4.1.3:

Vo, (0) E [Vo(log(n?(As; S:))) RY ]

|
(]

=s, Ay :a}}P’Ze(St =s,A =a)

:Z Z E Vg log( (At§St)))Rt

=3 Y Vo(log(n’(a;9)EL [RT | S = s, A = a]PL (S, = 5, A, = a)

T-1
= Z Vo (log(n?(a; )))QtT(s,a)IP’ZG(St:&At:a)
t=0 s€S,ac A,
L 1
= ET"| 3 Vo (log(x’ (413 5,)))QF (1, Ar)
=0

O

For intuition the Q-function indicates the expected reward-to-go and not the reward-to-go for a
specific trajectory. More precisely, we have to distinguish between the outer expectation and the
expectation in the definition of the Q-function. While the reward-to-go depends on the trajectory
of the outer expectation, the Q-function calculates its own expectation. For the moment one
might wonder whether there is any use in this representation, Q”e is not known. The miracle
why this can be useful will be solved later when we discuss actor-critic methods for which a
second parametrisation is used for Q.

L!!] Definition 4.1.5. In general optimization methods that aim to maximise f and
the gradient of f takes the form of an expectation that can be sampled are typically
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called stochastic gradient methods. The usual form of the gradients is
V£(6) = E[g(X,0)],

for policy gradient the form is more delicate
V§(0) = E°[9(X,0)]-

If (unbiased) samples V f(6) for the gradients are available (samples of the expecta-
tion), the update scheme

0« 0+aVf®)

is called stochastic gradient algorithm. If more than one sample is used to estimate
the gradient as a Monte Carlo average the algorithm is called a batch stochastic
gradient ascent algorithm. The number of samples averaged is called the batch size.

Let us come back to the goal of performing a gradient ascent algorithm to maximise V™ with
initial distribution p. Using the policy gradient representations the gradient ascent update can
be written as

T—1
Orp1 = 6+ QB [ 3" Vo (log 7’ (A st))Qge(st,At)}
t=0
or
T-—1 T—1
9t+1 = et + OéEﬂ— [ VQ IOg’lT At, St Z Rt+1:|
t=0 t'=t

Unfortunately, the exact expectations are typically unknown and must be estimated. Similar
to the approximate dynamic programming chapter we rewrote the gradient as an expectation
and thus can estimate the expectation with samples As earlier the first obvious idea to estimate
the gradients is the model-free Monte Carlo method. As the @-function appearing inside the
expectation is an unknown value (and an expectation itself) it is most common in applications to
use the second policy gradient theorem instead of the third. This can be interpreted as estimating
the Q-function by the unbiased estimator R}, the reward-to-go. An estimator for the gradient is
then given by

| KT T-1
=% Z [ Vo( log 7% (al; st) Z Tt/+1:| (4.1)
i=1 =0 =t
with K trajectories (s§,ad, s, r},...,ak_,, sk, rk) sampled according to the current policy 7%

with initial distribution pu.

This famous algorithm, even not in exactly that form, is due to Ronald Williams®. To use the
algorithm in practice a stopping condition needs to be fixed. Typically, either the number of
iterations is fixed or the algorithm is terminated when the norm of the gradient reaches a small
threshold.

& Sampling a trajectory sounds harmless for a Mathematician. But it is not at all!
Imagine we learn how to steer a car or a certain robotic task and 7 is a policy. Then
sampling means running the car (or the robot) K times with the current (possibly
very bad) policy while evaluating the rewards! It is thus easy to imagine pitfalls

S3Williams: "Simple Statistical Gradient-Following Algorithms for Connectionist Reinforcement Learning",
Machine Learning, 8, 229-256, 1992
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Data: Initial parameter 6y, K > 1, initial distribution u
Result: Approximate policy 7% ~ 7"

=1

while not converged do

fori=1,...,K do

Sample initial condition s} from p.

Sample trajectory (sf), ab,si,ri, . akh_q, sh, r}) using policy 7%-1.
end
Determine step-size a.

~ 1k [ 6 )
VIJ(0i-1) = 7> iy [ tX_:O V@(IOgW S St)) tZ_:t rt’+1]

=01 +aVJ(0_1)
end

Set I =1+1.
Algorithm 17: REINFORCE: (Batch-)Stochastic policy gradient algorithm

& for practical applications. Sample efficiency (using as little samples as possible)
in learning is essential and also sampling from very bad policies might be a costly
endeavour.

4.1.2 Infinite-time MDPs with discounted rewards

In this section we will consider MDPs with infinite time horizon and discounted rewards. Recall
that in this setting the use of stationary policies is justified. As before we aim to rewrite the
gradient of the value function as an expectation, but now the infinite time horizon makes it much
more complex to calculate the gradient of the value function. The objective function using a
parametrised policy 77 is given by

Js(0) = V”s(s) = ]Ege [Z’tht] = Z We(a;s)QWO (s,a). (4.2)
t=0

a€A,

The infinite sum makes the computation of the gradient more challenging.

Lemma 4.1.6. Under the assumption that J, is differentiable for every start state
s € § we have a closed form of the gradient

VL) =Y 3 o () V% (a:)Q™ (5, a),

s'eSacAy

where pji(s') = 32,20 YPL (S = 8') = Ef[3220 7 1s,=s].

Proof. The trick is essentially simple but tedious to write down. One applies the gradient to
the right-hand side of (4.2) and applies the product rule. The claim follows from an induction,
repeating this process.

With the notation p(s — §';t,m) = PT(S; = §') we first show the following identity by induction:

C Q For all n € Ny it holds that

o
VI0) =YY Atp(s = sit,1%) S Val(a;s)Q™ (5, a)
t=0 s'€S ac A, (4.3)

+ 3" (s = o'sn+ 1,77) VI (0).
s'eS
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By the chain rule we have that

VJs(0) = Z (Vwe(a; s)Q“g(s,a) + 7r9(a; s)VQ’Ts (s, a))

a€A,

Z (Vﬂ'e(a; $)Q™ (s,a) + 7 (a; s)V(r(s,a) +~ Z p(s’s s,a)V”s(s’)))

ac€ A, s'eS

Z (Vﬁ‘g(a; s)Q”e(s,a) + 7%(a; 8)y Z p(s';s,a)V s (9))

ac A, s'eS

This is the induction for n = 0. For the inductive step suppose the statement holds for some
n € Ng. Then, a similar computation gives

VJs(8) = Z Z vip(s — &5t 7%) Z vVl (a;8)Q™ (s, a)

t=0 s’eS a€A
n+1 /. 0
+27 p(s = s'sn+1,7°)VJs ()
s'eS
- Z Z vip(s — s’ t,7%) Z Vv (a;:s)Q™ (s, a)
t=0 s'eS acA,
+ Z Y Hp(s = s'sn+1,7%)
s'eS
< (X (V@i s)Q™ (s ) + 7 @)y Y plsss )V (0)))
a'eA, $7Es
n+1 0
S s i) Y Ve (@s)Q" ()
t=0 s’eS aE.AS/
3 s = s 1,10 (30 7)Y pls s d )V I (0))
s'€S a’'€A, s"eS
n+1 0
= Z Z vip(s — &5t 7%) Z vl (a;s)Q™ (5, a)
t=0 s’eS ac€Ag
+ Z 7" 2p(s — s"in 4+ 2, 7%)V I (0).
s""eS

The remainder term in (4.3) vanishes for n — oco.
o

‘ E " (s — s"in + 1,779)VJ8~(9)‘ < A4t max IVJs(0)] =0, n— oco.
se
s"’eS

Hence, we proved that

VJs(0) = i vip(s — &5t 7%) Z Vv (a;s)Q™ (s, a)

t=0 s'eS acAy

pr (s Z vVl (a; 8)Q™ (s, a).

s’eS acA,

LY

The exchange of limits and sums is justified as we assume S to be finite. O
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,( For episodic MDPs (the MDP terminates almost surely under all policies mp), we
can get rid of the assumption of the existence of VJ4(0). Go through the proof of
Theorem 4.1.6 and argue why it is enough to assume the existence of Vmy(-; s) for
all s € S.

Taking a closer look at the expression from the gradient, it is obvious that the infinite sum
p"(s) =EI[> 257" 1s,=] is unpleasant for implementations. There is an alternative way to
rewrite the policy gradient theorem using the discounted state visitation measure:

L.!j Definition 4.1.7. The discounted state-visitation measure under policy 7 for
starting state s € S is given by

dj(s) = L(S)

> PR(s")

First note that, using Fubini’s theorem,
> 1
S 4 = SB[ 4] = 1
s'eS s'eS t=0 v

Hence, we can write d"(s) = (1 — v)p™(s) for the discounted state-visitation measure. With this
definition the gradient can also be written as follows:

Theorem 4.1.8. Assume that J;(0) is differentiable for every start state s € S
and 7%(a;s) # 0 for all # € ©,s € S and a € A,. Then, the gradient can be
expressed as

1 -0
VJ(0) = T Esnar® annt (1) [Viog(n?(A; $)Q™ (S, A)].

In essence the theorem says the following. Draw a state-action pair (s,a) according to their
relevance measured in terms of expected discounted visitation frequency, compute the direction
using the score function, and follow that direction according to the expected reward.

Proof. By Theorem 4.1.6 we have

VIL0) =Y () Y Val(a:s)Q™ (', a)

s'€S a€A,
1
=77 L) Y e )V log(n’ )@ ()
s'es acA,
1

6
— m]ESng@yANM (15 [Viog(m (A5 5)Q™ (S, 4)],
where we used the definition of the state-visitation measure and the log-trick. The second equality
gives the first claim, the final equality the second claim. O

For practical use it will be important to estimate the gradient (an expectation) using Monte
Carlo. Thus, it will be necessary to sample from the discounted occupation measures and then
compute score-function and Q-value. On first sight sampling from the d™ looks infeasible as
an infinite sum is involved. In fact, a sample can be obtained by following a rollout up to an
independent geometric random variable, counting the number of visitations and then drawing
from this empirical distribution. This is justified by a quick computation:
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Lemma 4.1.9. If T ~ Geo(1 — ) is independent of the MDP, then

T
=E] lz 1st_S] and  dj(s) =E] [1s,—].
t=0

In particular, sampling from dj; can be carried out as follows.
1. Draw T ~ Geo(1 — ), independently of the MDP.
2. Run the MDP under policy 7 from initial distribution p until time 7.
3. Output the terminal state Sp.

Alternatively, (1 —7)p(s) provides an unbiased estimator of dJ(s), where

77
)i= 2 Lsims.
t=0

Proof. This is easily seen as

and

Lemma 4.1.10. Let F': S x A — R be a bounded function. Then,

EZ[Z F(S, Ay) } ZZpH VF(s,a).

t=0 s€eSacA

Proof.

Vtz ZP” = s)m(a;s)F(s,a)

seESacA

VEL[F(Si, Ay

{inF (S, A }

t=

Z Z pu(s)m(a;s

sES acA

5 1M

~
Il
o
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The final exchange of sum and expectation is justified by dominated convergence and the
boundedness of F. O

Here is another representation in the spirit of the finite-time policy gradient theorem. The
representation avoids the sampling from the discounted occupation measure but instead uses full
trajectories. It follows directly from Lemma 4.1.6 and Lemma 4.1.10.

Theorem 4.1.11. Suppose that (s,a) — Vg(log 7% (a; s))Q”e (s,a) is bounded.
Then

Vodo(60) =EZ [ S 7'V (logm® (415 5))Q™ (Si, A0)]
t=0

4 The assumption does not hold for arbitrary parametrisation and might also be hard to check.
For softmax policies the score-function can be computed and is bounded for instance for bounded
feature vector. If the rewards are additionally bounded (which implies the @-function is bounded)
the assumption of the theorem holds. A dirty version of the REINFORCE algorithm is then
obtained by running trajectories up to some large T and to use the truncated series as an
estimator for the gradient. Since the truncated estimator is not unbiased smarter approaches
have been proposed. As for the discounted occupation measure one might ask if geometric times
can be used to truncate the infinite time-horizon. Under certain assumptions on the policy
parametrisation this can be done.

Assumption 4.1.12. The policy ¢ is differentiable with respect to 6 and
V log(7?(a; 5)) exists and is Le-smooth and has bounded norm for any (s, a) € Sx.A,
ie.

HVlog(ﬂe1 (a;8)) — Vlog(we2 (a; )] < Lol — 02|, forany 6,6, €O,

|V log(n’(a; s))|| < Be, for any 6 € ©,

for some Lg, Be > 0.

IR

This assumption is for example fulfilled by tabular and linear softmax parametrisations or by
Gaussian policies.

,€ Show that the tabular and linear softmax parametrisation fulfills Assumption 4.1.12.

Using a computation similar to the one for the occupation measure gives the following theorem?®.

;’ Proposition 4.1.13. Suppose that the policy parametrisation fulfills Assump-
tion 4.1.12 and T' ~ Geo(1 — v), T’ ~ Geo(1 — v*/?) are independent of each other
and the MDP, then

grLarY
R 0/q. . (t=T)/2
VJO) = 1 E; |V log(n (575 Ax)) ; YETI2R,].

The advantage of this policy gradient theorem is clear, unbiased estimates can be obtained by
running the MDP for a finite (random) number of steps.

4brauche auch die version mit reward to go, beweis wie oben mit reinbedingen
5Zhang, Koppel, Zhu, Basar: "Global Convergence of Policy Gradient Methods to (Almost) Locally Optimal
Policies", STAM Journal on Control and Optimization, 2020
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Proof. As before we prove the claim for p = d5 for some s € § and in the end sum-out p to get
the general claim.

O A 4 ’
Go The term Q™ (s, a) := St _o7" /2Ry is an unbiased estimator of the Q-function:

o
T’ ,
Es,a [ Z ’Yt /2Rt’] = Qﬂ— (87 (I)
/=0
First note that by the bounded reward assumption

N N
Es,o {Z 1O§t§T"}/t/2Rt+1} < R.Ep {Z ]-OSth”Yt/z}-

t=0 t=0

If we write E:g we mean the expectation with respect to all appearing random variables, i.e. also
of T'. When we bound R by R,, only the expectation with respect to T’ is left, which is why we
denote it with Egv. In the following we will write Ep [Ege [']] to highlight the independence of T”
to the MDP. As the RHS of the inequality is monotonically increasing and the limit exists, we
can use the monotone convergence theorem to show that

Eoa[Q" (5,0)] = B [Eo | i 7Ry |
t’'=0

—E [Eya| Jim i10<ﬂ<T"Y 2Ry ]|

=

- NIEHOOIZ]ET’[ sa[10<t/<T/’Y 2 Rt/”

N
= lim Z]ESG[ET/[10<t/<T/] tl/2Rt/:|

N—o0 by

— I t'p,
- YE [

= hm Esa[Z'y Rt/}

= Q" (s,0),

where we have used that 7" is independent of the MDP and that E¢/ [1o<y <] = P(T" > t) = At/2
by the Geo(1 — ~v'/2) distribution. In the last equation we used the dominated convergence
theorem to bring the limit back inside the expectation.

For the second step we define the estimator V.J, (0) = ﬁVIog(we (Ar; ST))Q7r9 (ST, Ar) and
show

) / S
=E [Vlog(w"(ST; A)) Sy AT/ QRt] =E [VJS(Q)}

This follows from the (strong) Markov property applied at T":

T+T’
B[ Viog(r’(Sr; Ar)) Y 4 T/2R,]
t=T
. T+T'
—ET [wog( (Sy: Ap))ET [Z At=T)/2R,
t=T

sr. 0]



118 CHAPTER 4. POLICY GRADIENT METHODS

/

— Ege {V log (7% (Sp; AT))Eg‘BT,AT [Z Vt/QRtH
=0

=B [Vlog(n’ (575 A7))Q™" (S, Ar)]

For the final equality we used the first step.

It remains to show the following claim:

0
o

a

E7’[V7,(0)] = vJ.(0)

As T and T" are independent and independent of the MDP, we have directly that
~ 1 R
B [V.0)] = T B [V1og(”(Sr; Ar)Q™ (S, Ar)]
1 0 " N
= EES,T {V log(m® (St A7))ET g 4, [Q(ST, AT)]}

1
= [ B [V10g(n (575 A7))Q(Sr, Ar)),

where the last equality is due to step 1. As @ is bounded by %= and [V log(7%(a; s))|| < Be by
Assumption 4.1.12, we can again use the monotone convergence theorem as in step 1 to show
that

B [97.060)] = 1—112 ' [V log(n” (Sr; A7))Q(St, Ar)]

— [i 1,7V log(n? (S, ; At))Q(Stht)}

=0

o+

~ lim_ Z: B[] B2' [V Iog(r"(5:: 4))Q(S0, 40)
N
- ngnoosz [V10g(n (S 40))Q(Se, A1)

—E {thVlog(ﬂ'g(St P A))Q(S1, A

t=0

= VJS(Q)ﬂ

where we used the independence of T' to the MDP and that ET[lt:T]ﬁ = P(levt) = ~!. The
last equation is due to the policy gradient theorem 4.1.11 O
Using this proposition results in the following REINFORCE algorithm with geometric rollouts.
The representation is not only useful from a practical point of view. The random variables can
be shown to have bounded variance, an ingredient that was crucial for the proof of convergence
to a stationary point for stochastic gradient schemes. We will see this in the subsequent section.
Combined with an additional PI inequality (only known for tabular softmax parametrisation)
then also yields convergence to an optimal policy.

4.1.3 Convergence of REINFORCE

Under certain assumptions we can prove convergence of REINFORCE to stationary points using
Theorem 3.5.1. First, we will need L-smoothness, which can be shown under Assumption 4.1.12.
Secondly, we need an unbiased estimator with bounded variance of the gradient VJ(0) for any
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Data: Initial parameter 0y, K > 1, initial state s

Result: Approximate policy 7% ~ 7"

=1

while not converged do

fori=1,...,K do

Sample T; ~ Geo(1 — 7)

Sample trajectory (sg =s,ab,si,ri, ... ah_q, s}i,r}i,a}i) using policy %1

Sample T ~ Geo(1 —~2)
Set 5 = s, and af = afy,

Sample trajectory (56, AQyy 81,71y oy Qipr 15 Sty Thp dzT/) using policy w¥ -1
k2 k2 K3 k2

end

Determine step-size a.

V. K i i
vJs(el—l) = ﬁ% Zi:1 [Ve(log 71'6“1(611)- 5 STl)) Z 'Yt /2rt’+1}

0y =01 — CI%JS(@z—l)
end

Set I =1+ 1.
Algorithm 18: Mini-batch REINFORCE for infinite time horizon

6 € R?. This can be achieved using the geometric rollouts discussed in the previous section. The
unbiasedness has already be shown in Proposition 4.1.13 and the bounded variance is discussed
below. The algorithm we consider is the REINFORCE Algorithm 18.

First we prove L-smoothness of the objective.

f Lemma 4.1.14. Under Assumption 4.1.12, the objective J, () is L-smooth with

L= (115392 + Wa’ )f)f © where R, is the maximal reward of the bounded reward

assumption.

