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1. Introduction

In this course we will look at lots of methods from the domain of reinforcement learning (RL). RL is an
approach for agent-oriented learning where the agent learns by repeatedly acting with the environment and
from rewards. Also, it does not know how the world works in advance. RL is therefore close to how humans
learn and tries to tackle the fundamental challenge of artificial intelligence (AI):

“The fundamental challenge in artificial intelligence and machine learning is learning to make good decisions
under uncertainty.” (Emma Brunskill)

RL is so general that every Al problem can be phrased in its framework of learning by interacting. However,
the typical setting is that at every time step, an agent perceives the state of the environment and chooses an
action based on these perceptions. Subsequently, the agent gets a numerical reward and tries to maximize
this reward by finding a suitable strategy. This procedure is illustrated in Figure 1.1.

1.1. Artificial Intelligence

The core question of Al is how to build “intelligent” machines, requiring that the machine is able to adapt to
its environment and handle unstructured and unseen environments. Classically, Al was an “engine” producing
answers to various queries based on rules designed by a human expert in the field. In (supervised) machine
learning (ML), the rules are instead learned from a (big) data set and the “engine” produces answers based on
the data. However, this approach (leaning from labeled data) is not sufficient for RL as demonstrations might
be imperfect, the correspondence problem, and that we cannot demonstrate everything. We can break these
issues down as follows: supervised learning does not allow “interventions” (trial-and-error) and evaluative
feedback (reward).

The core idea leading to RL was to not program machines to simulate an adult brain, but to simulate a
child’s brain that is still learning. RL formalizes this idea of intelligence to interpret rich sensory input and
choosing complex actions. We know that this may be possible as us humans do it all the time. This lead to the
RL view on Al depicted in Figure 1.1 and is based on the hypothesis that learning from a scalar reward is
sufficient to yield intelligent behavior (Sutton and Barto, 2018).

Action a;

| !

Agent Environment

A T ‘

Reward Tt < Tt41

State sy < S¢t1

Figure 1.1.: The Reinforcement Learning Cycle




H actions do not change the state of the world actions change the state of the world

no model (Multi-Armed) Bandits Reinforcement Learning
known model Decision Theory Optimal Control, Planning

Table 1.1.: Problem Classification

1.2. Reinforcement Learning Formulation

RL tries to maximize the long-term reward by finding a strategy/policy with the general assumption that it is
easier to assess a behavior by specifying a cost than specifying the behavior directly. In general, we have the
following things different to most (un)supervised settings:

* no supervision, but only a reward signal

 feedback (reward) is always delayed and not instantaneous

* time matters, the data is sequential and by no means i.i.d.

* the agent’s actions influence the subsequent data, i.e., the agent generates its own data

In addition to this, RL is challenged by a numerous complicated factors and issues, e.g., dynamic state-
dependent environments, stochastic and unknown dynamics and rewards, exploration vs. exploitation,
delayed rewards (how to assign a temporal credit), and very complicated systems (large state spaces with
unstructured dynamics). For designing an RL-application, we usually have to choose the state representation,
decide how much prior knowledge we want to put into the agent, choose an algorithm for learning, design an
objective function, and finally decide how we evaluate the resulting agent. By all these decisions, we want
to reach a variety of goals, e.g., convergence, consistency, good generalization abilities, high learning speed
(performance), safety, and stability. However, we are usually pretty restricted in terms of computation time,
available data, restrictions in the way we act (e.g., safety constraints), and online vs. offline learning.

This sounds like a lot and, in fact, is! We therefore often limit ourselves onto specific (probably simpler)
sub-problems and solve them efficiently under some assumptions. Some common flavors of the RL problem
are, for instance:

* Full: no additional assumptions, the agent can only probe the environment through the state dynamics
and its actions; the agent has to understand the environment

* Filtered State and Sufficient Statistics: assumption of a local Markov property (i.e., the next state only
depends on the current state and action, and not on the past), decomposable rewards (into specific time
steps); we can show that every problem is a (probably infinite) instance of this assumption, but how to
filter the state to get such properties?