Proof. From the policy gradient theorem 4.1.8 we obtain for an initial state sy that

V.Jo (0) ST dn ()% (a5 5)V log(n®(a: 5)Q™ (s, a).

’Y s€S,acA

Now note that we can rewrite () to be

Q" (s,0)=> 1" > pls.a) > st 7)x0 (a8 )r(s' d),

t'=0 s’€S,a’eA

6
where p((s,a) — §';t',7%) = P (Sy) = s’). Using the definition of the state-visitation measure
0
and this form of Q™ we obtain for the gradient

Vs, (0)

= Z Z'ytp(so — s;t, 7)) (a; S)Vlog(ﬁa(a;s))Qﬂg(s,a)
s€S,acA t=0

= Z’y Z p(so — s;t, 7Y% (a; 5)V 1og(n? (a; 5) ny Z p((s,a) = &', 7%) 7% (a; s")r(s', a')
= s€S,acA = s'€S,a’€A

SRS plse o st n)nass)pl(s,a) - 70 (a's )V log(n? (a3 ) (s ).

t=0t'=0 s€S,acA,s’eS,a’e A
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For notation simplicity we define

80,9

0 (5,0, a") o= p(so — sit,m0)7 (a; s)p((s,a) — 85t 7))

V(@) = > A > 257 (s,a,8',a')Vog(n” (a; 5))r (s, d').

t=0t'=0 s€S,acA,s'€S,a’ €A

For any 6, and 0> we can analyse the difference of gradients using this representation as follows.
||v‘]80 91) - VJSO (92)”

= H Z Z e { Z z‘;,’g(s,m s',a’)(Vlog(n? (a;s)) — Viog(n?(a;s)))r(s', )

t=0 t'=0 s€S,acA,s’€S,a’eA

+ Z ( 22;91 (s,a,s,a’) — Zg;eQ(S,a, s',a'))Vlog(n® (a; s))r(s’,a’)}H
s€S,acA,s’€S,a’€A

SO LY s d)|[Vioa(n (a55)) — Vlog(r® (a; )| Ir(s )

t=0 t'=0 SES,acA,s’€S,a’€A

+ > 757 sy, ) = £75% (.0, 0 )| [V Tog(r™ (a3 )| Ir(s', )1 }.
s€S,acA,s’€S,a’ €A

Using Lg-smoothness of the log-policy and the bounded reward assumption we have for the first
term, that

Z 22}9(8, a, s, a’)||V10g(7r91 (a;5)) — Vlog(n? (a; s))|||r(s’,a’)| < R.Lo||01 — 03]
s€S,ac€A,s'€S,a’€A
(4.4)

For the second term we have to work a little harder to bound the difference of the probability

50,02

densities |fts";,’91(s, a,s',a") — f;%7%(s,a,s',a’)|. Therefore, we first denote by 7; all trajectories

from 0 to t, i.e.
7; = {T = {SO)GO)"'aSt7at}|80aa0 S A07"')St € Sva‘t € Ast}

. 0
and rewrite f,%"(s,a,s’,a’) as follows
:

55 (s 0,8, d') = p(so = s t,70)7" (a3 9)p((s,0) = &'t 70) 7" (d/; )
t+t t+t' —1
= Z 1st:s,at:a,st/:s/,at/:a’ H 7TG(an; Sn) H p(3n+1§ Sn an)'
TET 4 1r n=0 n=0
So,
80,01 o 50,02 o
t,t (S,G,S Y ) I (S,G,S , @ )
t+t’ t+t’ t+t'—1

= Z ]-sf,:s,at:a,st/:s’,at/:a’ ( H 7T91 (an; Sn) - H 7T92 (an; Sn)) H p(5n+15 Sn, an)~

TET v n=0 n=0 n=0

Then, using Taylor expansion (or also the more dimensional mean value or Lagrange theorem) of
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0 — Hf;t(; 7% (an; sn) we obtain the existence of a 6 € [, 6] such that

t4t’ t4t’ t4t’

u_[Ow@l (an; sn) — nl;[()w%(an;sn) < )(91 —6,)7 Ve(}_[()ﬂa(an;sn» ‘9:@‘

t+t’ B t+t’ B
< ”91 _QQHHZVWQ(an;sn) H We(am;sm)H
n=0 m=0,m#n
t+t' B t+t
<161 = 62) > ||V iog(x (ans su))|| TT 7 (ams sm)
n=0 m=0
4+t
<16 = )|t + '+ 1)Bo [] 7" (am; sm)-
m=0
Finally, we follow for the second term, that
> 297 (5,0, 8, a') — £75% (s, 0,5, d)| |V log(n? (as 5)) || (s, ')
s€S,acA,s’€S,a’€A
t+t’ t+t tt' —1
< > ‘ I 7" (anisn) = T 7% (anssn)| J] p(snt1i5n,an)BoR.
Te7’t+t/ n=0 n=0 n=0
t+t’ t+t'—1
< ”01 - 92”(t +t' + 1)B%R* Z H 71—G(Gfm§ Sm) H p(sn+1; Sn,an)
TET 4y m=0 n=0

=1
= |01 — Os|(t +t' +1)B3R..

All in all, we obtain

IV 50 (01) = Vo (02)Il < 37 D~ 4" (ReLolor — Oal| + 101 — b2 (¢ + ¢’ + 1) B3 R.)

for L = fxLe (149 R, Bg

1=7)2 FEE where we used that

oo
’ 1+’Y
t+t / _
YT+ +1) = —=.
t,z::(, (1—=7)?

WE

t

I
=3

Secondly, we show that the estimator used in Algorithm 18 has bounded variance.

é‘_’-p Lemma 4.1.15. The estimator ﬁJS(O) proposed in Algorithm 18 for K = 1 has
bounded variance. More precisely,

BoR,

||VJ5(‘9)H < (1 _ 7)(1 _ 71/2)

and therefore,

E[|VJ.(0) - VJ(@®)[|*] < C

for € = 2B} (== + st + )
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Proof. By the definition of %JS(G) we have that

T -1

~ 1 ,
IV,0)] = | 7= Volos(x"(Ar: 1)) 3 7 *R(Srse Arsv)
t'=0
1 T -1
=751V log(n’ (A ST))| Y 4" ?|R(Srsvr, Arr)]
t'=0
T -1
B@R* t'/2
< Z A/
(1=7) =
Bo R,

(=1 =77
For the second claim, first note that
L—7
1 )
m]EsNd;re A~m0 (-5 S) ““Og(WQ(A; SHIQ™ (S, A)]
R, ]
L=

IV Js(0)l]

0
Bt a5 [V 108 (43 $)Q7 (5, A)]|

< 1_ ,yEs~dg9 LA~ (-3 9) [BG
BgR,
(1-7)?

Hence, we have that

E[[VJ,(6) = VJ,(0)]°]
< B[V J5(0)[°] + 2E[[V (D) ]IV s (0)]| + [V ,(6) ]

_ R2B2 Ly RBe R.Bo  R2B2
T A=At (A=) A=) (=) (L)t
1 2 1
= R?B} .
s @((1 ) L U T R ) R G 7)4)

Define C = REB%((IJOZ(LWW)Q + (17"/)3(217’71/2) + (1_17)4> proves the claim. O

Theorem 4.1.16. Assume the objective function 6 — J() is L-smooth and
the policy parametrisation fulfills Assumption 4.1.12. Consider the stochastic
process (6,,)n>0 generated in Algorithm 18 for K = 1, where the step-sizes (a;);en
(deterministic or F-adapted) satisfy

oo oo
a; > 0, Zal:oo and Za%<oo
1=0 1=0

(almost surely). Then,
lim || VJs(6,)]* =0
l—o0

almost surely.

Proof. First note that we consider a maximisation problem instead of a minimisation problem and
therefore have to consider —J in the SGD Theorem 3.5.1. By the bounded reward assumption we
know that J, . = supgera J5(0) < 113—*7 < 00, i.e. infy —J4(0) > —oo. Furthermore, we know that
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J, (and thus also —J,) is L-smooth. We have by V.J,(6) from Algorithm 18 an estimator which
fulfills the equations (3.10) and (3.9) shown in Proposition 4.1.13 and Lemma 4.1.15. Hence,
defining

o F=—J,,

e z = 6 and Z takes the roll of the MDP rollouts up to the geometric lenthetah, i.e.
Z(x) = (T,T',Sr, Ar, St 11, - - -, Sr1/, Ap ) () under policy 7?,

o Vaof(®,2) = 75 Volog(n®(Sr; Ar)) S 4T/2R(S,, Ay,
leads to almost sure convergence:

lim ||VJ4(6;)||* = 0.
l—o0

4.1.4 Baseline

Traditionally it is believed that reducing the variance in estimating the gradient V.J(6) is crucial.
Recalling the discussion from Section 1.3.4 there are also other effects when using the variance
reduction by baselines for the softmax policy gradient approach to stochastic bandits. Nonetheless,
reducing variances is certainly a good idea.

Baseline

Let us generalise the baseline idea from stochastic bandits to general MDP policy gradient,
formulated in the finite MDP setting.

f Theorem 4.1.17. Assume that (S, 4, R) is a T-step MDP with finite state-action
spaces and consider a stationary differentiable parametrized family of policies
{n?:6 € ©}. For any b € R the gradient of J(f) can also be written as

T-1

VoJ(6) = B [ 3" Vo(logn®(As; S0)) (QF (Si, Ar) —b) }

t=0

or (RT—b) or (RY'—b)

Proof. The computation is very similar to the bandit case, we redo the log-trick and see that for
every t <T —1

IEZO [V@(logwe(At; Si))b] =b Z Z IP’ZS (S, = si)m%(ay; st)Vg(logﬂa(at; 5t))

st€ES a €A,
0
= b Z ]P)Z (St = St) Z veﬂ-e(at; St)
st€S a€A,
=b Y B (Si=5)Vo Y (@ s) =0,
StES a€A

=1

Thus, the additional term vanishes in all three representations of the gradient so that —b can be
added. O
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,g Show that the constant baseline b can be replaced by any deterministic state-
dependent baseline b: S — R, i.e.

T-1

VoJ(6) =EX [ 3 Vo(logn®(Acs S0)) (QF (i, Ar) — b(st))} .

t=0

We will come back to the most important state-dependent baseline b(s) = v (s) when we
discuss actor-critic methods.

I€ Write down and proof the baseline gradient representation for infinite discounted
MDPs.

In the bandit case we have already seen that the baseline trick is a variance reduction trick. The
same is true in the MDP setting.

Importance sampling trick/likelihood ratio method

There is a nice trick from stochastic numerics that is useful in many situations for reinforcement
learning, the so-called importance sampling trick (or likelihood ratio method). Suppose m =
E[g(X)] is to be approximated using a Monte Carlo method. The likelihood ratio trick is used in
two situations:

e If it is hard to sample X but easy to simulate a random variable Y with similar density.
o The variance g(X) should be reduced.

The first advantage of the method is what is closer to the interest of reinforcement learning.
Before showing why let us recall the trick. Suppose X has density fx and Y is another random
variable with (positive) density fy. Then

Bly(0)) = [ o) fx(@)de = [ o) 2 b () dy = Blg(v))

fr(y)
fx ()

with g(y) = g(y) IOk Suppose that fx is close to a know density fy but somehow wiggles
around. It might then be much easier to simulate Y instead and correct the Monte Carlo
estimator with the likelihood ratios. Alternatively, if §(Y) has smaller variance than g(X), then
the Monte Carlo convergence using Y would converge faster. This is typically the case if Y has
more mass on the important values (justifying the name importance sampling) giving the most
contribution to the expectation.

We now turn towards reinforcement learning and, quite surprisingly, find the trick useful to
construct off-policy estimators for the policy gradients! These are estimators that do not uses
samples produced from 7). Here is the main trick:

Suppose T = (s, ag, . .., 57_1,ar_1, ) is a policy and 7, ° are two policies. Using
the path probabilities gives

T-1

Pr(1)  pu(s0)do(ro) TTig m(ais si)p(sit; i, a:) “11

71'((14 0 Si)
sz (7) 1(50)d0(r0) HiT;ol m(a;; 8i)p(Sit1; Sir i) i m(a;; si)

What is crucial here is the cancellation of the transition p, the change from 7 to m°
is model-free!

The likelihood ratio trick now does the following. Write down the policy gradient estimator,
replace 7 by some behaviro policy 7° and compensate by inserting the likelihood ratio. Here is
the version of the finite-time non-discounted case:



4.2. PPO 125

Proposition 4.1.18. (Off-policy actor-critic policy gradient theorem)

Suppose 7° is a behaviour policy (with strictly positive weights), then
T-—1 0
_ @’ t 7 (Ai; Si) 0 ) 0
VoJu(0) = E} [;_:7 giwb(fli; oy Vollogn’ (A; ) 4] (S, 40)],

where Afa (s,a) = Qfe (s,a) — er (s) is the advantage function.

Proof. The claim follows from the definition of discrete expectations E[g(X)] = >, g(k)P(X = k)
and the MDP likelihood trick:

T-1
VI(0) = 2B [Vo(logn(Ar; $0) Q7 (S, A
t=

Vo(logn®(as; 5:)) Q" (5t7at))Pze (1)

Vo (log 70 (ay; st))Qfe(st, at))]P’Zb (1)
I1 mve(logw"(at 50)@F (50, a) )P (7)

trO(A S,
= ythb [H WVg(log 70 (A St))Qfe (St, At)]

Note that the product only runs up to ¢, all other factors sum out when computing the probabilities.
Finally, we use the value function as a state-dependent baseline and we obtain the off-policy
actor-critic representation. O

There are several reasons why the trick can be useful. It can be used to reduce the variance of
policy gradients (the original idea of the trick). Somehow this seems not to be very succesful.
Alternatively, the trick can be used to simulate from only one policy to approximate all policy
gradients Vy.J,,(0), i.e. run an off-policy policy gradient ascent, see for instance®. This approach
turns out to be delicate as small values of 7° can strongly increase the variance. From the
theoretical point of view the likelihood trick is very useful as the REINFORCE algorithm turns
into a true stochastic gradient descent algorithm of a function f(#) = E[h(X,0)], the dependence
of # is removed from the sampled law.

4.2 PPO

We start with REINFORCE with cyclic importance sampling updates in order to reuse sample
rollouts for a view gradient steps. Since the variance is big we use a clever gradient estimator,
that has a bias but a smaller variance. This is what PPO does. There is only one difference:
We do not clip importance sampling weights in our analysis, we do early stopping. The idea of
the early stopping is to stop the importance sampling updates if the variance of the gradient
estimator gets too big.

4.2.1 Bias of the PPO surrogate gradient

We have a fixed behaviour policy 714 from which we can sample and want to use this to estimate
the gradient VoJ(mp).

6Metelli, Papini, Faccio, Restelli: "Policy Optimization via Importance Sampling", NIPS 2018
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Theorem 4.2.1. (PPO surrogate bias)
Suppose To1q is a behaviour policy (with strictly positive weights) and define the
surrogate gradient by

. T-1
Vo (6) = Emo [
t=0

t VQ’ITO (At 3 St)

0
AT (S;, A
7 7Told(At;St) ¢ ( ! t)

and additionally assume that ||A7"(S,)||cc < Amax. It then holds that

[|VoJ(mg) — VoJ (76)||o

T-1
S 2\/§Amax\/rsnea§( KL(’/Told(’; S) || 7T9('; S))HVQ log 7T9||oo Z 'Ytt
t=0

For the proof we need a couple of preparations.
Let us start with a well-known identity, also known as the performance difference lemma (see for
instance [?, Lemma 6.1] and [?, Eqn. (1)] for the infinite time-horizon setting).

ﬁ Lemma 4.2.2. (Performance difference lemma)
For two policies w, 7,

T—1 T—-1 T—1
J(7@) = J(m) = B[ 4P AT (S, A = D A EF[AT (S, A)] = > A'A. (4.5)
t=0 t=0 t=0

Proof. We have Q7 (s,a) = ES, s 4,2a [Rt +7‘/1:11(St+1)] and Egogr Ar(. ) [A7 (S, A)] = 0.
Thus,

We bound the KL-divergence between the state marginals for different policies in terms of the
KL-divergence between the policies, which we can actually control. The following lemma is
essentially an application of the formula KL(®;P; | ©®:Q;) = >, KL(P; || Q;) for product measures

[?, p. 85]:

/’ Lemma 4.2.3. Let PT and P be the distributions of (Sp, Ag, Ro, - - -, S;) under
m and 7, respectively. Then

L(P7 || P}) ZE’T [KL(7(- 5 S:) || 7(- 5.8))]-

Proof. By factorising PT and Pf using the MDP dynamics, we find

= -1
PT (s0,ag,ro, - - w(a; ;8;)
10 t ) ) ) 1 9
gpf(sovaoyro,n Z al 731)
for any (so, ag,ro,---,5t). Using the definition of KL. and Fubini gives

t—1

; 7(4i58)| <= 7(A;S
KL (P || f) = E7 Zlog T S; u )”

5 (4;

= E ~dT EANﬁ -8 |:10g

e { R T )
t—1

= 3 Es g KL 8) [ 7(- 5 S))L.

=0
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ﬁ Lemma 4.2.4. For two policies 7, @ with maxs KL(7(- ; 8) || 7(- ;5)) < €, we have
KL(df ||d}) < te,

where df =P™(S; € -) and df =P"(S; € -).

Proof. Because df and dff are marginal distributions of PT and P7, respectively, the chain rule
for the KL-divergence 7 implies

KL(df ||d}) < KL(P}||P}) = Z]Eﬁ[KL(ﬁ(- s Si)[lm(-550)] < te.

We next give an adaptation and improvement of Lemma 2 from the TRPO paper for the
finite-time horizon setting.

/’ Lemma 4.2.5. If max; KL(mo1a(- 58) || mo(: 59)) < e and [|A7"(S, ) |loo < Amaxs
then

||gt9||00 S v 28Amaxa

where g¢(s) = Earr,(:5)[AF(s, A)], s € S.

Proof. Because Eqr,,(. 5)[A7"(s, A)] = 0, a characterisation of the total variation distance®

and Pinsker’s inequality® imply

Hgte(s)Hoo = ||EA~7re(- ;s)[A;TOld (s,4)] - Eacmoa( ;s) [AF (s, Al
< 2TV (my(- 58), mola(* ; 8)) Amax

< \/%Amax-

We can now give the proof of Theorem 5.3.1.