* Markovian Observable State: assume that we can observe the state fulfilling the Markov property directly

* Further Simplifications: contextual bandits (the dynamics do not depend on the action or the past and
current state at all); bandits (only a single state)

We can summarize the different RL-like problems in a matrix, see Table 1.1.
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1.2.1. Components

To solve an RL problem, we need three ingredients:

1.

2.

3.

Model Learning

* we want to approximate and learn the state transfer using methods from supervised learning

* need to generate actions for model identification

* estimation of the model or the model’s parameters

Optimal Control/Planning

* generation of optimal control inputs

Performance Evaluation

1.3.

Wrap-Up

why RL is crucial for Al and why all other approaches are ultimately doomed
background and characteristics of RL

classification of RL problems

core components of RL algorithms

Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapter 1

1



2. Preliminaries

In this chapter we cover some preliminaries that are necessary for understanding the rest of the course. Note
that most of this content is dense and should be used as a reference throughout this course as oppose to an
actual introduction to the topic.

2.1. Functional Analysis

Definition 1 (Normed Vector Space). A normed vector space is a vector space X over X equipped with a norm
Il - X — R that has the following properties:

1. ||z|| > 0 for all z € X and ||z| = 0 iff = 0 (non-negativity)
2. |laz|| = |a]||z| for all « € X and = € X (homogenity)
3. ||z + x2|| < ||z1]| + ||x2f| for all z1, z9 € X (triangle inequality)

For the rest of this course we usually use real finite-dimensional vectors spaces X = R? d € N7, the
Lo-norm ||-||oc, and (weighted) Lo-norms |-||2 .

Definition 2 (Complete Vector Space). A vector space X is complete if every Cauchy sequence! in X has a
limit in X.

Definition 3 (Contraction Mapping). Let X’ be a vector space equipped with a norm ||-||. An operator
T : X — X is called an a-contraction mapping if 3a € [0,1) : Vz1,29 € X : ||Taxy — T2l < allx; — 2. If
only Ja € [0,1] : Vz1,29 € X : ||[Tx; — Txa|| < aflx;r — x2||, T is called non-expanding.

Definition 4 (Lipschitz Continuity). Let X and ) be vector spaces equipped with norms ||-||x and |||y,
respectively. A function f : X — ) is called Lipschitz-continuous if 3L > 0 : Vz1, 20 € YV : || f(x1) — f(x2)|ly <
Lz — @2 x.

Remark 1. Obviously, every contraction mapping is also Lipschitz-continuous with Lipschitz-constant L £ «
and is therefore continuous. Also, the product of two Lipschitz-continuous mappings is Lipschitz-continuous and
therefore T™ = T o - - - o T is Lipschitz-continuous, too.

Definition 5 (Fixed Point). Let X’ be a vector space equipped and let T': X — X be an operator. Then x € X
is a fixed point of T if Tx = x.

Theorem 1 (Banach Fixed Point Theorem). Let X’ be a complete vector space with a norm ||-||and let T : X — X
be an a-contraction mapping. Then T has a unique fixed point x* € X and for all xy € X the sequence
ZTny1 = Tz, converges to x* geometrically, i.e., ||z, — z*| < a™|xo — z*|.

IThis section is already overflowing with mathematical rigor compared to the rest of the course, so we will skip the definition of a
Cauchy sequence here.

12



2.2. Statistics

This section introduces some concepts of statistics, but you should

2.2.1. Monte-Carlo Estimation

Let X be a random variable with mean p = E[X] and variance 0 = Var[X] and let {z;}?* ; be i.i.d. realizations
of X. We then have the empirical mean fi,, = = 37" | x; and we can show that E[{,,] = p and Var[fi,] = 02/n.
Also, if the sample size n goes to infinity, we have the strong and weak law of large numbers, respectively:

P(nli_{gloﬂnzu) =1 lim P(|fin — p| >€) =0

n—oo

Also, we have the central limit theorem: no matter the distribution of P, its mean value converges to a normal
e . D
distribution, v/n (i, — ) = N(0,02).