Proof of Theorem 5.3.1: First note that Fubini allows us to rewrite

T—1
V/O\J = Z theAt
t=0

with A, == E™14[gf(S,)], A, = E™[¢?(S,)], and ¢¢ as defined above. For a single coordinate 0,

"For instance Theorem 2.5.3 of T. Cover "Elements of information theory"
8see Prop. 4.5 of Levin, Peres "Mixing times of Markov chains"
9see for instance A. Tsybakov, "Introduction to Nonparametric Estimation"
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of 8 we obtain

Do, (D¢ = Dy) = Do, Y (d7* (5) — A7 (s)) g/ (s)

sES
t—1
=3 > Pr(r) > s logmo(aiisi) gf (s) + > _(df? (s) — di(s)) Do, 97 (s)
SES T:st=s i=0 SES
t—1
< [|g¢ | E BT [Z Do, log mo(As; Si) | + Z dy?(s) — d7'(s)) Z D, mg(a;5) A7 (s, a)
i=0 seS acA
:EA~7r9(4;S)[aejlogﬂe(A§S)A:°ld(S,A)]
t—1
=: ||9f | E T~P]e [Z Og;logm(As; Si) | + (]ESNdfe [£(9)] - Egdroa [£(9)])-
1=0
For the second equality we used
t—1
Dp,di"(s) = > 0o, Pf"(r) = > P[°()dp,logP{’(r) = > P(7) ) g logmg(ai;s;).
T:St=S$§ T:St=S§ T:St=S$§ =0
The second summand is now estimated as
TV property - -
‘ESNdjﬂ [f(S)] - ESNdjold [f(S)” < 2|[fllec TV (d;?, di>'*)

Pmsker

V2| flloe VVKL(d[? [|d7)
g' Amax||Volog mo|| ooV 2te,
while the first summand more directly from 5.3.5. Combining both yields the upper bound
< V2 Amax t [ V6108 Tg|oe + Amax | Vo log ma |00 VE V2.

The result follows by summing over ¢. O



Chapter 5

Proximal policy optimization

(PPO)

In this chapter we describe one of most important RL algorithms, proximal policy optimization
(PPO). We take an unusual point of view and derive the algorithms as a more sample efficient
variant of the REINFORCE algorithm. We derive (and analyse) PPO in four steps.

e We look at REINFORCE with cyclic off-policy sampling. This is supposed to improve
sample efficiency, using sampled rollouts for multiple gradient steps.

o We replace the reward to go with the advantage, reducing the variance a lot. In particular,
we discuss generalized advantage estimation (GAE) for finite-time MDPs.

e To reduce the variance of the gradient estimator we introduce a bias to the gradient that
allows to sample from transitions instead of rollouts. We analyse the variance and the bias
of the surrogate gradient. Essentially, this is early stopping PPO.

o Simon/Sebastian: Finally, we develop a convergence theory for early stopping PPO. For
that sake we use the smoothness of the value function (under certain policy assumptions)
and throw bias/variance estimates into standard machinery. Suitable early stopping and
step-size assumptions yield convergence to stationary points of the true value function.

o Simon/Sebastian We improve the analysis to a local convergence, and under stronger
assumptions on model and policy also to convergence to an optimal policy.

Before we start, let us recall standard REINFORCE, which is based on standard policy gradient.
Note: All we do is for finite-time MDPs; this is what is implemented anyway. If J denotes the
parametrised value function (start distribution is fixed), then

T—1
VoJs(0) = B [Z Vo (logn? (A ; st))R;T]

t=0

Thus, an SGD scheme uses sampled entire rollouts to estimate the gradient. Keeping in mind

T-1 T-1
Cov(z Xi) = Z Cov(Xy) + Z Cov(X¢, Xv)
t=0 t=0 £t/

it becomes clear that the rollout estimator has large variance. If a reward to go R} is large, then
also RY is large for t ~ t'. In what follows, we will see how to reduce the variances a lot.

129
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5.1 REINFORCE with cyclic off-policy updates

Idea: Sample trajectories and use them for a few gradient steps (this is a cycle), using the
importance sampling correction. Then sample again. For this approach we use the importance
sampling variant of the gradient:

T-1

t
nTold Az: S
VgJ =E [t_o fytg) - o A27 S)Vg(logﬂ (At, St))R%T],

Here is pseudocode for the resulting algorithm. Note: This is how the cycling is typically done:

o At the beginning of a cycle sample a number of trajectories D. Then split D into disjoint
K minibatches.

e Do K gradient updates, using the K minimatches. This is called an epoch.

o Now perform several epochs (aka pass through the data) on the same batch of rollouts.
Shuffle the full batch, form new minibatches and start a new epoch.

It might well be that in this simple situation it would be optimal to run full-batch updates only.
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Require: number of cycles C; episodes per cycle N; number of passes per cycle E; number of
minibatches per pass K; learning rate «

1: Initialise g

2: for cycle =1,2,...,C do

3:  Set sampling (behavior) policy p = mg,,,

4:  Initialize empty dataset D = ()
{— Data Collection Phase —}

5. forn=1,...,N do

: Initialize episode: observe initial state sop ~ p(sg)
7: Rollout trajectory 7, = (s, ag, ro, $1,a1,71, ..., S7) under u:

ag ~ p(-[s¢),  Sep1 ~ p(-]s¢, ar)

8: Compute return to go for each timestep:

T
!
Rf = E v e

=t
9: Store full trajectory 7, in dataset D
10:  end for
{— Optimization Phase —}
11: for epoch =1,...,F do
12: Randomly shuffle D
13: Split D into K disjoint minibatches: {B,...,Bxk}
14: for k=1,...,K do
15: Estimate gradient:
1 T
gk = —— Z Zwt(r) Vo logmg(as|s:) Gy
|Bk| TEBE Lt=0
o Lim
where importance ratio:
t
Yyl (al|52)
w(T) = T
+(7) g p(ailsi)
16: Update policy parameters:
0+ 0+ agy

17: end for
18: end for
19:  Set Oyq < 0 for next cycle

20: end for
Algorithm 19: Off-Policy REINFORCE with multi-batching for MDPs with finite time-

horizon (Rollout-Based)

No theory provided here. The algorithm is useless anyway.

5.2 Generalized advantage estimation, actor-critic

The first step to reduce the variance of the gradient estimator is to take conditional expectations
insight (reward to go only depends on the future transitions) and subtract a baseline. If we take
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the current value function as a base-line, this is called advantage:

~

Vo, (0) =E™ [ Vo (logm”(Ay; St>)Rﬂ

“
Il
o

—E [ Vo (logm?(Ar; Si))QF (St, At)}

=

-
Il
=

!

:Ewg[ Vo(logﬂe(At; St))(Q?e(StaAt)—Vtﬂe(st))}

t

Il
<

=:A79(S¢,Ar)

We are now entering the world of actor-critic policy gradient schemes. In order to improve the
policy (the actor) we need to evaluate the current policy (done by the critic). Why? Because the
gradient now involces the current value function.

Problem: It is generally not a good idea to estimate Q AND V separately. Thus, we
typically use that

n—1 n—1
A™(s,0) = ET,[Y 'R +7"V(S0)] = V7(s) = Y A R+ 7"V7(S,) — V().
t=0 t=0

The equality is due to the n-step Bellman-operator (Markov property after n-steps, instead of 1

step as usually. The A2C algorithm uses this simple advantage estimator using the current path
as

n—1
A0Sy, A) = Y A Ripwr + 9"V (Sean) = V™ (Sh),

t'=0

where V™ is estimated in the critic step from the current data. Here is pseudo-code. Note that
A2C is fully on-policy, there are not off-policy cycles. The pseudocode below is not exactly A2C,
but it uses the simple A2C advantage estimator.
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Require: Policy (actor) mp; value function (critic) Vi; number of cycles C; episodes per cycle
N; number of passes per cycle E; number of minibatches per pass K; learning rates o, ay
1: Initialize actor parameters 6y and critic parameters ¢q
2: for cycle =1,2,...,C do
3:  Set sampling (behavior) policy p = mg,,,

4:  Initialize empty dataset D = ()
5:  — Collection of rollouts from current policy —
6: forn=1,...,N do
7: Initialize episode: observe initial state so ~ p(so)
8: Rollout trajectory 7, = (so, ao, 70, S1, 1,71, .., ST, ) under p:
ar ~ pu(-[st), sey1 ~ p(:|se, ar)
9: Store (s¢, at, 7, Se+1) forall t =0,...,T; in D
10:  end for
11: — Estimation of the value function, update of previous network —
12:  for epoch =1,...,Fy do
13: Randomly shuffle D, split D into K critic minibatches: {BY,...,BY}
14: for k=1,...,K do
15: Compute bootstrapped targets (e.g., TD(0)):
Yo = 1o + 7V (st41)
16: Update critic (value function estimator) by minimizing squared error by mixing over
all transitions:
1 2
¢ ¢— Oévvcﬁw > (Vs (se) — i)
k (st,ae,re,8041)EBY
17: end for
18:  end for
19:  — Computation of all advantages estimators Ay (s¢, as) —
20:  for each trajectory 7 = (sg,ag,70,--.,s7.) in D do
21: fort=0,...,7; do
22: Compute some advantage estimator, for instance
flt(st, at) =7+ ’}/V¢(5t+1)lst+1¢termina1 - ng(st)
23: end for
24:  end for
25:  — Computation of the gradients and update of policy network —
26: for epoch =1,...,F do
27: Randomly shuffle D at the trajectory level
28: Split D into K actor minibatches: {B{},..., B&}
29: for k=1,...,K do
30: Estimate policy gradient per minibatch:
1 =
g = B > wil(r) Vologma(arlse) As(se, ar)
k1 repat=0
where wy () = []°_, Zelals)
t i=0 p(aslsq)
31: Update actor parameters:
0+ 0+ ar g
32: end for

33:  end for
34:  Set O,1q < 0 for next cycle

35: end for
Algorithm 20: REINFORE with cyclic updates, using A2C critic estimation with n =1
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5.2.1 Infinite horizon GAE

As noted before, Q™(s,a) = ET [> 7, ’Yth + y"V7(S,)] allows us to work with different
advantage estimators. Here is an 1mp0rtant point. Small n uses stronger bootstrapping of already
learned values, large n mostly uses new samples.

e small n has less variance, but larger V-estimation bias
e large n has more variance, but less V-estimation bias

What is GAE? GAE is just a mixture of the n-step advantage estimators. Let’s write this up:

To construct estimators of the advantage function in the actor—critic framework, we rely on
the notion of temporal-difference (TD) errors. Given a value function estimate V', the one-step
TD-error at time t is defined as

St = Rt + 'YV(St—i-l) — V(St)
If V = V7™, the expected TD-error satisfies

]E[ét | St7At] = E[Rt + ’yVﬂ'(StJrl) — VW(St) | St, At]
= Q" (S, Ar) = V7 (Si) = AT(Si, Ay),

due to the Bellmann-equation, making §; an unbiased estimator of the true advantage. Using
the TD-errors, we define k-step advantage estimators that accumulate information from & future
steps before bootstrapping with V:

telesco
AP ' Z Y Rire + 7V (Seqnir) — Z Vo oire-

Again, if V= V7™, the k-step advantage estimator provides an unbiased estimator of the true
advantage.

The (infinite horizon) Generalized Advantage Estimator introduced in [?] combines all k-step
estimators using exponentially decaying weights controlled by a parameter A € [0, 1]:

AFAPN = A = (1 - 0) Y AR AW,

Since each estimator is unbiased, also the convex combination is unbiased. Averaging geometrically
over all k-step advantage estimators, it implicitly assuming access to trajectories of infinite length.

5.2.2 Finite time-horizon GAE (new!)

To account for the finite rollout length 7" used in practice, we define the fixed-time GAE, which
replaces the infinite geometric weighting in standard GAE by a normalized, finite geometric sum
up to the last available timestep T'. For a given timestep ¢ < T, the estimator is defined as

T—t—1

AT . kA
AT .= lfATt Z A

where again Aﬁ’” denotes the k-step advantage estimator A,E’“) = Z?:o 7*8¢+¢. The normalization

factor 171;7;\,, ensures that the geometric weights sum to one. This formulation yields a consistent
fixed-horizon analogue of GAE that aligns with the data available from truncated rollouts.
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5.2.3 Termination-time GAE (new)

In practical reinforcement learning settings, trajectories often terminate before reaching the fixed
rollout horizon T, because an absorbing state is reached. In such cases, it is no longer meaningful
to average over k-step estimators beyond the point of termination, as those future returns cannot
be observed. To address this, we restrict the geometric averaging to the range of steps actually
available before termination. This leads to an estimator that depends on a random horizon,
given by the episode’s termination time. We denote by 7 the termination time, i.e.

= inf{¢ > 0] S; is terminal },

which is a stopping time with respect to the natural filtration. We assume that 7 is a.s. finite.
Moreover, let us define 7 := 7 A T. Conditioning on 7 allows us to construct an advantage
estimator that mirrors the fixed-time formulation but adapts to the random episode length.
Specifically, we define

T—t—1

AT . k (k)
At' l_ATt Z)\

where the sum now runs only over k-step estimators that only observe information before
termination. When 7 = T, the estimator coincides with the finite-horizon version AtT, but for
early termination it automatically adjusts to the available rollout length, avoiding the use of
unavailable future returns.

5.2.4 The backwards induction

5.2.5 Relationship of the finite and the stopping time GAE

Throughout this section, we assume that we terminate in finite time and that the value function
estimator satisfies: V(S;) = V(S,) = V™(S,) = 0 for all ¢+ > 7. By separating the geometric
sum in the definition of the finite-horizon estimator at the (random) termination time 7, we can
express A;‘F as a combination of the stopping-time estimator A[ and the last available k-step

estimate A7V

ﬁ Proposition 5.2.1. Suppose that we terminate in finite time. For ¢t =0,...,7—1,
we have

AT 1— AT—t r )\T—t _ )\T—t

_ A1)
t = 1— )\Tft t 1— )\T,t At . (51)

Proof. Let ¢t € {0,...,7 — 1}. Then,
T—t—1
N 1-—A N
T _ k 4(k)
At1_)\T—t<Z>\At>
T—t—1 T—t—1 "
— k 5k
- /\T t ( Z AFA Z A A )
k=1—t

Note, that V™(S,;) = 0. Furthermore, once we have reached a terminal state S;, we stay in the
terminal state for the rest of the rollout, i.e. Sy = S;, for all t = 7,...,T and do not receive any
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new reward. Thus, Aik) = AET%*U for all k € {7 —t,T —t — 1}, which allows us to rewrite

T—t—1 N )Ttl
A k T—t—1 k
i (s )

k=1—t
1— )\ T—t—1 T—1—71
= 41 T < )\kAgk) +A§T—t—1))\77t Z )\k)
N k=0 =
T—t—1
_ 1= kAK)  jr—t-1) e L= AT
1T (k_o ANA + A A Y
1—- 2t as 1—A A(r—t—1) 7t L — AT=7
B ES UE  p v (At AT
1— )\‘r—t i T t__ )\T—t (r—t—1)
S U e ' =

The relation shows that the finite-horizon estimator AtT can be interpreted as a reweighted
version of the stopping-time estimator fl{ Once termination occurs, all k-step advantage
estimates beyond the termination time coincide, i.e. AE’“) = /AIET*FD for all kK > 7 —t, because
no further rewards or transitions are observed after entering a absorbing state. Consequently,
the geometric averaging in /AltT effectively reuses the last available k-step estimate multiple times
for the remaining weights A7 %, A" ~t*T1 ... AT=*~! This causes the second term above, which
redistributes more weighting mass onto the final nontrivial estimate AET%*D. In contrast, the
stopping-time estimator fl{ averages only over the actually observed k-step estimates up to
termination, assigning zero weight to unobserved future terms.

Relation between the stopping-time and the standard GAE estimator. Analogously,
we can relate the stopping-time estimator AT to the standard infinite-horizon GAE estimator A°°
By separating the geometric sum at the termination time 7, we obtain:
Suppose that we terminate in finite time. For ¢ = 0,...,7 — 1, we have

A = (1= ATt AT 4 ATt AT,

Proof. From the definition of the infinite-horizon estimator,

A) DT ARAR,
k=0

We decompose this sum at the termination time 7:

i = (Til/\mm+ S AA <k)>

k=1—t

After termination, again all future k-step estimators coincide with the last nontrivial one. Hence,

Atoo <Ti1)\kA(k) A(T t—1) Z )\k)

k=1—t

T—t—1 ( ) 1
=(1-A NEAP AT T
( ( k=0 ' 1-A
= (1= ATHAT + A EATTY . O

This expression shows that the infinite-horizon GAE estimator A% can be interpreted as a
reweighted extension of the stopping-time estimator A7. After termination, all k-step advantage
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estimates collapse to the final value A,ET*H), which is repeatedly weighted in the infinite

geometric sum. The coefficient A"~ thus represents the corresponding cumulative geometric
weight. When the episode length is long or X is small, the difference between A$° and A] becomes
negligible.

Example: Relation between the stopping-time and the standard GAE estimator.

~

AT =AY =5,

T—

ir _ 1=A 40 i
Ay = s (Arne £ AL
1- A Lo

T 12 (0r—2+ A(0r—2 +707-1)) = 0r—2 + )\WﬁAT_l
ir 1-A 40 10, | 324@
Ay = 1o (A, + 240, + 24D, =

1-22
= 67—_3 =+ ’YAmAT_2.
0)
'r 1 = AS— 1 — 6

=1 =N (6r—2+ (0r—2 +70r—1) ) =0r—2+ )‘714?—0—1

1-A
Ai‘i:% =(1- /\)(Ago—)3 + AASI—)B + Z )‘112152—)3)
= (1 =X)((0r—3+ (073 +70r_2)

+ Z )\l (5773 + 75772 + 725771))
=2

= 0,3+ A2,

5.2.6 Unbiasedness of the estimators

In this section, we establish that if the true value function V™ of the policy 7 is used to compute
the temporal-difference errors, then all proposed advantage estimators are unbiased estimators
of the true advantage function A™(s,a) = Q7 (s,a) — V™ (s).

Theorem 5.2.2. Suppose that the true value function V™ of 7 is used in the TD-errors:

6t == Re + V7 (St11) — V7 (Se), 7€ (0,1).

Then, for any finite horizon T
E[AT | S0, Al = A™(S1,A) = Q(Si, A)) = V7 (S)).

Proof. For a fixed starting time ¢, recall that the fixed-time estimator is defined by

T—t—1

AT k
At 1_)\Tt ZA
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For any deterministic k < T —t — 1, we have due to the Bellman equation

k
E |:A§k) I St; At:| = E[Z’}/ER,H_[ + ’Yk+1Vﬂ(St+k+1)
£=0
—V7(S0) | i, Al
= AW(St, At)

As the fixed-time estimator is a normalized, geometrically weighted average of the k-step
estimators using aboves identiy, yields

1oy Tzt
A - G
E[A] | S;, A] = T DN E[A(" | S, Al
k=0
T—t—1
1-A & A
=T D M AT(SL A
k=0
= A™(St, Ar),
since the geometric weights sum to one. O

[Unbiasedness of the last term in Stopping-Time Estimator] Asumme that we use the true Value
function V™ of 7 for our TD Errors:

0 = Ry + YV (Spy1) — V7T(Sh), v €(0,1).

Then, for t <7 — 1:
E[ATY | St,At] = AT(S,, Ay).
Proof. Define
G = U(St,At, .- -aSt+k,At+k7 St+k+1) (k > 0)7

and the process

k
AP = Z v Grse
=0

Y Ry + V™ (Seqrg1) — VT (Sh).

M=

Il
=]

Suppose (Mjy) is uniformly integrable (e.g., bounded rewards imply bounded V7™, hence |d;] is
bounded, hence (M) is UI).

(i) Martingale property. By definition (My) is Gr-adapted and integrable. Moreover,

E[Mjy41 — M. | Gi]
= fykJrl E[5t+k+1 | gk]
= Y E[Ripar + 9V (Sirnt2) = VT (Sernrn) | Gil

= E[Rp i1 + V™ (Stnr2) — VT (Seantr) | Seqnra]

where we have used the Bellman Equation for V7.

(ii) Define a stopping time. Let N := max{r —t — 1, 0}. For any k, {N < k} = {7 <
t+ k4 1} € G because Gy, contains the entire state information up to Siyx+1. Thus, N is a
stopping time for (Gy).
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(iii) Optional stopping. Applying Optional Stopping Theorem, yields:
E[My | Go) =E[AV 7Y | Gyl = My = AV = 6,. as.

Conditioning on (S¢, A;) and using the tower property, yields

=E[E[A7 "V | S, Ay, Sei1] | Si, Al
=E[E[A{ "V | Go] | Si, Al
= E[5; | Sy, Ay
[

ERt+’YV (St+1) —Vﬂ—(St) | St,At]
= Q" (S, Ar) — V7 (S)
= A" (S, Ay). O

Theorem 5.2.3. Suppose that the true value function V™ of 7 is used in the TD-errors:
(St = Rt + ’)/VTF(St+1) — Vﬂ—(St)7 v e (0, 1)

Then,
E{fl{ | St,At} = AT(S;, A) = QT(Sy, Ay) — V™(Sy).

Proof. Todo. O

5.3 PPO as importance sampling variance reduction method

Here is the point of PPO. So far we computed gradients with advantage estimation. We also used
importance sampling to improve sample efficiency. The problem is, importance sampling makes
the variances explode. We next introduce two tricks. First, early stopping to avoid explosion
of the variance if sampling and current policy are too far apart. Second, we flatten rollouts
to a transition level, this reduces variances of the gradient estimator as it reduces correlations
through rollouts. To make the second trick work, we need the PPO trick. Let us first recall the
gradient representation with importance sampling and advantage:

91d .
71'0
t=0  i=0 v

V(0 E”“ld[i HLT gi))A?Q(St,At)}

Instead of using entire sampled rollouts we would like to use transitions (S;, A;) that are sampled
from independent rollouts. Why? Because it reduces the variance of the sum, inter-time
correlations dissapear. To do this, we modify the gradient estimator to

T-1
= 1A ol VMTO(A:& ; St)

__ qemold t ) T
Vo (0) =BT [ 3 b et AT (81, A1),

t=0

Doing this introduces a bias to the gradient but allows us to either sample with weight propor-

tional to ~* transitions that contribute with %Afe(&, A) to the gradient estimate, or,

04, .
alternatively, sample uniformly in time with contribution %,ﬁ AT (S, Ap).

5.3.1 Bias of the PPO surrogate gradient

We have a fixed behaviour policy mq from which we can sample and want to use this to estimate
the gradient VgJ (7).
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Theorem 5.3.1. (PPO surrogate bias (no clipping))
Suppose To1q is a behaviour policy (with strictly positive weights) and define the
surrogate gradient by

Tl
= Veﬂ'e(At 9 St)
Q) = [ETeld t ) ATeld A
VGJ( ) [;’7 Trold(At; St) t (Sta t):|
and additionally assume that ||A7" (s, )||cc < Amax. Furthermore, we abbreviate

m = ]ESNd"'old [KL(Wold('; S) || 71-9('; S)>]7

T-1
where d™e1 := £ 3" " " d;4. Then

IVeJ (m6) — VaJ (16)||oo < V161/ KL(mo1d, 76)T°/2||V 6 log 6| | so Amax-

We actually prove
| Vo (mo) — Vs (mo)||_ < (72 VE+ VT (VoI (T 1) + T)),

with C' = v/2||Vg log || so Amax but write the estimate in a more compact form.

For the proof we need a couple of preparations.

Let us start with a well-known identity, also known as the performance difference lemma (see for
instance [?, Lemma 6.1] and [?, Eqn. (1)] for the infinite time-horizon setting).

Lemma 5.3.2. (Performance difference lemma)
For two policies w, 7,

T-1 T-1 T—1
J(@) = J(m) =E7 | > A AT(Se, Ar) | = D V' EF[AT (S, A)] = D 7'As. (5.2)
t=0 t=0 t=0

Proof. We have Q7 (s,a) = EZ,_ 4,_, [Ry + V{1 (Si41)] and Esmdr Anr(- 19 [AT (S, A)] = 0.
Thus,

J(7) = J(7) = ) ' (E[R,] — E"[Ry])

= ’Yt (]ESNdf,A~ﬁ'(- ;S) []Egt=S,At=A[Rt] ] - ]Eswd;r,ANﬂ-(, ;9) [Eg‘t=S,At=A[RtH)
N——
=Qf(57A)—’Y]Es/~p(» ;s,A)[Vt11(S,)]
= ’Yt (ES~df,A~7’r(» ;S) [Af(S, A) — ’YES’Np(‘ :S,A) [‘/t:-l(sl)] + Vtﬂ(s)]

B aeon(. ) [AT (5, 4) = 1B 5.0 [V (8] + V7 (9)])
T-1

= Z ’YtESNdf',ANﬁ'(~ .5)[AF (S, 4)]

t=

+ Z YV (VEswdr, ann(- 35) [Bsrmp( 15,4) Vi1 (S]] = Esar, ann(. 35 [V (S)])

- 9 <7Es~df,A~7~r(- 5) [Esrap(- 55,4) Vi1 (S]] = Esear, ana( ;5) [Vf(S)])-
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For the second sum, we calculate, using Vi =0,

T—1
Z YV (VEsndr, amn(- 39) [Esimp(- 35,4 [ViE1(S)]] = Esaar, ama(- ) [Vi7(9)])

t=0
= > Y (ET VI (Ses1)] — ET[VT(S0)])
t=0
=y"ET[VF (57)] — E™[V5 (So)] + Z_: YHET [V (Seq1)] — z_: VET [V (S:)]
t=0 t=1
=—E"[V5 (S0)],

and analogously for the third sum. Because df = u = dj, we have E™[V{(So)] = EF[V{T (So)],
meaning these sums cancel, which finishes the proof. O

We bound the KL-divergence between the state marginals for different policies in terms of the
KL-divergence between the policies, which we can actually control. The following lemma is
essentially an application of the formula KL(®;P; | ®:Q;) = >, KL(P; || Q;) for product measures

[?, p. 85]:

&9 Lemma 5.3.3. Let PT and PJ be the distributions of (Sp, Ao, Ro, - - ., S;) under
7w and 7, respectively. Then

t—1

KL(P] || P7) = > EF[KL(#(- 5 8:) || w(- 5 8:))].

=0

Proof. By factorising PT and P using the MDP dynamics, we find
t—1

PT (s0, a0, 70, - - - 7(ai ;8;)
log —% log ———=
]P);r(507a077n0, .,S Z (az 751)

for any (so,ag,ro,.-.,5t). Using the definition of KL and Fubini gives

i=

t—1

szsz)
Zk’ T(A;:S)

t—1 -
7r(A;S)”

=Y Egog |Eava( s |log =%

> [ (S)[ S

t—1

= 3 Es g KL 8) 7 ).

=0

KL(P] || P7) = E7

f Lemma 5.3.4. For two policies 7, 7 with maxs KL(7 (- ;s) || 7(-;s)) < &, we have
KL(df ||d}) < te,

where df =P™(S; € -) and df = P7(S; € -).

Proof. Because df and df are marginal distributions of PT and PT, respectively, the chain rule
for the KL-divergence ! implies

KL(dF||dF) < KL(PF|[PT) = ZE’T KL(7 (- ;.8) |7 (- ;5))] < te.

1For instance Theorem 2.5.3 of T. Cover "Elements of information theory"
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We next give an adaptation and improvement of Lemma 2 from the TRPO paper for the
finite-time horizon setting.

Lemma 5.3.5. If max; KL(moa (- 58) || mo(: ;8)) < e and || A7 (S, ) |loo < Amax,
then

1910 < V26 Amax,

where gf(s) = Erry(:s) AT (5, 4)], 5 € S.

Proof. Because Eqr,.(. :5)[A7"(s, A)] = 0, a characterisation of the total variation distance?
and Pinsker’s inequality?® imply
197 (8)lloc = Eammg(- 1) [AT (5, A)] = Eammora(- 1) [AT" (5, A)]| oo
S 2TV(71—0( ) 5), 7rold(' ;8))Amax
< \/%Amaw
O

We can now give the proof of Theorem 5.3.1.

Proof of Theorem 5.3.1: First note that Fubini allows us to rewrite

T—1
V/O\J = Z VtvaAt
t=0

with A, = E™[gf(S,)], Ay = E™[g?(S,)], and ¢¢ as defined above. For a single component 0;
of 8, we calculate

t—1

o,d(s) = 3 0BT (r) = 3 FF(r) A log B (r) = S P(r) S O log mo(ais i)

T:S;=8 T:S;=8 T:St=S§ 1=0

and

190,90(5)| = | S 00, m (a3 5) AT (5, 0)| = [E gy 15)[00, 108 0 (45 ) AT (5, A)]| < [V 108 7 |oo A
acA

Combining this with Lemma 5.3.5, we have

t—1
100,(Ar = A =D > PI(r) Y g, logmalai;si) gf (s) + Y _(di’(s) — d*4(s)) Dg, ! ()]
SES Tist=S =0 seS

< ||Velog mo[oc E, o [|9f (se)l] + 2TV (7, d7?)[[Vogy ||
= 1||Vg log mg||oc Eggro [197 ()] + 2TV (d7*, d7")||Vegy || oo

< V2||V910g 76| oo Amax (¢ Eg.oqme [V KL(o1a(5.5) [ 70 (5.9))] + /KL(d7** || df*)).
=C

Using
Esqro [VKL(mota (9) [| 10 9))] < Eggros [V KL(7ota (- S) [ 70 (3 5))] + v/ 2KL(d7 [ d])

gives

[0, (A¢ = Ay)| < CO(tEg,_ gron [VKL(moa (5 5) [ (-5 )] + (tV2 + 1)/ KL [ d7")). (5.3)

2see Prop. 4.5 of Levin, Peres "Mixing times of Markov chains"
3see for instance A. Tsybakov, "Introduction to Nonparametric Estimation"
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Proceeding as in the proof of Lemma 5.3.4, we have

T—1
KL [ ") < 3 Eg_yros [KL(mota (5 S) | mo (5 5))] = TKL.
1=0

Plugging this into (5.3) and summing over ¢ gives

T-1

106, () — VoI (79),] < C > (tEsg_yrona [v/KL(mota (3. 8) [ m( 9))] + (+V2 + 1)V TRL)
t=0
< C(T?Esmirons [V KL (To1a (5 9) [ 70 (5 9))] + VT KL(VET(T — 1) + T))
< 0(T? VKL + VT RL(V2T(T — 1) + T)).

We now continue with the PPO gradient estimator, including the clipping. We denote by

- T-1
Vod(0) =™ [ "4
t=0

t Veﬂe(At > St)

1 .
. TP (AL;Se)
7Told(félt ) St) |ﬂ'01d(At:St) L<e

A;Told (St, At):|

WAS IST UEBERHAUPT DAS DING MIT TILDE

Theorem 5.3.6. (Clipped PPO Gradient Approximation)
Under the above assumptions and for sufficiently small KL <g, the clipped PPO
gradient approximates the true REINFORCE gradient as

—_~—

IVJ(0) = VI(0) oo
< C1T?/% + Co||Vs 1ogwe||ooAmax§ T O(@(MQT(T 1)+ T)) = VEL(.).

The proof is a triangle argument. We already estimated the bias of the PPO-type gradients
without clipping, now we compare the gradients with and without clipping. The idea is simple:
We distinguish two events, the one in which clipping occurs and the one without clipping.
Clipping only occurs when the likelihood ratios are large, but this means the KL-divergence
would be large.

;’ Lemma 5.3.7.

Eﬂ'old |:

mg(As; St) — . .
Tl 1] < VEE Rl Tl

and in particular

ro(As; S0 Eros [2KL(mota (10) || 70 (151))

]P)ﬂ'old (

Proof. Fix a state s € S, and denote P := moq(+|s) and @ := mp(+|s). Then

S ] - X p@| R 1] - Sie) - Pl - 21v(RQ). 6

B (s [
Anmora(::s) Told(A4; s P(a

where TV(P, Q) is the total variation distance

V(P.Q) = 5 3 IP(a) - Qla)].
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Pinsker’s inequality states that for any two probability measures P, Q) on A,

TV(P,Q) < /3 KL(P|Q). (5.5)

We thus obtain

Bt || 2 = 1]] < VERE raalTo] Tl o) (5:6)

Told (A; S

Integrating out the distribution of S; with the use of Fubini and using Jensen’s inequality yields

]ETrold |:

m 1] < B [ V2RL{maa (150 T (150)]

< |/ Bmos [2KLrna(150) 1 oC150) ]

We can now proceed with the main argument.

Proof of Theorem 5.3.1: Using that the true and the simplified PPO surrogate gradients are
equal when there is no clipping, the difference is

— — = V(A S i
)i = e T S )
To = t 71-9(1475; St) Told
= s 5 A SO sy AT 0]
T-1
< CE™ [ 3 41l 1]
t=0
= .
T-1
= E7 [ 30 A (1 Ly 15 AT (S1, A
t=0
T-1
< Amax(1+€) Y P4 (|ry — 1] > ¢)
t=0

- \/u«: [2KL(meia(150) | 7o (150)) |
< Amax(1+6) > 7'

t=0 €
T-1
= X 7B [2KL(moa (S0 [ mo(10)) |

<A (1+)1_7T L=
— max € 1 _ ,y €

1-+" VKL
= Amax(1 +€) o" VKL

1—v €

In the last step we used Jensen’s inequality. Finally, the triangle inequality yields
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The preceding bound treated the clipping condition as symmetric in 74, i.e. activated whenever
|rt — 1| > €. In the actual PPO objective, clipping is asymmetric: only the upper side r > 1+ €
is active for positive advantages A; > 0, and the lower side 7, < 1 — € is active for negative
advantages A, < 0. Assuming the advantages take both signs with similar frequency, the
probability of clipping on the relevant side of the ratio is at most half of the symmetric bound,
yielding a factor 2 in the estimates. The true PPO estimator potentially has a sligtly smaller
bias than estimated.
We consider discrete distributions P and ). We define the "indistinguishable set" A where the
likelihood ratio is small:

A= {x : 111M §ln(1+e)}.

q(x)

Let v = In(1 + €) be our threshold. Our goal is to bound P(A) using the Kullback-Leibler
divergence.

1. The Log-Likelihood Random Variable

We define the random variable L as the log-likelihood ratio evaluated on data generated by P:

L= ln@, where X ~ P.
q(X)

The expectation of L is exactly the KL divergence:

Ep[L] = Zp(x) lnzgg = DxL(P| Q).

The event = € A corresponds to the event L < ~. If Dy, (P||Q) > 7, then the event A represents
a "tail event" (a deviation below the mean).

2. Rigorous Bound: Cantelli’s Inequality

Since KL divergence is only the first moment (mean), it cannot bound tail probabilities alone

without assuming something about the spread of the distribution. We introduce the variance of
the log-likelihood (sometimes called the v-entropy):

2
(mf;g; _ DKL<P||Q>) ] .

We use Cantelli’s Inequality (a one-sided Chebyshev bound), which states that for a random
variable L with mean p and variance o2, and for any k > 0:

0? = Varp(L) =Ep

o2
PL<pu—k) < ———.
(Lsp—k< 57
Setting p = Dk, (P||Q) and pu — k = v, we define the "gap" k = Dk (P||Q) — In(1 + ¢).
Assuming Dk, (P||@) > In(1 + €), we obtain the bound:

0.2

P(A) < .
0%+ (DkL(P|Q) — In(1 +¢))

This bound is rigorous and uses KL explicitly, though the decay is polynomial (1/k?) rather
than exponential.
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3. Exponential Approximation (Local Analysis)

If we are willing to assume that P is "close" to @ (the local regime), the random variable L is
approximately Gaussian.

In the local regime, it is a known property of information geometry that the variance is
approximately twice the KL divergence:

0'2 ~ 2DKL(P||Q)

If we assume L follows a Gaussian distribution N (Dxkr,,2Dkr), we can apply the standard
Chernoff bound for a Gaussian variable. The probability of deviating from the mean by k is
bounded by:

k‘2
P(L<u-—k)< —— .
(L<p )_eXp< 202)
Substituting k ~ Dkr, (assuming the threshold v ~ 0) and 02 ~ 2Dxky,:

(DxL)?

P(A) S exp (_Q(QDKL)) = exp (—iDKL(PHQ)> :

This explains why KL-based exponential bounds often appear with a factor of 1/4 or 1/2 in the
exponent in asymptotic literature.

4. Summary

To use KL divergence for a single-shot bound, we must account for the variance:

1. Rigorous: Use Cantelli’s inequality. The bound depends on the ratio of the variance o2

to the squared KL distance.
2. Heuristic: If P ~ @, the probability decays as roughly exp (—1Dkw(P[|Q)).

1. The PPO Clipping Mechanism

In Proximal Policy Optimization (PPO), the surrogate objective is defined as:
LOHIP(9) = By [min (r4(0) Ay, clip(re(6),1 — €, 1 + €) Ay)]

To(at|st)
o, q(at]st)”
The gradient VoL is non-zero only when the ratio is unclipped (or when the advantage
sign dictates movement towards the clip, but we focus on the vanishing region). The "Active

Region" A where the policy update is fully active is:

where r(0) =

mo(als)

T 0014 (a‘s)

Az{(s,a):1—6< <1+€}.

If the probability measure of this set P(A) — 0, the gradient contribution vanishes.

2. Log-Ratio Formulation
We analyze the log-ratio random variable L = Inr;(6). The active region corresponds to:
In(1 —¢) <L <In(1+e).

Let v+ = In(1 + €) and v— = In(1 — €). Since € is small (usually 0.2), this interval is centered
near 0.
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However, the expected value of L under the current policy 7y is the KL divergence:

E,,[L] = E, {m o

Oo1d

} = Dkwr(mo||70,14)-

Note: We analyze the expectation under my because we are asking "Where does the current policy
put its mass relative to the old policy?"

3. The "Gradient Silencing" Bound

Let u = Dk (mgl|me,,,)- As the policy updates, if Ty becomes very different from my,,,, then u
becomes large and positive.

The active region requires L < In(1+€). If g > In(1 + ¢€), the active region is far in the "left tail"
of the distribution of L.

Using Cantelli’s Inequality (one-sided Chebyshev):

0.2

P(LSIH(l-FE)):P(LSN—k)Sm

where the gap is:
k= DKL(’]TQ”']T@DM) — ln(l + 6)-

And 0% = Var,, (L).