2.2.2. Bias-Variance Trade-Off

When evaluating/training a ML model, the error is due to two factors (illustrated in Figure 2.1):
* bias, i.e., the distance to the expected prediction
* variance, i.e., the variability of a prediction for a given data point

In general, we want to minimize both, but we can only minimize one of them! This is known as the bias-variance
trade-off.

2.2.3. Important Sampling

If we want to estimate the expectation of some function f(z) for z ~ p(z), but cannot sample from p(z)
(which is often the case for complicated models), we can instead use the following relation(s):

Evp /()] = 3 F@)p@) = 3 ()2 4(2) = By [f(aa)“]

p(z) p(z)
E;n T :/ wpa:dx:/ a:pxd:c:EwN[a:
@) = [Fap@)de= [ 1T p) S0
and sample from a surrogate distribution ¢(z). This approach obviously has problems if ¢ does not cover p
sufficiently well along with other problems. See Bishop, 2006, Chapter 11 for details.

2.2.4. Linear Function Approximation

A basic approximator we will need often is the linear function approximator f(z) = w'¢(x) with weights w
and features ¢(x). As the weights are optimized and the features are designed, we have lots of variability here.
Actually, constructing useful features is the influential step on the approximation quality. Most importantly,
features are the only point where we can introduce interactions between different dimensions. A good
representations therefore captures all dimensions and all (possibly complex) interaction.

We will now go over some frequently used features.

13



(a) Low Bias,

oy
L/

Low Variance

(b) Low Bias, High Variance

Gt

™ Dy
A A

(d) High Bias, High Variance

(c) High Bias, Low Variance

Figure 2.1.: Bias-Variance Trade-Off; Source: Bernhard Thiery (CC BY-SA 3.0)
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to be CHY I N N LA
represented

Figure 2.2.: Tile Coding; Source: https://towardsdatascience.com/
reinforcement-learning-tile-coding-implementation-7974b606762b

Polynomial Features Polynomial features are particularly simple and capture the interaction between dimen-
sions by multiplication. For instance, the first- and second-order polynomial features of a two-dimensional
state x = (1, x2)' are:

dpi(x) = (1,21, 2, 2122)" dp2(x) = (1,21, 12, T129, 23, 3, 1123, 2329, 3, 73)

However, the number of features grows exponentially with the dimension!

Fourier Basis Fourier series can be used to approximate periodic functions by adding sine and cosine waves
with different frequencies and amplitudes. Similarly, we can use them for general function approximation of
functions with bounded domain. As it is possible to approximate any even function with just cosine waves
and we are only interested in bounded domains, we can set this domain to positive numbers only and can
therefore approximate any function. For one dimension, the n-th order Fourier (cosine) basis is

Om(z) = cos(mmz), m=0,1,...,n.

and 7 is a normalized version of z, i.e., T = (z — Zmax)/(Tmax — Tmin)-

Coarse Coding Coarse coding divides the space into M different regions and produced M -dimensional
coding features for which the j-th entry is 1 iff the data point lies withing the respective region; all values the
data point does not lie in are 0. Features with this codomain are also called sparse.

Tile Coding Tile coding is a computationally efficient form of coarse coding which use square tilings of space.
It uses N tilings, each composed of M tiles. The features “vector” is then an N x M matrix where a single
value is 1 iff x lies inside the tile and 0 otherwise. Figure 2.2 shows an illustration of this coding.

Radial Basis Functions Radial basis functions (RBFs) are a generalization of coarse coding where the features
are in the interval (0, 1]. A typical RBF is the Gaussian

_ 2
ot = o 51

J

with center ¢; and bandwidth 0]2.
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Neural Networks A very powerful alternative to hand-crafting features are neural networks (NNs). By
stacking multiple layers of learned features, they are very powerful prediction machines.