4. Conclusion: Convergence to Zero

The probability that a sample contributes to the gradient is bounded by:

Var(L)
Var(L) + (Dxu. (mg|mo,,,) — In(1 + €))’

P(Active) <

As the policies diverge (Dky, — 00):
1. The "gap" k grows linearly with the KL divergence.
2. The denominator grows quadratically with the KL divergence.
3. Consequently, P(Active) — 0.

This proves that PPO naturally "silences" gradients from the current policy if it drifts too far from
the sampling distribution, preventing catastrophic updates based on off-distribution samples.

ACHTUNG, WIE KOMMT REIN, DASS DIE RECHTE SEITE NICHT NEGA-
TIVE IST

Theorem 5.3.8. For bounded advantage and score function we have

P KL
< _
||V (0)||00_Ama10(1+€)T(1 CE)’
where C. = log(l + €) + |log(l — ¢)| and as above KL =

F X1 B [KL(mata(15:) | ma(:151)) |-

Proof. Now the trick is that the gradient is zero for the summands in which the ratio is clipped
to 1, nothing else depends on 6. Puh, ist da ein Problem mit Differenzierbarkeit??? MACHT ES
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UEBERHAUPT SINN, DEN GRADIENTEN RAUSZUIEHEN? GRADIENTEN VERSTEHEN,
WENN 7g = pigiq ist. WANN KANN MAN REIN UND RAUSZIEHEN?

— e [ (A ) ot
IVI(O)lloe < [[VoE [ZV ml\”—lkeAt (St, At) |[loo
t=0 ’

T-1

nold 7T6 A N S T
BT [ X s g e Vo log(ma( v, SO)AT 51, 49
t=0 ’

T-—1

< Amaxc(l + 6) Z fYtPﬂ-Old(Vt - 1‘ < 6)
t=1
T-—1

< ApmazC(1+€) Z Pl (|ry — 1] <€)

t=1

Tt E KL(roa (1) || mo(150) |

< AnazC(1 1-—
= (1+e) ; ( C. )
KL
= AparCO+ T (1= )
1+or(1-
The last inequality is linearity, using the properly normalised sum is 1. O

Was wuerde das ganze Bedeuten? Wir wissen, wie nah wir am Gradienten sind und gleichzeitig
wissen wir, dass wir irgendwann einfach stehen bleiben, wenn KL =~ C..
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Impact on gradient norm.

5.4 Effect of Large Mean KL on Gradient Magnitude

We now show that when the mean policy KL divergence across rollout states becomes large,
the magnitude of the PPO gradient is necessarily small with high probability. Together with
the converse (Section ??), this yields a self-consistent stability mechanism: a large policy shift
suppresses further gradient updates.

5.4.1 Setup and Definitions

Let mo1q = mg,,, denote the behavior policy and 7y the updated policy. For each sample (S, A)
collected under 74, define the likelihood ratio

o (A[S)
r(S,A) = ————. 5.7
(S, A) o (AIS) (5.7)
The clipped PPO objective for one sample is
LeUP(S, A) = min(r(S, A)A(S, A), clip(r(S, A),1 — e, 1+ €)A(S, A)) , (5.8)
and its gradient with respect to 6 satisfies
g(S, A) := Vo LUP(S, A) = Vglogmy(A|S) A(S, A) (5.9)
with )
- A(S, A), S, A) — 1] <k,
A5, 4) = JAGA S A =1l < e (5.10)
0, otherwise (appropriate clipping sign).

Hence the gradient is nonzero only for ratio values inside the unclipped interval [1 —€,1 + €].

5.4.2 Mean KL Divergence and Ratio Deviations

For each fixed state s, denote the old and new action distributions Ps(a) = mo14(als), Qs(a) =
mg(als), and r¢(a) = Qs(a)/Ps(a). The per-state KL divergence is

KL(s) =Ea~p, {log gss((i))} = —Ea~p,[logrs(A)]. (5.11)

Let

KL := ]ESNd"old [KL(S)] = — ES7AN7701(1 [log ’I"(S7 A)]
be the mean KL divergence across rollout states.
Bound on the measure of large ratios. Fix ¢ > 0 and define per-state sets Qs+ = {a :
rs(a) > 1+4¢€} and Qs = {a:7s(a) <1 —€}. By Jensen’s and monotonicity of the logarithm,
KL(s) = Ea~p,[—logrs(A)]
> <_ log(1 + 6)) Ps(Qs,4) + |log(1 — €)] Ps(€2s,-)
=C. Py(Irs(A) — 1] > ), (5.12)

where
Ce :=1log(1l +¢) + |log(1l —¢€)|. (5.13)

Averaging (5.12) over rollout states S ~ d™ gives

EsammuaH{Ir(S,4) — 1] > )] < . (5.14)

€
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Let
Delip(avg) ‘= ES7AN7Told [H{|T(S, A) — 1| > 6}] (515)

be the fraction of ratio values outside the unclipped region. Equation (5.14) guarantees that

KL

Delip(avg) = T (5.16)
5.4.3 Expected Gradient Magnitude
Assume uniform bounds on the log-policy gradients and advantages:
IVolog mo(AlS)]| < Gmax,  |A(S, A)] < Amax.
Then the sample gradient magnitude is bounded as
lg(S, Al < GmaxAmax I{|r(S, A) — 1| < €}. (5.17)
Taking expectation with respect to (S, A) ~ 7o,
Ellg(S, Al € GmaxAmax Pr(|r(S,4) —1] <€)
= GmaxAmax (1 = Pelip(ave))
< GmaxAmax (1 — IéL) . (5.18)

Thus, as the mean KL divergence KL increases, the expected gradient magnitude decreases
linearly, vanishing when KL = C..

5.4.4 High-Probability Small-Gradient Bound
The random variable [|g(S, A)|| lies in [0, GmaxAmax]. For any ¢ > 0, Markov’s inequality yields
Ellg(S,4)|

Pr(|lg(S, A)[| = ) < ; (5.19)
Choosing t = GpaxAmax (1 — %) and substituting (5.18) gives
. 1 -KL/C,
P SvA > Gm xAmax 1— KL < —_—
£ (lg(S: AV > G (1= 32)) < T3 605
KL
< . 5.20
<& (520)
Therefore, with probability at least 1 — KL/C., the sample gradient norm satisfies
KL
S, A)|| < GuaxAmax | 1 — . 5.21
lo(s, ) < (1-5¢) (521

5.4.5 Conclusion

Equations (5.18)(5.21) formally show that when the mean policy KL KL increases, an increasing
fraction of state-action pairs fall into the clipped region (probability at least KL/C.). For those
samples, the surrogate objective is flat, and the gradient vanishes. Hence the expected and typical
(high-probability) gradient magnitudes decrease linearly with KL. This yields the qualitative
mechanism:

small KL. = active update, large KL = gradient suppression.

The PPO algorithm therefore maintains policy stability even without an explicit trust-region
constraint.
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5.4.6 Variance of the PPO surrogate gradient with GAE estimator

‘We now bound the variance of the surrogate gradient under following assumptions:

1. Bounded rewards and values: |R;| < Ruax, |V (St)| < Vinax. Hence TD-errors §; =
Ry + 4V (Si11) — V(Sy) satisfy |0;] < dmax = Rmax + 27Vimax-

2. Bounded score function: ||Vylogmg(als)||eco < Gmax-
3. KL constraint: E [Dxr, (mo1a(-|s)||me(-|s))] < €, giving E[r{*] < e™¢ for all m.

ACHTUNG: PROBLEM MIT KL KOMMT NOCH
Define the A-return (GAE) and per-step gradient term

,219) = (YA 84, 9t = 'tV log 7T9(At|5t)‘217(5/\)'

Let Gr = EtT:_Ol g¢. Our aim is to bound Var[Gr].

Let us first show how to deal with the time-correlations that are induced by the advantage
estimators:

Lemma 5.4.1. Forany 0 <t<T and k>0 witht+k<T,

A A 462
|A§>\),A(A) | < - max (7)\)2k.

t+k o (7)\)2
Proof. First recall the definition of GAE
T—t—1 T—t—k—1
A= Z (YA) e, Ak = Z (CRY R
=0 1'=0

so that
AtApir = Z(’Y/\)l+l Ot 10t 4kl -
LU
Because [0t| < dmax by assumption, we get

T—t-1T—t—k—1
0.

PN / 442
< 952 I+l" ~ _*"max 2k.
| ArArik| < 20505 ; Z (7A) = 1= ()2 (M)

I’=0

% Theorem 5.4.2. (Finite-horizon variance bound for one rollout)
Define 22 g2
8 €
C* _ 5 € max 2max 5 (1 _ ,)/QT).
(1 =721 =)L = (vA)?]

Then for a single trajectory, Tr[Var[Gr]] < Ci.

Proof. Compute
Var[Gr] = Z Cov(gs, gir)-

Tt

Using the bounds on score functions (Gax ), ratios (E[riry] < %), and advantages (|Cov(A;, Ay)| <

14,6(’21;}")2 (vA)2I=*') " one obtains
2 42 s tt+k () 2k
|Cov(gtagt+k)| < 2e E(;’maxl _H(l:zyx)\)gv A (f)/)‘) :

Summing all (¢, k) pairs yields Ci. O
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Il Ratios ist falsch!!!

We now turn to the mini-batch situation in which there is a finite set of N rollouts of length 7" and
M < NT transitions are sampled randomly from the transition buffer. The idea is the following.
Transitions from independent rollouts are independent, thus do not contribute correlations to
the variance. For two correlations from the same rollout we can easily estimate the correlations.
Thus, we need to count how many transitions we have from the same rollouts and integrate out
their time.

Theorem 5.4.3. Suppose we have N rollouts of length 7" and sample the gradient
with M randomly chosen transitions from the buffer. Then

= C* M
Tr [Var[G]] < M]\TTFTZ (1 — NT)

where

8625G2 62

C* - max " max

T A=A I (A1 - VB -]

Warning: The constant depends on T'.
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5.5 First rollout based variant of PPO

We do not change the estimation of the advantages, we only change the gradient estimators to

W@(at|8t)

1 A
(ar]sy) Vo logmg(as|ss) As(se, ar)

But now we can interprete the time as an expectation and also sample from the transitions
instead from the entire rollouts. But: ignoring the factors comes at a cost, this is only a good
approximation if my is close to the sampling distribution. There are several ways to do this:

e PPO clips ratios

o We do early stopping

Here is standard PPO:



154 CHAPTER 5. PROXIMAL POLICY OPTIMIZATION (PPO)

Require: Policy (actor) mp; value function (critic) Vy; number of cycles C; transitions per cycle
N; number of passes per cycle E; number of minibatches per pass K; learning rates o, ay;
clipping range e

1: Initialize policy parameters 6y and value function parameters ¢g
2: for cycle =1,2,...,C do
3:  Set behavior policy p = g,

Initialize empty transition buffer D = ()

— Collection of transitions under current behavior policy —

while |D| < N do

Observe current state s;
Sample action a; ~ p(-|s¢) and execute in environment
Observe reward r; and next state s;y1

10: Store (s, at, 7, St41) in D

11:  end while

12:  — Critic (Value Function) Update —

13:  for epoch =1,..., Fy do

14: Randomly shuffle D

15: Split D into K critic minibatches {BY, ..., B%}
16: for k=1,...,K do
17: Compute TD targets:

Ye =1t + YV (5641)

18: Update critic by minimizing value loss:

1 2
¢ — QVV¢W > (Vo (s) — we)

k (st,at,7t,8041)EBY

19: end for

20: end for

21: — Advantage Estimation —

22:  for each transition (s¢,at, 7, s¢41) € D do

23: Compute:

At =17+ ’)/V¢(8t+1) — V¢(St)

24:  end for

25:  — Policy (Actor) Update with PPO Clipping —
26: for epoch =1,...,F do

27: Randomly shuffle D

28: Split D into K actor minibatches {B, ..., By}
29: for k=1,...,K do
30: Compute per-transition importance ratio (using only current step):
_ mo(ayfse)
ry =
p(a|se)
31: Compute clipped policy gradient estimator:
1 _ . R
Gr = 1BA| Z Vo log mg(as|sy) min (ry Ay, clip(ry, 1—€, 14€) Ay)
k (St7at»"'tvst+l)EBﬁ
32: Update actor parameters:
0 <+ 0+ gi
33: end for

34: end for
35: Set O,1q <+ 0

36: end for
Algorithm 21: Proximal Policy Optimization (PPO) with Transition Buffer and Multi-

Batching
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And here is the early stopping version without clipping. This is what we analyse so far.
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Require: Policy (actor) mp; value function (critic) Vy; number of cycles C; transitions per cycle
N; number of passes per cycle (actor) E; number of minibatches per pass K; learning rates

1:
2:
3:

11:
12:
13:
14:
15:
16:
17:
18:

19:
20:
21:
22:
23:
24:
25:
26:
27:

29:
30:
31:
32:
33:
34:

35:
36:

37:
38:
39:
40:
41:
42:
43:
44:
45:
46:

CHAPTER 5. PROXIMAL POLICY OPTIMIZATION (PPO)

., ay; KL threshold ok,
Initialize policy parameters 6y and value function parameters ¢q
for cycle =1,2,...,C do
Set behavior policy p = mg_,,
Initialize empty transition buffer D = ()
— Collection of transitions under current behavior policy —
while |D| < N do
Observe current state s;
Sample action a; ~ p(-|s¢) and execute in environment
Observe reward r; and next state s;y1
Store (s, at, 7, St41) in D
end while
— Critic (Value Function) Update —
for epoch =1,..., Fy do
Randomly shuffle D
Split D into K critic minibatches {BY, ..., B%}
for k=1,...,K do
Compute TD targets: y; = r¢ + YVy(St41)
Update critic parameters:

¢« ¢>—OévV¢|Bll‘€/| Z (Vs(se) —yt)2
(

54,01,Tt,5011)EBY

end for
end for
— Advantage Estimation —
for each transition (s, a¢, ¢, 8141) € D do
Compute advantage flt(st, ar) =1 + YV (se41) — Vp(se)
end for
— Policy (Actor) Update with KL Early Stopping —
Initialize flag stop_ updates < False
for epoch =1,..., FE do
if stop_updates = True then
break
end if
Randomly shuffle D, Split D into K actor minibatches {B{',..., B4}
Initialize variable avg KL < 0
for k=1,...,K do
Compute policy gradient estimator (no clipping):

. 1 Vmg(atst) »
= — _ at, S
9k |B,’:‘| Z M((It|8t) t( t t)

(Styat,Tt-,St+1)€Blf

Update actor: 0 < 0 + o g
Compute approximate KL between new and old policies on minibatch:

1

KLy = > [logalals) — logmo(arlsy)]
BE
(5t7at)681€

Accumulate avg KL + avg KL + Kl
end for
Compute mean KL across all minibatches: avg_ KL «
if avg KL > 0k, then
Set stop__updates < True
break
end if
end for
Set 601d «— 0
end for

avg_ KL
K

Alocorithm 29 Provimal Policvy Ontimization (PPO) with KT -Raced Farlyy Rtonnine and
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This is the algorithm that we analyse, but with a better advantage estimator.

5.6 Theory
5.6.1 Improved GAE

Explain forwards and backwards TD. Then explain that in finite time we get a bias because we
should condition the geometric to be smaller than T. Write down unbiased version, and also the
stopping time version. Try to prove something on the variance.

5.6.2 Convergence
Reminder: What we know on the true value function J

We know smoothness, PL under strong assumnptions.

Bounding the gradients

In what follows we consider the true value function
T-1
J(O) =E"[Y_ +'Ri]
t=0
with the gradient

T
VJ(#) =E™ [Z 7'V log mo(ay, s¢) At (st ay)]

0
T
=[E* [Z H molai, 5i) 'V log mg(ar, s¢) At (e, ar)]

(az', 51)

and the surrogate gradient (throwing away factors in the product)

T

J0) = B3 %vtflt(st, a)]
t=0 y Ot

Recall: The reason we use the surrogate is that we can produce samples based on
sampled transitions instead of entire rollouts. The sum becoms part of the sampling.
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Chapter 6

Reinforcement learning with
function approximation

Tabular methods generally assumed small state- and action-spaces. Small in the sense that in
principle all Q-values Q(s,a) could be considered separately in a table. In reality the number
of states/actions is typically way too big. Additionally, it seems unpractical to estimate (learn)
all Q-values separately as small changes in states might only have little impact on Q(s,a). For
instance, if s is a picture such as the state of an Atari game. In that case improved learning of
Q(s,a) should also effect Q(s’,a) for s’ similar (in some sense) to s. As an illustration one might
think of a function f : N4 — R that should be learned in some learning context. If f(n) = a-n+b
is (affine) linear it would be completely unreasonable to learn all values f(n) separately, only
the vectors a and b would have to be estimated. If linear functions are a good approximation
to the true function f then it might still be much more reasonable to estimate two parameters
for an approximation instead of approximating all true values f(n). Exactly this happens in
RL with function approximation, the state-value function V' or the state-action value function
Q is approximated using a parametric class of functions V,, (resp. Q.,) and instead of finding
estimates V (s) for all s € S (or Q(s,a) for all s,a) a parameter-vector w is estimated that best
approximates V(s) for all s (or Q(s,a) for all s,a). In this chapter we will mostly deal with
linear function approximation, in practice V,, or Q,, are neural network functions and w is the
vector with all weights. As in dynamic programming there are different possible tasks:

e policy evaluation with function approximation, i.e. find V,, from the approximating
parametric class that best approximates V™ (or @, that best approximates Q7),

e policy iteration with function approximation, i.e. alternate between policy evaluation
with function approximation and policy improvement, which can either be model-based or
model-free using samples,

o value iteration with function approximation or a sample based @-learning with function
approximation,

e policy gradient with function approximation.

The good news is that even though it’s complicated to make it work, in many settings dynamic
programming or policy gradient with function approximation works. Bad news are lack of
mathematical understanding. In very restricted settings proofs can be given but for the most
relevant use of function approximation there are still large gaps in the understanding.

6.1 Policy evaluation with function approximation

In this section we deal with the evaluation of a fixed policy m, i.e. the computation of the
state-value function V™ and the state-action-value function @7. Of course, we already know

159
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exact and approximative tabular solution methods that use the theory of dynamic programming
and stochastic approximation to obtain estimates of V™ and Q7.

The aim of this section is to adapt the algorithms from the tabular case to obtain more general
methods that do not require us to store estimates of every entry of V™ and Q™. Estimates
of V™ and Q™ will not be stored as lookup-tables (or vectors), where estimates for each of
the entries of V7 (s) and/or Q™ (a, s) individually. Instead, we will use a parametrized family
{fw : w € R4}, Typically the number d of parameters will be much smaller than the number
of states (or state-action pairs) which means that we will have to tune far fewer parameters
than in our previous tabular algorithms. While this is definitely an advantage, we cannot expect
convergence to the value functions V™ and Q™ once approximations are introduced. One obvious
reason for that is that they may not be within the set of functions that we can represent exactly
using our chosen parametrization. In this new setting, the following questions appear naturally:

(i) Does a given algorithm converge to something?