2.2.5. Likelihood-Ratio Trick

Suppose we need to differentiate the expectation of some function f(x) w.r.t. # where = ~ py(-). However, we
cannot directly calculate E,,,[f(z)] or “differentiate through sampling.” Instead, we can use the identity

h'(2)
h(z)

— ) =h() Llogh(z)

d
—logh(z) = P

dz

to reformulate the derivative of the expectation as

While this is a very powerful approach, the gradient estimator exhibits high variance!

2.2.6. Reparametrization Trick

Suppose we need to differentiate the expectation of some function f(x) w.r.t. § where = ~ py(-). However,
we cannot directly calculate E,,,[f(z)] or “differentiate through sampling.” Instead, we reformulate the
expectation with a function x = gy(¢) that separates the random components ¢ from the deterministic ones 6
such that we can reparameterize the expectation as

Em~p9 [f(.%’)] = EE [f(ge(g))] :

For instance, if pg(z) = N (g, 07) is a Gaussian, gg(e) = pg + oge with e ~ N (0, 1). We can now simply use
the chain rule to take the derivative w.r.t. §. Compared to the likelihood-ratio trick, this estimator has less
variance!

2.3. Miscellaneous

Finally, this section contains all the stuff that does not fit into the categories before.

2.3.1. Useful Integrals

The following hold for a distribution py(x):

9 ) Zpe(x)
= dz =0 1 do = [ % dz =0 2.1
[ ggptards Sy loam(@)de = [2L0D @D
The first identity can be shown by swapping the integral and derivative and using the normalization condition
of probability densities. For the second we use integration by parts with f' = %pg(x), for which f = 0 due to
the first integral. Hence, the second follows.
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3. Markov Decision Processes and Policies

In this chapter we will develop the groundwork for all upcoming chapters and define some important
mathematical concepts.

3.1. Markov Decision Processes

A Markov decision process (MDP) describes the environment for RL formally for the case where we can fully
observe the environment, i.e., we directly “see” the state. Also, the current state fully characterized the
system and future states are independent from the past (Markov property). This mathematical framework
allows precision and rigorous reasoning on, for instance, optimal solutions and convergence (note, however,
that we will only touch the tip of the iceberg in theoretical analysis and we will be less rigorous than some
mathematician may wish). The nice this of MDPs is there wide applicability: we can frame almost all RL
problems as MDPs. Most of the remaining chapter here focuses on fully observable and finite MDPs, i.e., the
number of states and actions is finite. Table 3.1 shows an overview over different Markov models.

We now went over some mathematical definitions for building up the “Markovian framework.”

Definition 6 (Markov Property). A stochastic process X, is Markovian or fulfills the Markov property if
Pt(St+1 =5 | St = S,St_l = kt_l, .. .,S() = k()) = Pt(St+1 =5 ‘ St = S) for all ¢.

Definition 7 (Stationary Transition Probabilities). If P;(Si11 = s’ | S¢ = ) is time invariant, psy = Pi(Si41 =
s'| Sy = s) are the stationary transition probabilities.

Definition 8 (State Transition Matrix). With the transition probabilities p,, let P,y = p,y for all s, s’ be the
transition matrix.

Definition 9 (Markov Chain). A Markov chain is a tuple (S, P, ) with the (finite) set of discrete-time states
Sy € S, n == |§|, transition matrix P € [0, 1]"*", and the initial state distribution ¢; = P(Sp = 7).

Definition 10 (Probability Row Vector). The vector p; .= >_"" | P(S; = z')elT with the ¢-th unit vector e; and
includes the probability of being in the i-th state at time step t.

Theorem 2 (Chapman-Kolmogorov for Finite Markov Chains). The probability row vector p; . at time step
t + k starting from p; at time step t is given by p; = p P*.

All states observable?

Actions? Yes No
Yes Markov Decision Process Partially Observable MDP
No Markov Chain Hidden Markov Model

Table 3.1.: Types of Markov Models
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Proof. Assumew.l.o.g. t = 0 We proof this by induction. For the base case, let k = 1. Let pg = (po,1,P0,2; - - -, Po,n)
be an arbitrary probability row vector. By linearity, we have

n n
PoPey =) pore;P =) po1P;

i=1 i=1

where P; is the i-th row of P. Rewriting this equation in terms of explicit transition probabilities, we have

= P(So=1i)> e[P(S1=j|So=i)=> e > P(Sy=i)P(S1=j|So=1)
i=1 j=1 i=1

7j=1
=Y S P(Si =050 =) = > efP(S =) = 3. prse} = pu.
Jj=1 i=1 =

The first equality is due to the definition of P;, the third is due to the definition of conditional probabilities,
the fourth is due to marginalizing out Sy, and the final is just another application of the definit ion of the
probability row vector. For the induction step k — k + 1, assume that p;, = p; P* holds for some k. We then
have py1 = pr P = poP*P = pyP**! where the first equality is due to the base case and the second is due
to the induction hypothesis. O

Definition 11 (Steady State). A probability row vector p is called a steady state if an application of the
transition matrix does not change it, i.e., p = pP.

Remark 2. While the steady state is in general not independent of the initial state (consider, for instance, P = I),
it gives insights in which states of the Markov chain are visited in the long run.

Definition 12 (Absorbing, Ergodic, and Regular Markov Processes). A Markov process is called ...

* ...absorbing if it has at least one absorbing state (i.e., a state that can never be left) and if that state can
be reached from every other state (not necessarily in one step).

* ...ergodic if all states are recurrent (i.e., visited an infinite number of times) and aperiodic (i.e., visited
without a systematic period).

* ...regular if some power of the transition matrix has only positive (non-zero) elements.

3.1.1. Example

3.2. Markov Reward Processes

Definition 13. Markov Reward Process A Markov reward process is a tuple (S, P, R, ~, ¢) with the (finite) set of
discrete-time states S; € S, n := |S|, transition matrix Psy = P(s’|s), reward function R : S — R : s — R(s),
discount factor v € [0, 1], and the initial state distribution 1; = P(Sp = i). We call r, = R(s;) the immediate
reward at time step t¢.

3.2.1. Time Horizon, Return, and Discount

Note that in 13 we did not clearly specify how the reward is computed. Especially we did not define how much
time steps the reward “looks” into the future. For this we generally have three options: finite, indefinite, and
infinite. The first computes the reward for a fixed and finite number of steps, the second until some stopping
criteria is met, and the third infinitely.
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Definition 14 (Cumulative Reward). The cumulative reward summarizes the reward signals of a Markov
reward process (MRP). We define the following:

T 1 T T
total .__ § : average , § : —  gdiscounted .__ § : k—t—1
Jt = Ti+k Jt = T Tt+k Jt = Jt 1seomit = Y Tk,
k=1 k=1 k=t+1

For an infinite horizon, we take the limit of these as T" — oo.

Theorem 3. The cumulative discounted reward fulfills the recursive relation J; = i1 + v Ji11.

_\T k—t—1,. _ T k—t—1,. _ T k—t—2,. _
Proof. Jy =3 11117 Th = Tt41 + D p—ypn Y Th = Tt41 TV Dpmiq Y Tk = Tt41 + Y41 O

Definition 15 (Return). The return J(7) of a trajectory 7 = (s;)}_, is the discounted reward J(7) := Jo(7).

Remark 3. The infinite horizon discounted cumulative reward for r; = 1 (for all t) is a geometric series and we
have J, = limp_, o Zf:tﬂ A=ty =57 0 7F = 1/(1 — 7) for v < 1. If the reward is lower/upper bounded
by rmin/Tmax, We have J; € [rmm /(1 =), rmax/(1 — fy)]. Similarly, the return is lower/upper-bounded.

We can interpret the discount factor v as a “measure” how important future rewards are to the current
state (how delayed vs. immediate the reward is). For instance, v ~ 0 yields myopic evaluation and v ~ 1
yields far-sighted evaluation. An alternative interpretation is that the discount factor is the probability that the
process continues (such that the discounted return is the expected return w.r.t. the discount factor). Despite
the obvious advantage that including a discount factor prevents the return from diverging, we also have a
couple of other reasons why it makes sense to weigh future rewards less:

* we might be uncertain about the future (e.g., with imperfect) models
* if the reward is financial, immediate rewards earn more interest than delayed rewards

* animal and human behavior also shows preference for immediate rewards—and why try to mimic biology
in the end

However, sometimes we still use undiscounted MRPs (i.e., v = 1), for instance if all sequences are guaranteed
to terminate.