(ii) If the algorithm does convergence, is the limit close (in some sense) to the true value
function V™ (resp. Q™)?

(iii) If the algorithm does not converge, does it at least oscillate within some small region
around V7™ (resp. Q™)?

6.1.1 Function approximation

We will broadly classify the parametrized approximation architectures as either linear or non-
linear. Linear architectures approximate the state-value function as follows:

d
Juw(s) =w-¢(s) = Zwi¢i(5)7

where ¢ : S — R? and ¢;(s) denotes the i-th entry of ¢(s). Here ¢ is a fixed mapping from S to
R? called the feature extractor, ¢ should extract the most important features of a state. Feature
vectors can be anything, a good choice for concrete problems is clearly a tricky task. Essentially,
using feature extraction the state-space is reduced to a subset of R? and we approximate a
function R? — R by linear functions only. The linear architecture for Q™ is entirely analogous:

d
fw(57 a) =w- ¢(87 a) = Zwi¢i(saa)u
=1

with ¢ : S x A — R?. In this section we will only deal with policy evaluation for the state-value
function, the action-values can be handled similarly as the Bellman operator is essentially the
same. As we will see soon, convergence of many algorithms can only be guaranteed in the case
of linear approximation architectures. Still, non-linear parametrizations like neural network
funcations are very popular in practical applications of RL (in this particular example, w would
denote the weights and biases of the network). Fortunately, linear methods still allow for a good
deal of flexibility as we will discuss below.

Example 6.1.1. Let us partition S into m disjoint subsets S;, i.e. S = U?;Si with S;NS; =@
for all ¢ # j. Define
¢ :S — R™ such that ¢; : s — 1g,(s).

Then states from a fixed partition set are treated equally and the linear function approximation
simplifies to f,,(s) = w; for all s € §;. This particularly simple linear function approximation is
referred to as state eaggregation. State aggregation can for instance be useful in a computer
game where many of the possible images on the screen may have near identical state values
because many features (for instance the sun in the background of super mario) of the image are
irrelevant for the game.
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It is not surprising that many rigorous results exist for state aggregation. In a way it first
simplifies the problem and then treats the remaining problem as a tabular problem.

Tabular reinforcement learning can be seen as reinforcement learning with function
approximation. Tabular is nothing but state aggregation with the finest partition

Example 6.1.2. From the more familiar tasks of regression and interpolation we already that
polynomials are good at approximating real-valued functions. It is not so surprising, then, that
polynomials can be used in tasks where the states can be expressed as numbers, e.g. positions or
angles in a robotics task. Suppose, for example, S C R? and let

o(s) = (1,51, 82,8182) sothat  f,(s) = w1 + wes1 + wsse + w4182,

where the last term takes into account interactions between the dimensions. Of course, we
could also use higher dimensional polynomials to model more complex interactions, say ¢(s) =
(1,1, 82,5182, 57,5755, 5%, 53) if we expect V™ to behave like a cubic function. This already
highlights how we should incorporate prior knowledge about the nature of the task into the
construction of useful feature vectors.

6.1.2 Sample based policy evaluation with function approximation

All function approximation algorithms must use some notion of error between functions to
evaluate the quality of the function approximation. To give simple algorithms the notion should
be useful and simple. The most classical one is the weighted mean-squared error:

l!-J Definition 6.1.3. Let yu a (discrete) probability measure on S and {f,, : w € R4}
a set of approximation architectures. We define the mean square value error as

= 5 S HE6) ~ fuls)’ = 5Esmu[(V7(8) — fu($)?]

SGS

The weights u are supposed to indicate the importance of the respective states, thus, a natural
choice is the (discounted) state visitation measure. Ideally, we want to find w such that E(w)
attains its global minimum. If our parametrized function class contains the true value function
the value of the minimum will, of course, be 0. But there is no reason that should be the case,
and typically it won’t. It should be noted that it is not clear that E is the right performance
objective for reinforcement learning. Our reason to even learn the value function is (at least
most of the time) to obtain a better policy. However, the best value function approximation
need not be the one that minimizes E. Even so, it is not obvious what a sensible alternative
goal would be.

The following discussion will be kept somewhat informal to illustrate the important points, a
formal treatment follows below. Least-squares problem as minimising F appear in many contexts,
solution methods are quite standard. If the approximation architecture is linear the minimisation
problem can be solved explicitly but involves non-trivial matrix inversions. In general, as long as
the approximation architecture is differentiable the minimum (at least a local minimum) can be
obtained using gradient descent on the parameters as the gradient can be obtained easily from
the chain rule. This yields

VwE(w):fZ,u ) fw( ))
seS
== > (&) (V7(5) = fuls) Vufuls) (6.1)
sES

= Esp[ (fu(S) = V7(8)) Vau fu ()]
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What we see is that the gradient takes precisely the form needed for stochastic gradient algorithms
(SGD). In order for SGD algorithms to work, a minimal necessary requirement is that we should
use unbiased estimates of the gradient of the potential function. For the sake of argument, assume
just for now that we somehow have access to the value function. As suggested by the calculations
above, a sample based SGD algorithm for calculating the best function approximation would be
given by

W1 = Wy + Qp (Vﬂ(sn—&-l) - fwn (57z+1)) wawn(sn-i-l)a wWo € Rda

where the states si,... are sampled independently according to p and step-sizes that satisfy
decay rates depending on the problem (most of the time the Robbins-Monro conditions work).
Obviously, we do not have access to the value function in practice. Therefore, we will have to
replace V7 (s,,) by estimates U; which leads to the following general algorithm:

Wn41 = Wy + Oy (UnJrl - fwn (8n+1)) vwfwﬂ,(sn+1)a Wo S ]Rd' (62)
If f is a linear architecture, then the algorithm simplifies to
Wp41 = Wy + Qn (Un+1 — Wp - ¢(5n+1)) ¢(5n+1)7 wo € R

We can get creative here and chose U; as one of the estimates of the value function from sample-
based dynamic programming. In theory the simplest choice of U is a Monte Carlo estimator
where independent samples are generated:

Example 6.1.4. Setting U, = >_,2 7' R(S} 1, A1) with rollouts (S7*, A}');>¢ sampled ac-
cording to the policy 7 with starting state Si = s,, the Monte Carlo version of policy evaluation
with function approximation is

Wn41 = Wn + an( Z ’YtR(S?lela A?Jtll) _fwn (sn+1))vwfwn (anrl)a wo € Rd~
t=0

Theoretical Monte Carlo estimator for V7 (sp41)

This is somewhat a double stochastic gradient scheme, sampling independently from states and
total reward distributions. We will see below that for linear function architectures convergence
follows directly from standard stochastic gradient theorems.

Similarly to sample-based dynamic programming the Monte Carlo approach is inefficient, there
is no bootstrapping of rollouts. Rollouts are only used once, with the advantage that there is a
lot of independence that facilitates convergence guarantees. Reusing rollouts by including the
already estimated value function yields a one-step temporal difference approach (TD(0)). Recall
that in TD(0) a value function estimation is improved by only resampling one times-step and
then reusing the old estimate of V'™:

V7™ (s) «+ R(s,a) +yV7(s),

where a ~ 7w(-; s) and s’ ~ p(-; s,a) is a one-step sample. While this sounds plausible, a formal
justification is throught the Bellman operator written in terms of expectations. Since V™ is
unknown it is plausible to replace V™ by the best-known current approximation of V™. The
corresponding update formula is as follows:e

Example 6.1.5. The TD(0) update rule for policy evaluation with function approximation is

W41 = Wp + an( R(8n41,0) + Y fu, (8) —fu, (5n+1>)vwfwn<sn+1)a wo € RY, (6.3)

TD(0) estimator for V™ (sn41)

where a ~ 7(-; sp41) and 8’ ~ p(-; Spy1,0a).

Analogously to sample based dynamic programming one-step temporal differences are also
replaced by n-steps or a TD(\) version:
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Example 6.1.6. The N-step temporal difference update rule for policy evaluation with function
approximation is

N—-1
ot = wn + an (D ARSI AT 44N fu, (S5) ~fun (5041) ) Vao S (sn11), - (64)

t=

N-step TD estimator for V™ (s,,41)

where Ag, Sg, ..., S§ are MDP rollouts started in s,.

Using approximators f,, to estimate V™ destroys the gradient descent property of
the algorithm. The update rule is not anymore obtained from the chain rule of
the least-square error! In reinforcement learning such algorithms are often called
semi-gradient, they look like gradient descent updates but aren’t. As a matter of
fact, most algorithms do not converge, and if so, the analysis does not follow from
gradient descent theorems but from the very specific form of the iteration.

Up to now the discussion was informal and, in fact, problematic. There is a big problem with
the chain rule. If, as we did for the TD(0) update, the value function is replaced by a function
approximation f,,, then the dependence of w yields a different derivative and the gradient descent
update is not (6.4). Nonetheless, the algorithm could still be reasonable and (at least for linear
function approximation) actually is.

f Theorem 6.1.7. (Stochastic Gradient Descent)
Suppose (2, A, F,) is a filtered probability with F,,1-measurable errors &, and
define the recursion

Tnt1 =Tn — o (Vg(rn) + €n)

where g : R — R>( is a cost function. We assume that the stepsizes a,, are
nonnegative, F,,-measurable and satisfy

oo oo
E o, =00 and E a2 < oo.
n=0 n=0

g is assumed to be L-smooth, i.e. ¢ is differentiable and the gradient Vg is
L-Lipschitz continuous. In addition, we assume that the noise terms are F,, -
measurable and conditionally unbiased in the sense that

Elen | Fu] =0
and have sufficiently small variances
Elllenl® | Fu] < A+ B|[Vg(ra)ll?

for some constants A, B € R. Under these assumptions the sequence (g(7,))nen
converges almost surely and lim,,_, o, Vg(r,) = 0. Moreover, every limit point of
(rn)nen is a stationary point of g.

Note that the theorem only requires L-smoothness on g but no convexity assumption. Hence,
the result is only convergence to a critical point but not convergence to a global minimum *.
To prove at least something we can show without much effort the convergence of the gradient
descent based value prediction algorithm with linear function approximation in the case the
value function is estimated without bias (e.g. with Monte Carlo estimation):

1The proof of this theorem can be found in Bertsekas’ and Tsitsiklis’ book Neuro-Dynamic Programming
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f’ Theorem 6.1.8. Suppose (wy,)nen is the sequence from Example 6.1.4 initialised
in some wo € RY, i.e. approximate policy evaluation with Monte Carlo estimates.
If features and rewards are bounded and the approximation architecture is linear,
then (wy,)nen converges almost surely to the global mimimum of E.

The linear least-squared problem can also be solved explicitly by matrix inversion. In contrast
to gradient descent methods (with provable convergence or not) the direct approach does not
extend to non-linear approximation architectures. To give a first impression we discuss a simple
convergence proof for the simple linear situation with Monte Carlo estimates.

Proof. Since the f,, are assumed linear the mean-squared error is a quadratic function. Thus,
it is L-smooth (the derivative is linear) and has a unique global minimum (which is the only
critical point). Furthermore, the gradient is

H [(fw(S) - Vﬂ(S))vwfw(S)] :

To link the update scheme formally to the stochastic gradient scheme we write

VoEw) 2 E

Wpt1 = Wy + Oy, [( i1 — Juw(Sni1)) Vi fw, (Sn+1)] = Wp + ap [V'wE(wn) + 5n]a
with

Ep = (fwn (Sn+1) n+1) u)fwn( n+1) - vwE(wn)7

where U, is a Monte Carlo sample of V™ (S,,) generated independently of S,, ~ p. Next, denote
by F,, the filtration generated by all random variables of the algorithm to produce w,,. These are
all ay, with k < n and all rollouts (S*, A¥) that result in U}, with k < n. Then U, is independent
of F,, and F,41-measurable (thus, ¢, is F,,4+1-measurable). Furthermore, S,, is independent
of F,,. Hence, the tower property and measurabilty/independence properties of conditional
expectation yield

[En | ]:n]
= E[fwn (Sn+1) vwfwn (Sn+1) |}—n] E[ n+1vwfwn( n+1) |]:n] - vwE(wn)
= E[fuw, (Snt1) Vi fuw, (Snt1) | Fu] = E[E[Unt1Vw fu, (Sn+1) [ 0(Fns Snt1)] | Ful = Ve E(wy,)
= ]E[fwn(sn-i-l) vwfwn (Sn+1) |]:n] E[E[ n+1 |‘7(]:n7 Sn-H)] wfwn (Sn-H) |]:n} - VwE(wn)
= E[fwn(SnJrl) vwfwn(sn+1) |]:n] E[E[ n+1 | Sn+1] Vy fwn( n+1) ‘]:n] - vwE(wn)
= E[fuw, (Sn+1) Vw fu, (Sn+1) [ Fal = E[VT(Sn41)Vw fw, (Sn+1) | Fnl = Ve E(wy)
" Es, el (o (Sat) = V7 (S0)) Voo Fu (1)) = Vu Blwy)
=0.

2 Finally, the second moments satisfy
E [[lenll® | F]
=E [|12 (fuw, (Snt1) = Unt1) Vs o, (Sns1) = VaE(wn)||* | F]
E 2 11Un Vi Fur, (Sui)lly + 12Fur (S41) Vo f (Sain) = B(wa) ) | Fo
=E [AU IV fu, (Sns )1 | Fn)
+ER|Unl - [V fu, (Sn)ll2 - [12fw, (Sn) Vi fu, (Sn) = E(wn)]| | Fa]
B |12, (Sat1)Vas o, (Sn1) = B(wa) | | Fo
< C1-EUq | Fal + Co - E[[Unia| | Ful + Cs

= C1-E[E[U},, | SnlFn] + Ca - E[E[|Un 11| | Snl| Fn] 4+ Cs
< CiKq + CoKy + Cs

2warum sind die gradienten beschrankt? stimmt nicht
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where C1,C5,C35 € R exist due to the finiteness of the state space and K1,K5 € R exist due to
our assumption on the variance of U;. By the SGD theorem, it immediately follows that w;
converges to a stationary point of E. Since E is a finite sum of convex functions if we use a
linear architecture, it is a convex function itself. Therefore, the only stationary point is a global

minimum which proves the theorem.
O

The proof did not require much. The linear architecture was used to ensure the least-square
error is an L-smooth (here quadratic) function, and that the error has a global minimum. The
algorithm might still converge to a stationary point for other estimators and other function
approximations. Unfortunately, the sampling will usually have a bias as the true value function
is replaced by the current estimate. For linear architectures with TD()) estimators we refer to
the famous paper of Tsitskilis and van Roy?.

What we did in this section works equally well for approximate evaluation of the Q-function for
a given policy. The minimisation goal becomes

E(w) = Z w(s)m(a; s)(Q™(s,a) — fw(s,a))Q.

s€S,acA

The generic gradient descent motivated minimisation algorithm is

Wp41 = Wp + Qp (Un+1 - fw(sn—i-l»an—i-l)) vwfw(5n+1,an+1)a wo € Rda

where s, is drawn from the reference measure p on S, a, according to 7 (-; s,), and U, are
estimates for Q™ (sy,a,). In the simplest situation of independent Monte Carlo estimates and
linear function approximations f,(s,a) = w- ¢(s, a) the same stochastic gradient argument shows
convergence of (wp,)nen to the best linear approximation of Q7.

6.2 Approximate policy improvement

Explain how policy evaluation is done approximately and what is known.

o Replace for large action space argmax,Q(s,a) by an approximation such as softmax or
Gumbel softmax. Explain why this is useful and prove what is known.

e Make link to policy gradient, seeing a gradient step as approximation to taking best action.
Also make connection to natural gradient.

6.3 Generic bounds for policy iteration with approxima-
tions

So far we discussed both ingredients for policy iteration (policy evaluation, policy improvement)
with function approximation, i.e. replacing the true targets by targets that are simpler to obtain.
Since both steps involve errors it is a priori not clear how strongly the errors accumulate while
iterating. In this section we give a generic result on how errors propagate.

ﬁ Proposition 6.3.1. Consider a policy improvement algorithm that produces a
sequence of stationary policies 7 and a corresponding sequence of approximate
state-value functions V™ with given accuracies

 Policy evaluation error: ||ﬁ — V™|l <cforall keN

o Policy improvement error: HT“’C“@ = T"‘ﬁ“OO <{fforallkeN

3J. Tsitsiklis, B. van Roy: "An Analysis of Temporal-Difference Learning with Function Approximation", 1997,
IEEE Transactions on Automatic Control, Vol 42(5)
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/’ It then holds that

d+2
limsup ||[V* = V|| < L’YZ
k—o0 (1-7)

Before we turn to the proof, let us discuss what this statement really means. In approximative
policy iteration there are two error sources:

e errors obtained in policy evaluation (estimation errors and approximation errors),

o errors obtained in finding the greedy policy corresponding to the estimated value functions
Ve,

While the first error is clear from the statement, the second error is more hidden. It becomes
clearer recalling an important fact from dynamic programming.

-@- A policy 7 is greedy with respect to some function V' € R"™ if and only if T*V =T"V.

Thus,  measures, in some sense, the deviation of policies 711 from the greedy policy obtained
from V7. But why do we not just estimate the policies in some sense as measures, for instance
in total deviation? Using the definitions the error measure used in the proposition turns out to
be the deviation from the best policy (the greedy one) weighted by the future impact of actions
when playing the action:

(T*V)(s) = (T V7)(s)
= max {r(s,a) + Z p(s’; s, a)vﬂ\k'(s’)} - Z Trr1(as; s) (r(s, a) + Z p(s’; s,a)ﬁ(s'))

acAs
s'eS acAg s'eS
- Z (greedy (V™) (a; 8) — mpp1(a; s)) (r(s,a) + v Z p(s; S,G)ﬁ(sl))
a€A, s'€S

deviation from best policy

currently estimated Q-value

The proposition is very general and sheds some light to different situations.

(i) If all errors are zero, an explicit policy iteration can be performed, then the proposition yields
another proof of convergence.

(ii) Suppose the model is known, everything is computable but policy evaluation is performed
with function approximation. Then the Q-functions can be computed and the greedy policies
obtained without error. In that case § = 0 and ¢ measures the approximation error of the value
function using the approximation class. The proposition shows how badly the errors can at most
accumulate.

What might be possible reasons why § # 0?7 One way this can happen is if there is no model of
the system available. Without knowledge of the transition probabilities, we cannot compute Q™*
and consequently cannot compute the greedy policy of V™ either. Another reason could be that
we do indeed have a model available, but we do not want to use a strictly greedy policy in the
next step to ensure sufficient exploration (e.g. an e-greedy method).

As a side note, by letting e,6 = 0 we recover the convergence result for the exact
policy iteration procedure.

The above proposition does not only apply in the case of function approximation but in the
tabular setting as well, where it might still happen that € # 0 if we use an approximate method
for the policy evaluation like Monte-Carlo. Is the bound provided by the proposition any good?
Clearly, the term (1 —+)? in the denominator is annoying if v is close to 1, but the good news is
that the bound only depends linearly on € and 4.