3.2.2. Value Function

Definition 16 (Value Function for MRP). The state value function for a MRP is V' (s) := Ep[.J; | s; = s] for any
t.That is, the expected return starting from state s where the expectation is w.r.t. the state dynamics.

Theorem 4 (Bellman Equation). For all states s € S, we have V (s) = R(s) + YE[V (st+1) | st = s].
Proof. V(s) =E[J; ‘ st =s| = R(s) + YE[Ji41 | st = s|] = R(s) + YE[V (s¢41) ‘ st = s O

The Bellman equation allows us to decompose the value of any state into its immediate reward and the
value of the subsequent states (in expectation). As we only consider discrete MRPs, we can also express the
Bellman equation in matrix form,

V=R++PV — V =(I—-~P)"'R, (3.1)

where V' and R are columns vectors with the values and rewards, respectively, and P is the transition matrix.
We can therefore directly solve this linear equation and get the values of the states! However, for n states
the complexity is O(n?) and hence this is only possible for small MRPs. For large MRPs, a variety of efficient
iterative methods exist. In the following chapters, we will cover dynamic programming (chapter 4) Monte-Carlo
evaluation (chapter 5) and temporal difference learning (chapter 6).
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3.2.3. Example

3.3. Markov Decision Processes

So far, we only considered processes without actions, i.e., we were not able to interact with the process. The
next natural extension is from MRPs to MDPs:

Definition 17 (Markov Decision Process). A Markov decision process is a tuple (S, A, P, R,~,.) with the
(finite) set of discrete-time states S; € S, n = |S]|, (finite) set of actions A; € A, m := |A|, transition matrix
P2, = P(s'|s,a), reward function R : S x A : (s,a) — R(s,a), discount factor € [0, 1], and the initial state
distribution ¢; = P(Sy = i). We call r, = R(s;) the immediate reward at time step ¢.

An interesting—yet philosophical—question is, whether a scalar reward is adequate to formulate a goal?
The big hypothesis underlying its usage is the Sutton hypothesis that wall we mean by goals can be formulated
as the maximization of a sum of immediate rewards. While this hypothesis might be wrong, it turns out to be
so simple and flexible that we just use it. Also, it forces us to simplify our goal and to actually formulate what
we want instead of why. Hence, the goal must be outside of the agent’s direct control, i.e., it must not be a
component of the agent. However, the agent must be able to measure successes explicitly and frequently.

In order to reason about an agent and what it might do, we first have to introduce policies.

3.3.1. Policies

A policy defines, at any point in time, what action an agent takes, i.e., it fully defines the behavior if the agent.
Policies are very flexible and can be Markovian or history-dependent, deterministic or stochastic, stationary or
non-stationary, etc.

Definition 18 (Policy). A policy 7 is a distribution over actions given the state s, i.e., 7(a|s) = P(a]|s).

Note that we can reduce a deterministic policy a = (s) to a stochastic one using 7(a | s) = 1[a = 7(s)] for
discrete and 7(a|s) = 6 (a — 7(s)) for continuous action spaces. Given an MDP M = (S, A, P, R,~,) and a
policy 7, let M™ = (S, A, P™, R™, v, ) be the policy 7’s MRP with

Pl =Eoun(s (P R™(s) = Equn(.|s) [R(s,a)]. (3.2)

This allows us to apply theory of MRPs and Markov chains to MDPs. However, it is often useful to exploit the
action distribution instead of reducing it to the state dynamics.

Value Functions

Like for MRPs, we define the value function for MDPs:

Definition 19 (Value Function for MDP). The state value function of a MDP is V" (s) .= Ep »[J; | s; = s] for
any t. That is, the expected return starting from state s where the expectation is w.r.t. the state dynamics and
policy.