Two properties of Bellmann’s expectation operator 7™ (and T*) will be used:
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(i) Monotonicity: V(s) > U(s) for all s € S implies TV (s) > T™U(s) for all s € S.
(ii) Let ce Rand let 1 € RISI the vector with 1 in every component. Then,
T™(V+cl)(s)=T"V(s)+v¢, VseS.

Both properties follow immediately by the definition or by writing T7V (s) = ET[R(s, Ao) +
vV (S1)]. The proposition is proved in two steps. A first lemma deals with a one-step version of
the proposition, which is then extended to n steps. Taking limits will then prove the proposition.

Lemma 6.3.2. (generalised policy improvement lemma)
Let 7 and 7 be some policies and let V € RI°I be a vector. If

o |[V-VT|, < e for some e >0,
o ||T*V —T7™V||s < § for some & > 0,

then

. = 0+ 2ve
max (V7() = V() <

Why do we call the lemma generalised policy improvement? If V = V™ and m = 7 then the
choices ¢ = § = 0 yield the policy improvement lemma for the greedy policy obtained from V™
because T*V7 is nothing but the value function of the greedy policy obtained from V™. The
generalisation tells us that value weakening can be controled in the approximate policz iteration
step. We will later apply the lemma to m = 7y, T = 71 and V = V™ for fixed k € N. The
assumptions of the proposition imply the assumption of the lemma for this particular choice.

Proof. Define ¢ = max,es (V™ (s) — V7 (s)) so that
VT(s) +&£>V™(s), Vse€S.
Using the assumption we obtain
0< —(T°V) (s) + (T7V) () + 6 < — (I7V) (s) + (I7V) (5) + 5

for all s. We have used our assumption on 7 in the first inequality and the general inequality
T*V(s) > T™V(s) in the second one. We can now derive the main inequality that we need,

V() = V™(s) =V™(s) = T"V7(s)
< (VT(s) =TTV™(s) + 7€) + (= (T7V) (s) + (T™V) (s) + 6)
<NV =T V||oo + |TTV =TV ||oo +vE + 6
=TV = T"V||oo + [|TTV =TTV ||0o + £+ 6
<YV = V|oo +7E+0
< 2ve + €+ 0,

where we have used additionally the fixedpoint and contraction properties of the Bellman
expectation operators. The definition of £ implies that £ < 2ve 4+ v€ + § which is equivalent to

which proves the statement. O
Next, define
fk = ||V7Tk _Vm+1||oo and Ck :meag (V*(s)_vﬂ'k(s)).

We will now derive a bound for ( which involves in the upper bound the term estimated in the
previous lemma for the right choices of 7, 7.
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;’ Lemma 6.3.3. Suppose the assumptions from Proposition 6.3.1 hold, then

Cha1 <Gk + Y€k + 0 + 27e

for all £ € N.

Proof. First note that
V*(s) — ¢ < V™ (s), VkeN.
Monotonicity and linearity of T* as well as the fixed point property yield
TV (s) = T (V" = Ged)(s) = TV*(5) = 1Ge = V¥ (5) =7y Vs €S,
Using the assumption and monotonicity of 77 this yields
TRV (5) > T+ (V7 — £1)(s)

= Tk | (s) — e

> T*ﬁ(s) —0—ne

>T*(V™ —el)(s) — 6 — e

=T*VT™(s) —§ — 27e

2T (V" = Gl)(s) =0 —29¢

=V*(s) = vCx — § — 27e

for all s € S, where we have used our assumptions on the approximation error of V™ and the
computational error of the corresponding greedy policy. It follows that

V7kti(g) = TTrH1 YV Te+1(g)
= T (VT = & 1)(s)
— TV (s) — 16y
> V*(s) = ¥k — 6 — 2ve — Y&k
for all s € §. Rearranging this yields
0 < V*(s) = V™+1(s) < (ke + €k + 0 + 27e
for all s € § from which we conclude the result. O

We can now easily prove the original proposition by using a familiar trick from introductory
analysis courses.

Proof of Proposition 6.3.1: The second lemma yields
Cr1 — VG < Y€k + 0+ 27

which, combined with the first lemma (using © = 7g, ™ = m11, V = V7 and the assumption of
the proposition to check the assumptions of the lemma), gives

0+ 2ve
L—x

Cht1 — Yk < + 6+ 27e.

Taking the limit superior on both sides yields

. O+ 2ve
(1 —7)limsup G < 7= 7

k—o0 -7

+ 0+ 2ve.

Simplifying the righthand side and dividing by (1 — +) proves the claim. O
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6.4 Q-learning with linear function approximation

Let us quickly recall what we learnt in dynamic programming and the sample based analogue.
Dynamic programming lead to two kind of algorithms:

e Policy iteration algorithms based on Banach’s fixed point theorem. Iterating T™ or T*
leads to iterative algorithms that approximate the value function V™ (resp. Q™) or the
optimal value-function V* (resp. @Q*). If V* or Q* is known, then an optimal policy is
obtained by taking the greedy policy.

o Using that 7™ and T™* for @ (not for V!) can be written as expectations the stochastic
approximation theorem for ||-||oo-contractions gives sample based algorithms to approximate
V7™, QT, and Q*. Since the mathematical structure is the same (stochastic approximation
of fixedpoint) the algorithms looked very similar, using the respective operator.

So far we discussed policy evaluation with function approximation and gave a rigorous justification
of the simplest update rule

Wp41 = Wp + an(vw(3n+1) — fun (5n+1))vwfwn (3n+1)7 wo € Rda
———

~Un+1

in terms of stochastic gradient descent. The update minimises (at least for linear approximation
architectures) the least-squared error. Similarly, for Q-learing with function approximation the
goal is to minimise

B)=3 Y #ls,a)(@Q(50) ~ fuls )’ = 3Ei5.aou[(QUS 4) ~ fu(S, A))]

sES,a€A,

for some reference measure p. Just as before a stochastic gradient algorithm to minimise F is

Wnp+4+1 = Wnp + Qp (Q*(SnJrh anJrl) - fwn (Sn+17 an+1))vwfwn (sn+1a an+1)a wo € Rd-

As for the temporal difference approach to policy evaluation with function approximation
we use the Bellman operator. Recalling that Q* is the unique fixedpoint of T*Q(s,a) =
ET" [R(s, a) +ymaxaeas, Q(S1, a’)] we replace the unknown Q* by a sample of the expectation
and the unknown @ by the best known approximation f,.

L!!j Definition 6.4.1. The update scheme

Wn+1

= wy + ay (R(5n+1a an+1) + mgx fw,,, (5n+17 a) - fwn (5n+1a an+1))vwfwn (5n+17 Ap+41

is called @-learning with function approximation. If {f, = w7 ® : w € R?} one
speaks of Q-learning with linear function approximation, if {f,, : w € R?} are neural
network functions one speaks of deep Q-learning (DQN). The choice of state-action
pairs (Sp,ay) is handled differently in different versions of the algorithm.

6.5 Policy gradient with linear function approximation

Similarly to stochastic approximation

Wnp1 = Wy + ap (R(sn, an) +ymax fo (s, a") = fu(sn, an)> Voo fw(Snsan),
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6.6 A quick dive into neural networks

6.6.1 What are neural network functions?

To get the discussion started let us look at the simplest example, that of a single neuron. A neuron
in our brain is an electrically excitable cell that fires electric signals called action potentials.
In mathematical term, a neuron is a function that takes a vector (incoming information) and
returns a number (signal, e.g. 0 or 1). A network of billions of communicating neurons passes
incoming signals to outcoming action signals. Inspired from neuroscience a century of research
in computer science has led to incredible results in artificial intelligence. Let us first describe
the simplest model of a neuron, and then continue with artificial networks of neurons (so-called
neural networks or perceptrons). The simplest model? is

f(x) = 10,00 ( i Wy + b).
=1

If the combined strenthetah of the signals (weighted according to neurons judgement of importance
for the signals) exceeds a certain level the neural fires, otherwise not. More generally, for the
definition of an artificial neuron the indicator is typically replaced by a generic function o, the
so-called activation function.

l!'J Definition 6.6.1. For 0 : R — R, w € R%, and b € R, the function f: R — R
defined by

f(z) = 0<§:wimi +b)

is called an artificial neuron with activation function o, weights wy, ..., wq for the
signals x1, ..., 24 and bias b.

The weights can be interpreted as importance of the signal for the neuron, the bias as susceptability
of the neuron.

Example 6.6.2. Here are some typcial activation functions:

s 0(s) = 1|9,00)(5), the Heavyside function, yields a neuron that either fires or not,

e 0(s) = s yields a linear neuron which is not really used,

o o(s) = H% = % is called logistic activation function. The logistic activation function

is nothing but the softmax probability for one of two possible actions.

(AY]
()= )
w3

Graphical representation of an artificial neuron

(s
e o(s) = max{0, s} is called rectified linear unit (ReLU), a very typical practical choice,
(s

4McCulloch, Pitts: "A logical calculus of ideas immanent in nervous activity", Bull. Math. Biophys., 5:115-133,
1943
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As mentioned the brain consists of billions of neurons that form a network in some very
complicated manner. We will do the same, transfer the outputs of neurons into new neurons.

Graphical representation of a neural network with 2 hidden layers, 3 input dimensions, 2 output
dimensions

Here is a mathematical formulisation of a simple network of neurons using the same activation
function, such networks of artificial neurons are also called multilayer perceptrons®:

L!!J Definition 6.6.3. (Feedforward neural networks)
Let d,L € N, L > 2, and 0 : R — R. Then a multilayer perceptron (or fully
connected feedforward neural network) with d-dimensional input, L layers, and
activation function o is a function F : R¢ — R* that can be written as

F(z) = Tp(0o(Tp-1(... o(T1(2))))),

where L — 1 is the number of hidden layers with N; units (number of neurons per
layer), No = d and N, = k, and T;(z) = Wz + b; are affine functions with

« weight matrices W, € RNXNi-1
o biases by € RN,

Note that the function o is applied coordinate-wise to the vectors. A neural network
is called shallow if L = 1, i.e. there is only one hidden layer and deep if the number
of layers is large. Finally, if the output is supposed to be a probability vector one
applies a final normalisation with the softmax function ®(y); = " to the

k -
eYi
E:j:1

output vector:

Fz) = ®(Tr(o(Tp-1 (- o(T1(2))))))-

6 The multilayer perceptron is quite special in it’s structure. All neurons of a fixed layer receive
the same input vector (the outputs of the neurons before) which is then multiplied with the
weight-vector of the neuron, shifted, and plugged-into the activation function to yield the signal.
To visualise the mapping one can for instance write the real-valued weights on the arrow pointing
into a neuron. If a weight is forced to be zero the arrow is usually removed from the graphical
representation. This neural network was made up by thinking, not by brute-force training on
mass data. The network produces a vector of features of an image, such as "number of circles",
"number of edges", ...

5F. Rosenblatt: "The perceptron: a probabilistic model for information storage and organization in the brain"
Psychological review, 65(6):386, 1958
6include drawings
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Definition 6.6.4. The architecture of a feedforwards neural network is the chosen
number of layers, units, and fixed zero-weights.

The class of neural network functions has been investigated for decades. While the first approach
was to understand what particular architecture leads to desired behavior the modern approach is
to use mass data to learn the weights and biases by optimising a carefully chosen loss-function.
Keeping in mind that the graphical representation of the architecture is only a visualisation
of the weights it can be instructive to look at plots of very small-dimensional neural network
functions with ReLU activation function:

L=

Three functions obtained from ReLU neural networks

To get an idea why neural networks with the simple ReLLU activation and linear output function
can create such functions two observations are useful:

e One can construct addition, shifting, and linear transformations of functions obtained from
a neural network through a neural network with same activation function. To do so write
the neural networks on top of each other without connections (i.e. set the linking weights
to 0), and use the output weights to obtain the desired transformation.

o The sum ReLU(—1) — 2ReLU(0) + ReLU(1) gives a spike at 0, with ReLU(b) = max{0, b}.

There are other classes of artificial neural networks that are much more relavant in applications.
Neural networks that do not only pass signals forwards but also have arrows pointing to previously
used neurons are called recurrent neural networks. Those are particularly useful to model time-
dependent behavior. More recently, the so-called transformer network architecture has received
enormous attention and allowed massive progress in large language models. Since this is an
introductory course to reinforcement learning we will only discuss two important features of
neural networks, function approximation and differentiation by backwards propagation through
the network.

6.6.2 Approximation properties

We will show that already the simplest neural network functions are useful enough to approximate
important classes of functions, so-called Boolean functions and continuous functions. The proofs
are not complicated but only lead to rather uninteresting existence results”.

Theorem 6.6.5. (Approximation of Boolean functions)
Every Boolean function f : {0,1}¢ — {0, 1} can be represented by a neural network
with activation function o(x) = 1j9 ).

7Check for instance these lecture notes of Philipp Christian Petersen for more.
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Proof. First note that for all Boolean variables a,b € {0, 1} it holds that 2ab — a — b < 0 with
equality if and only if @ = b (check the cases). Thus, for u € {0,1}4,

d d

lo—u = 1,00) (Z@%Uz —x; — ul)> = J(Z(Zmui —x; — uz))

i=1 i=1
Now denoting by A := {u € R?: f(u) = 1} it follows that
d
fl@) =0 -1+ ly—y) =0 -1+ (2ziui — @ — ;) ) ).
SRL GITD W EHEHES ) )

This, in fact, this is nothing but a neural network with two hidden layers. The first with |A]
units, the second with one unit. O]

Definition 6.6.6. A subset F of neural networks has the universal approximation
property if for any K € R%, any € > 0, and any continuous function g : K — R
there exists a neural network f € F with ||f — g||c <e.

In fact, for many activation functions the universal approximation property holds. An activation
function is called sigmoid (S-formed) if it is bounded with limits lim, , . o(z) = 1 and
lim,,_ f(z) = 0. The terminology comes from the logistic activation function that really looks
like an S. An important result on neural networks is that shallow (one hidden layer) feedforward
neural networks with sigmoid activation function have the universal approximation property.

Theorem 6.6.7. (Universal approximation theorem)
If the activation function o is sigmoid then the set of all shallow feedforward neural
networks has the universal approximation property.

Proof. Let us denote by F, the subset of shallow neural networks with p neurons. We first
consider d = 1 and show that Lipschitz functions on [0,1] can be approximated. To do so
we first approximate h with piecewise constant functions and then approximate the piecewise
constant function with a shallow neural network function. For that sake let x; = % and set

hy(z) =320, h(zi) L,y @) (2).
There is f € F, with ||f — h||oc < Cw(h,1/p) with C independent of h.

In the estimate the so-called modulus of continuity appears:

w(h,0) = sup  |h(z) — h(y)|
z,y€R:|z—y|<d

For a function h : R — R the modulus of continuity is a very rough measure for the flatness of h.
The smaller w the flatter the function. For Lipschitz continuous functions with Lipschitz constant
L it follows immediately that w(h,d) < Lé, the fluctuation of f over intervals of lenthetahs
6 are at most dL. The estimate shows that Lipschitz functions with smaller constant L can
be well-approximated with 1/L many units, thus, rougher functions need more units to be
approximated. We will only use the statement for the exponential function which is clearly
Lipschitz continuous on compact sets (bounded derivative on compact sets). To prove the first
claim note that

p
sup [h(z) = (@) = sup |h(@) = D h(@) g, e (@)| < (b 1/p)
z€[0,1] z€[0,1] =1
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by the definition of h, and w. With a telescopic sum we rewrite

Lpz]

hy(z) = h(z1) + Z (h(zig1) — h(z:)).

Next, we define a the shallow neural network function with p units as

p—1

Fo(@) = h(@1)o(@) + Y (A(@is1) = hiz:))o(alpr — i) € F,

=1

for some a € R that is specified next. Fix ¢ > 0 and choose « large enough such that
|0(2) = 1j,00)(2)| < & whenever |z| > «. Since o is a sigmoid function this is possible. The
choice of a shows that

oot ) ~ Tuzy| < -
holds for all i ¢ {|pz|, |pz| + 1} because then |a(px — i)| > a. Tt then follows that
| fol@) = ()]
= n(e1)(o(0) 1) +Z ((ri41) — () (o alpr 1)) ~ Lic )
< Z((o0)] + (0 = 2lh, /1) + 1o pay1) = ity llolatpe = Lpa])) = 1
+ 1@ ) +2) = M@ paj11) [lo(alpr — [pz] — 1)) — 1.

The first summand can be made arbitrarily small, the other two can both be estimated by
w(h,1/p)(1+ ||o||oc). Combining the approximation of h by h, and the approximation of h, by
fp it follows that for all 6 > 0 there is some p such that

A
sup |h(z) = fp(2)] < sup |h(z) = hy(2)| + sup [hy(2) = fp(2)|
@€[0.1] ze0,1] a€l0,1]

< w(h, 1/p) + 6+ 2llolloc + Dw(h,1/p).

Now the claim follows. Covering a compact set K C R by finitely many intervals it then
follows that for all h : K — R and all € > 0 there is a neural network function f such that

SUp,ex |h(z) — f(z)| < e.
It remains to extend the arguments to the d-dimensional case. To reduce to the one-dimensional
case a simple dense family is used:

Q The set

a

N
= {g K — R‘g(w) = Zsiew’”,x eR?Y NeN,v'eRes; € {71,1}}
i=1

is dense in (C(K),|| - ||oo)-

Using Stone-Weierstrass from functional analysis one only needs to check that £ is an algebra
that separates points. Easy.

Next, we approximate £ by neural network functions with one hidden layer:

go For every g(z) = Zil s;e(’"®) ¢ € and every € > 0 there is a neural network
function f: R? — R with one hidden layer such that sup,cx |g(z) — f(2)| < e.
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Define g,i(x) = e The trick is simple. Let K; the linear transformation of K; under
2+ (v, z). Then K; C R is compact again. Next, apply the first step to chose from Fp an

x) = Zwla(x —b)
=1

with sup,c g, |fi(z) — €| < §. Then define the neural network function fi : R 5 Ras

x) =s8:fi ( Zd: vlkxk)
k=1

so that

sup |fi(x) — s:e" | = sup [si fi( (v, 2)) — 5;e72)|
oek eek

€
sup |s;fi(x) — sie®| < —.
zeK; . Z N

To see that f; is a neural network function with one hidden layer note that

P d
x) = Z siwla( Z VLT — bl>.
1=1 k=1

Recalling that sums of neural network functions are neural network functions with the same
number of hidden layers (stacking neural networks without connections) a neural network

approximation of g is given by f = Zi\il fi:

sup | f(x) |<Zsup|fz ) — siel” )| < e

reK

The universal approximation property is satisfied for F,.