However, as we seek to maximize the return and therefore want to steer towards the largest point of the

value function, it is helpful to also define the action value function:

Definition 20 (Action Value Function). The action value function of a MDP is Q™ (s, a) == Ep »[J; | st = s, ar = a]
for any ¢. That is, the expected return starting from state s, taking action « in the first step and subsequently
following policy = where the expectation is w.r.t. the state dynamics and policy.
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Hence, if we know the action value function for some policy 7, we can easily choose the action that steers
the system to the largest return achievable following 7 by locally maximizing (s, a) over a for a given state
s: m(s) = arg max, Q(s, a).

Similar to MRPs, we can also decompose the state and action value function according to a Bellman
equation.

Theorem 5 (Bellman Expectation Equation). For all states s € S, we have the following decompositions:

V7™(s) = Eqo [R(s,0) + 7V (") | s] = Ea[Q"(s,0)]
Q" (s,a) = R(s,a) + 7By « [Q7 (s, d') ‘ s,al = R(s,a) +vEg [V7(s) ‘ s, al (3.3)
Note that the Q)-function decomposition is very similar to the MRP-decomposition of the state value function.
Proof. Left as an exercise for the reader (hint: plug in the definitions of the individual components). O

Due to the reformulation (3.2), we can reformulate the Bellman equation analogous to (3.1) as V™ =
R™ + vP™V7™ which we can solve in closed form. However, also analogous to the MRP-case, this is inefficient
for high-dimensional state spaces.

Definition 21 (Bellman Operator). The Bellman operator for V and () is an operator 7™ mapping from state
and action value functions to state and action value functions. It is defined as follows:

(I™V)(s) = Eq9 [R(s,a) + 7V (') | 5]
(T"Q)(s,a) = R(s,a) + vEg o [Q(s', a’) | s, a]
Theorem 6. The Bellman operator is an a-contraction mapping w.r.t. |-\« if v € (0,1).

Proof. O

Remark 4. With these operators, we can compactly write the Bellman equation(s) as T™V"™ = V™ and T™Q™ = Q™
and the policy’s state and action value functions are the unique respective fixed points of T™. With Theorem 6,
repeated application of T™ to any vector converges towards this fixed point.

Optimality

Definition 22 (Optimality). The optimal state/action-value function is the maximum value over all policies:

V*(s) = max V" (s) Q*(s,a) = max Q7 (s,a).

™

The optimal value function then specifies the best possible performance in the MDP and we call an MDP solved
when we know the optimal value function.

Definition 23 (Policy Ordering). For two policies 7, /, we write 7 > #’ iff V™(s) > V™ (s) for all s € S.

Theorem 7. For any Markov decision process there exists a optimal policy 7* with Vr : 7* > m and all policies
achieve the unique optimal state- and action-value functions (22). There exists a deterministic optimal policy.

Remark 5. We can recover the optimal deterministic policy by maximizing Q*(s, a) over a:

“(sa) 1 ifa=argmax,c 4 Q*(s,a)
™(s|a) =
0 otherwise
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With these definitions at hand, we can take a look at Bellman’s principle of optimality:

“An optimal policy has the property that whatever the initial state and initial decision are, the remaining
decisions must constitute an optimal policy with regard to the state resulting from the first decision.”
(Richard Bellman, 1957)

This principle is formalized in the Bellman optimality equation.

Theorem 8 (Bellman Optimality Equation). For all states s € S, we have the following decompositions:

* _ * _ , *(/
V*(s) = maxQ*(s,a) = max { R(s, ) +1Ex [V*(s') | s] }

Q*(s.) = R(s,0) + 1By [V*(s) | s] = R(s,a) + 1B [maxyes @(s'.a') | 5] (3.4
Proof. Left as an exercise for the reader (hint: plug in the definitions of the individual components). O]