Suppose h € (C(K),|| - ||eo) and € > 0. Using the two steps before we can choose g € £ with

sup,ex |9(x)—h(z)| < § and a neural network function f : RY — R with sup ¢ | f(2z)—h(z)| < .
Then supe  [h(z) — ()] < sup,exc [h(x) — 9(2)| + by l9(w) — £(z)| < . This proves the
theorem. O

6.6.3 Differentiation properties

There are a couple of reasons why the use of deep neural networks is extremely successful
in reinforcement learning. We will highlight here a differentiation property that led to the
breakthroughs in image classification. Suppose a set of labeled images is given: {(z;,y;) : 1 < N}.
We assume the images are already transformed into a pixel vector, say R?, and they are labeled as
a k-dimensional feature vector. A feature vector is an abstraction of an image used to characterize
and numerically quantify the contents of an image. Simply put, a feature vector is a list of
numbers used to represent an image. The pixel vector itself is a possible feature vector that fully
describes an image but the aim is extract as little abstract information as possible that describes
a images as good as possible. This could be counting geometric forms or more specifically the
number of persons on the images.

A main goal of image analysis is to define feature vectors that encode the images
well and then find mappings that are simple to evaluate and map an image to its
featue vector.
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The typical approach consists learning both tasks on a large training set {(z;,y;)} of images x;
for which the labels y; were coded manually by humans. There are plenty of such examples, for
instance imageNet® with more than fourteen million labeled images. There are two amazing
features why neural networks are used to map images to feature vectors:

o Differentiation: neural network structures allow to differentiate well for the weights, thus,
allowing gradient descent methods to minimise the error between outputs of the neural
network and the labels. Since neural networks used have dozents of millions of parameters
this is crucial. Imagine for every gradient step to compute a gradient of fifty million partial
derivatives. This is only possible if many of the computations can be reused, a property
that holds for neural network functions due to the so-called back propagation algorithm.

e Generalisation: for some magic reasons that are not fully understood, yet, neural networks
generalise extremely well. This means that the mapping from image to labels obtained
by gradient descent on a finite labeled set generalises well to further images. Overfitting
is a smaller problem than one might imagine (at least there are efficient tricks such as
dropout) if for instance sixty million parameters are used to classify one million images.
For imageNet one typically uses a training set of 1.2 million images and then compares the
generalisation property for the other images.

Since this is not a course on deep learning we only discuss a very nice differentiation trick.
Algorithm 23 summarises the most famous one, the delta-method that can be used to train a
neural network on given input/output pairs or to just compute the gradient V., F(z).

/9 Theorem 6.6.8. The §-method from Algorithm 23 is nothing but stochastic
gradient descent for F, := Zi\;l L||Fw(z); — yi[* with (2, y;) chosen uniformly
from the training set.

9 In the algorithm and the proof we allowed a generic function ® to normalise the outputs so the
chain of concatenations is

F(x) =TL(o(Tp-1(... o(T1(2))))),

This is needed if the network should output a probability vector.

Proof. In what follows we use the definitions of h, V appearing in the algorithm. Please check

Figure 7?19 for a graphical representation to ease the understanding. '' First of all, note

that the optimisation is equivalent to optimising %Fw, thus, F,, can be written as expectation

F,, = E[||Fw(x) — y||?], where the randomness comes by uniformly choosing the pair (x,%) from

the training set. Hence, a stochastic gradient algorithm first chooses a pair (z,y) uniformly and

then computes the gradient V,,||F, (z) — y||>. In what follows we show all partial derivatives
9 of the gradient are indeed computed by the d-rule.

owt .
4

Output layer: To compute the partial derivative with respect to the final weights wfj we

8imageNet website

9® muss weg weil es nicht koordinatenweise wirkt, dazu passen die indices nicht
10bildchen noch malen
Hput drawing


https://www.image-net.org
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proceed as follows. Writing the norm and the definition of the neural network yields

NL NLfl
0 1 0 1 _ 2
o 3 l1Fu@) —ylP = 5o 25(@( > wh VA < u)
%7 %] s=1 t=1

)

Np_1

awL 2( (Zwtyvtl 1)‘293)
N1 a Np—1
_ (cIJ( 3 ngx/;Lfl) _y].) > Lyt
t=1 Wij =1

= (V" =y @ (hj) V"
_.sLy/L-1
= b vEL

There are two crucial points involved in the second and fourth equality. For the second equality
we use that only the jth term depends on wZLJ (compare the graphical representation of the
network) so that all other derivatives equal zero. Similarly, for the fourth equality only the

term ¢ = ¢ depends on wlLJ so that all other derivatives vanish and the ¢th term simply has the
derivative ViL -1

Last hidden layer: To compute the partial derivative with respect to the final weights wf{l
we proceed similarly. Writing the norm and the definition of the neural network yields

0
W%HFw(z)w
N1 Ni—2 9
= L 1 Z ( ( Z wtl:sg< Z wf:t_l‘/vﬂlliQ)) - ys>
7] s=1 r=1
N Np-1 Ni—2
AL hLalewts(ZwL typ2)
s=1
Ny, Nr_1 Ni_o N;_o
:;(Vf—ys)@/(hf) ; wts (Z wL lyL- 2) 5wL . ; wL lyL-2
Np Nr_1 Ni—2
:Z(VS —yy)® Z hLQ lewL lyL=2,
s=1 t=1

All derivatives of the last term disappear, except for » = ¢ and ¢t = j. The remaining derivative
equals 1, thus, the expression simplifies to

0 _ _
Bl 2|\F (@) —yll> = VF 2 o' (h72) > (VF =y @ (W )w],

s=1
Nr

_ V;L72 U/(hJL/fQ) Z(sng][:s
s=1

L—-2 ¢L—1
= ‘/; (5].

Well, anyone who likes playing with indices is warmly invited to turn this into a clean induction

).12 O
Since the derivatives of o repeatadly appear it is clearly desirable to chose activation functions
that are easy to differentiate. The logistic function o(z) = 1-&-% is a typical example with a

reasonable derivative o’/ (z) = e

2write induction
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Go through the previous arguments to check that the gradient V,, F,, () is computed

analogously with 67 = ®'(hf) and 0, = o' (i) Z;\;’l w} 6L

Data: labeled training set (x;, y;)

Result: weights w to minimise training error Y, ||F,(2;) — vi|?

Set n = 0.

Initialise all weights (for instance iid Gaussian).

while not converged do

Chose (z,y) uniformly from the labeled training set.

Forwards propagation: Starting from the input x compute forwards through the
network V? := z; and

IV 1 y-1 -
. hz = k=1 wkyle , 1= 1,...,Nl,

o Vii=o(hl),i=1,.., N,
for l < L and

L ._ Ny 1 -1
o hy =2l w, Ve

o VE = a(hl)
Back propagation:

« compute 07 = (V' — y;)®'(h}).

1y =N
« compute & = o’ (k") Y1 wit 6

Chose a step-size a.
Update all weights as w} ; = w} ; + a5 V.
end

Algorithm 23: -method to train a neural network

6.6.4 Using neural networks to approximate value functions

6.6.5 Using neural networks to parametrise policies

The success of neural networks in supervised learning was not overseen in the reinforcement
learning community where neural networks are used in all branches with increasing success. We
give a very brief overview of the use of neural networks for policy gradient schemes but also
Q-learning. In later sections we will see how to combine both (actor-critic) and how to proceed
much further in deep Q-learning.

Linear softmax with neural networks representations:

First recall the simplest parametrisation in the tabular setting. The tabular softmax policy was

defined as 7%(a;s) = " with a single parameter 65 , tuning the probability of action a

ess‘a'

in state s. Since this is oanly reasonable for small state-action spaces the policy has no practical
relevance. More relevant are linear softmax policies of the form

0 69T41>(s,a) 0 Rd
T (a;s) = Wa S
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or

T2 (s)

_ ad
W’ 9_(9a17"'79(1)¢) eR )

7 (a;s) =

where ® is a representation (feature vector) of the state (resp. state-action pair). In order to
use such policies a reasonable representation ® must be obtained. One way is to work with
representations ® obtained in supervised learning. For a concrete example let us think of learning
to play Atari games. The state-space is large, it consists of all possible Atari frames of 210x160
pixel. Without any prior knowledge the state-space is 210 x 160 dimensional. Using neural
networks trained on large libraries of images (such as imageNet) there are large neural networks
that give a reasonably large representation of the states, say 1000-dimensional. The function ®
takes an input Atari frame and returns the last hidden layer of the neural network. Essentially,
the precise structure of the state s is replaced by the essential information ®(s). Using the linear
softmax policy we could now run a policy gradient algorithm with the linear softmax policies,
which is a 1000-dimensional stochastic gradient algorithm.

Direct use of neural network

The linear softmax has the advantage to provide a the simple and explicit score function
®(s,a) — >, w0 (a’; s)®(s,a’) which is useful to compute the policy gradient. A neural network
can also be used directly to write down a parametrised policy 7%(s, a), where 6 is the vector of
all weights. There are two approaches with the same disadvantage: the parameter vector 6 is the
entire weight vector of the neural network, which, for many applications, will be huge.

State as input, action probabilities as output: Thinking of Atari games (many states, few
actions) once more here is a visulisation of the idea. An image (which is nothing but a long pixel
vector) is fed into a neural network, the output vector are the probabilities 7(ay ; s), ..., m(ak; ).
In that case a softmax function transforms the final hidden layer into probabilities.

[ wlepis)
T\ v

Direct policy parametrisation using neural networks

State-action as input, action probability as output: Alternatively, one might feed a
state-action pair into a neural network and obtain a one-dimensional output m(a; s).

6.7 Deep Q-learning (DQN)

6.8 Deep policy gradient (actor critic methods)

Rethinking the plain vanilla REINFORCE algorithm it comes as no surprise that more advanced
algorithms have been developed. REINFORCE is nothing but stochastic gradient descent with
non-iid data using the policy gradient theorem to evaluate the expectations. Since stochastic
gradient descent is known to be slow and for reinforcement learning we are interested in very
large problems there is generally not much hope that REINFORCE works in practice. Indeed, it
doesn’t but combinded with further idea it does. In this section we will discuss some of the most
important ideas for practical use of REINFORCE.
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6.8.1 Simple actor-critic (AC) and advantage actor-critic (A2C)
So far we have discussed two classes of approaches to solve optimal control problems:

e Policy-based algorithms that learn the optimal policy using gradient descent. A possible
drawback of such methods is that the gradient estimators may have a large variance, no
bootstrapping of old values is used in the gradient updates.

o Valued-based algorithms that evaluate the value-function (or Q-function). Such methods
are indirect, they do not try to optimise directly over a set of policies.

Algorithms that directly deal with policies are called actor-only methods while algorithms that
improve by criticising the outcome (value-function) of a policy that someone else obtained
are called critic-only algorithms. Mixing both approaches is called actor-critic. The typical
approach is as follows. Using the policy gradient theorems to perform the REINFORCE algorithm
incorporates the Q-functions Q“en or, since the @Q-function is typically unknown, estimates of
the Q-functions (for instance rewards to go) that introduce variance in the gradient update.
An alternative approach is to fix a (simpler) parametrised family (QZQ") to approximate Q”en.
Usually the critic’s family (Q’J,G") is parametrised by a neural network and w is the vector of
weights. Actor-critic than works by alternating actor and critic '3,

« critic step: approximate Q™ " by some Qf",

e actor step: perform gradient update using the policy gradient theorem with Q;en instead
On
of Q™ .

Compared to the direct REINFORCE algorithm the actor-critic approach as advantages and
disadvantages. On the plus side actor-critic algorithms can reduce the variance of the policy
gradient by using the critic’s value function as a baseline. Less variance means less steps for
convergence. Next, actor-critic algorithms can incorporate ideas from temporal-difference learning
to force bootstrapping of samples. Actor-critic algorithms also have some disadvantages compared
to plain vanilla policy gradient algorithms. For instance, they introduce a trade-off between
bias and variance, as the approximation in the critic step introduces a bias. Additionally, the
approximation increases complexity and computational cost for the algorithm as they require the
actor steps and typically the training of a neural network for the parametrisation of the critic’s
value function. We will next show a result that shows that actor-critic with linear function
approximations theoretically converges but using non-linear function approximations (such as
neural network functions) there is no theoretical justification for convergence and in practice
it is a delicate matter to make such an algorithm converge. Let us start with the plain vanilla
actor-critic in a very theoretical setup of linear function approximation.

ﬁ Proposition 6.8.1. If Q”B satisfies the compatibility with the policy (score
function)

]
Vo Qy (s,a) =V log(ﬂ'e(s,a))
and the approximation property
7] 7] 71'0 7\'0
Z Z d” (s)we(a; s) (Q7r (s,a) — Qy, (s,a))Vwa (s,a) =0,
SES aEA,
then

VJ(0) = ﬁ S S @ (s’ (as 5)Vlog(n’(a;8)QE (5, a).

s’eSacAy

13R. Sutton, D. McAllester, S. Singh, Y. Mansour: "Policy Gradient Methods for Reinforcement Learning with
Function Approximation", NIPS 1999

14V, Konda, J. Tsitsiklis: "Actor-Critic Algorithms", NIPS 1999

L5ueberall i in gradient einarbeiten, auch fuer d™
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16 The exact same formulas also hold with the other policy gradient representations from Section
4.1.2.

Proof. By the chain rule the first condition is equivalent to VwQZG (s,a)7%(s,a) = Vor¥(s,a).
Plugging-into the second yields

S () S Vor'(a; 8)(Q7 (s a) — QL (s',a) =0

s'eS acA,

Using the policy gradient theorem (version of Theorem 4.1.6) and the above yields the claim:

VI(0) = 1 Z > d™ ()’ (as 5)Viog(n” (a;8))Q (5", )

s’eSacA,y
T 2 2 () 5) Ve log(r °(5,0))(Q" ('.a) — Q (s', )
s’eSacA
=15 2 2 AT e s) Vlog(n’ (:$))QT (5, )
s’eSacA,

O

On first sight the theorem does not look useful at all as the conditions on Q are very special.
Here are two examples that show that the assumptions are not completely artificial. They are
satisfied for linear function approximations.

Example 6.8.2. Recall the linear softmax policy

eOT-'i'(s,a)
Za/ cA ef7-2(s,a’)

with feature vectors ®(s, a) for the state-action pairs. The linear softmax has score function
- Z 70 (d"; 5)®(s,ad’).
a/
thus, requiring linear function approximation

que(s,a) w’ ( Zw a;s s,a')).

What does it mean? Q must be a linear function with the same features as the policy, except
normalized to be mean zero for each state.

(a; s) =

Example 6.8.3. A similar example can be obtained for a continuous action space. Suppose ¥

is a linear Gaussian policy, i.e.
m(a;s) ~ N (07 - ®(s),07)

for feature vectors ®(s) and a constant o. For the compatibility we first need to compute the
score function:

(07 9 (s))? _ 07 9(s)

Viogn¥(s,a) =V, 5

)
202 o (5)

For f to satisfy the compatibility, as in the previous example Q must be linear:

07 265) 54

o2

6

QZ (s,a) = wT :
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0
Data: Initial parameter 6y and approximation class Q,
Result: Approximate policy 7¢ ~ 7
Set n = 0.

while not converged do

Policy evaluation of critic: find a critcial point w of the weighted approximation error,
i.e.
2

Vo Z Z " (a; s)(Q’Ten (s,a) — Qge(s,a)) =0.

sES a€A,

Policy improvement of actor: chose step-size a and set
On 0
Oni1=0n+ o125 Yoes Daea, A7 ()77 Viog(n® (a;5))Qy, (s, a).

end
Algorithm 24: Theoretical simple actor-critic algorithm

Taking account to the new representation of the policy gradient here is a first version of an
actor-critic algorithm with provable convergence. We call the algorithm theoretical actor critic
as the connection of critic computation and actor update is nothing else then a regular update
of the policy gradient algorithm (Proposition 6.8.1). Thus, whenever the exact gradient ascent
algorithm converges to a maximum (or a stationary point) the simple actor-critic will do the
same. If implemented there are a couple of approximations entering the scene:

o functions @, will be used that do not satisfy the needed conditions,
e the approximation of Q”e will produce an approximation error in every round,

o the gradient will be approximated as in the REINFORCE algorithm replacing the @Q-function
6
by the estimated Q-function QJ,

Each approximation will generate an error and a priori it seems difficult to make the algorithm
converge.

In our previous discussions of baselines for policy gradients a good guess for the baseline seemed
to be the value function as it reinforces actions that are better than the average and negatively
reinforces actions that are worse then the mean. So far we did not follow upon the idea as the
value function V™ is unknown, so how could it serve as a baseline of an implementable algorithm?
Let’s ignore this fundamental issue for a moment.

l!!] Definition 6.8.4. The advantage function of a policy is defined as A™(s,a) =
Q" (s,a) = V7(s).

The advantage function measures the advantage (or disadvantage) of first playing action a.
Recalling that baselines can be state-dependent the policy gradient can be written as

VI(0) = Z S @ ()r(a; 5)Vlog(n® (a5 8)) (@ (s',a) — V™ (5))

s'€SacAy

=12 2 2 R s )V log(n”(a; ) A7 ('),

s’eSacA,

In what follows we will discuss what is known as A2C (advantage-actor-critic) algorithms in which
similarly to the approximation of @) by linear functions the advantage function is approximated.
All A2C algorithms consist of two alternating steps:

« Use the current policy 7 to produce samples from which an approximation A" of the
unknown A™ is derived.

16Bedeutung beider Eigenschaften ausfuehren
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e Plug A™" into the policy gradient formula to obtain an estimate of the gradient which is
used to update 6.

There are plenty of approaches to turn this into an algorithm. All of them are use ideas from
temporal difference learning. The simplest approach is as follows. As for 1-step temporal
difference we write the advantage function as

A™(s,a) = Q"(s,a) = V7(s) = r(s,a) + V7(s') = V7(s), &' ~p(;s,a)

This shows that only the value function needs to be estimated. Now suppose there is a parametric
0
family V,, : § — R that we intend to use to approximate all value functions V™ . Typically, V,,
0
will be given by a neural network with weight vector w. So how do we fit V,, to V™ for some

policy 7?? We approximate v’ (s) using samples (Monte Carlo) and then minimise the error.
More precisely, suppose y1, ..., yn are the discounted rewards of n rollouts under policy 7%, then
we solve the regression problem

n
min > [[Vau(s6) — il
=1

If V,, is given by neural networks the regression problem is solved (approximatively) by back

propagation. The solution V,, is then used to give an estimator A™" of A™ from the gradient
step is computed.

Data: Initial parameter 6 and approximation functions V,
Result: Approximate policy 7% ~ 7¢
while not converged do
Sample N starting points s from d™ and using policy ¢ rollouts (sb,ab,...).
minimise Y, || Vi (s§) — D poo V' R(si,1, al,1)]]? over w.
set A(sf,ap) = R(sh, sh) + VI (s1) — Vi (sp)-
set Vo J(0) = % S0l 125 Viog(n?(aj; s5)) Ash, af).
update § = 0 + aVnr?(a; s').
end
Algorithm 25: A2C with Monte Carlo approximation

More advanced versions use n-step or TD()\) approximations for V™ to bootstrap samples. It is
far from obvious if any of these versions converges to an optimal policy. 17

6.8.2 Soft actor-critic (SAC)
6.8.3 Proximal policy optimisation (PPO)

"hespreche sampling aus d™ durch stoppen nach geometrischer zeit. und bedeutung von d™ =
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