Definition 24 (Bellman Optimality Operator). The Bellman optimality operator for V and () is an operator T**
mapping from state- and action-value functions to state- and action-value functions. It is defined as follows:
(T*V)(s) = max {R(s, a) +Ey [V(s) | s]}
(T*Q)(s,a) = R(s,a) +vEg [maxa/eA Q(s',d") ’ 5]
Theorem 9. The Bellman optimality operator is an a-contraction mapping w.r.t. |||« if v € (0,1).
Proof. O

Remark 6. With these operators, we can compactly write the Bellman equation(s) as T*V* = V* and T*Q* = Q*
and the optimal state- and action-value functions are the unique fixed points of T*. Also, repeated application of
T* to any state- or action-value function converges to the optimal state- or action-value function.

While we had closed-form solutions for the MRP and policy value functions, it is not possible to solve
the Bellman optimality equation in closed form as its a nonlinear equation system (due to the involved
maximizations). In the following chapters we will look at a variety of methods for solving this problem
iteratively, starting with dynamic programming.

3.3.2. Example

3.4. Wrap-Up

definition of Markov reward processes and Markov decision processes

definition of the two value functions and how to compute them

definition of an optimal policy

the Bellman equation

the Bellman expectation and optimality equations

Additional reading material:
— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapter 3

— Book: “Markov Decision Processes” (Puterman, 2005), Chapter 2

22



4. Dynamic Programming

In this chapter we will look into a very general approach of solving problem, dynamic programming (DP), and
will apply it to MDPs. All these methods have in common that we have a perfect model of the world (e.g.,
a given MDP) and we want to find a policy that maximizes the MDP’s reward. The general idea is to break
the overall problem down into smaller sub-problems which we then solve optimally. By combining optimal
sub-solutions, we get an optimal global solution, assuming that Bellman’s principle of optimality applies and
that the decomposition is possible. An additional assumption is that the sub-problems overlap, i.e., they may
recur many times and we can cache and reuse their solutions.

Both of these assumptions are fulfilled by MDPs where the Bellman equation gives recursive decompositions
and the value function stores and reuses solutions. For finite-horizon MDPs, DP is straightforward by starting
from k = T — 1 and iterating backwards, k = T —1,T,...,0, reusing the sub-solutions. The value function and
policy are then k-dependent and we get the optimal value function and policy for £ = 0 (when the information
was able to “flow” through the MDP). Compare to brute-force policy search, we get an exponential speedup!
As DP for finite-horizon problems is straightforward, we will now stick to infinite-horizon problems.

Note that we have two central problems we can solve in an MDP: prediction and control. In prediction, we
just want to predict the MDPs’s behavior, i.e., measure its value function given a policy. In control, we want to
find the optimal value function and policy. As these problems are closely related and we need the former for
the latter, we will discuss them jointly.

4.1. Policy Iteration

policy iteration (PI) is an algorithm for solving infinite-horizon MDPs by repeating the following steps:
1. Policy Evaluation: estimate V'™
2. Policy Improvement: find a n’ >«

The following sections describe these steps in detail and also discuss convergence.

4.1.1. Policy Evaluation

In policy evaluation, we want to compute the value function V™ for a given policy 7 (i.e., perform prediction).
For this we would either directly solve the Bellman expectation equation using (3.1), but this has complexity
O(n?). Instead, we start with some approximation Vj—q of the value function (which can be arbitrarily bad)
and repeatedly apply the Bellman operator (21) until convergence:

VED () e (T7VB)(5) = 3 (s | a) (R(s, a)+7)  P(s|s, a)V(’“)(s’)> :

acA s'eS

e}

The sequence (V(k)) —o converges, by Banach’s fixed point theorem and Theorem 6, to the fixed point V™. In
matrix form, we can also write this update as V**1) = R™ + 4PV (),
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However, in subsequent steps we need the action-value function Q™. There are generally two options for
this: either recover Q™ from V™ using (3.3) or directly estimate it by repeatedly applying its Bellman operator.
As this is completely analogous, we will skip the explicit equations here.

4.1.2. Policy Improvement

In policy improvement, we want to use find a better policy 7’ > 7 using Q™. We do this by acting greedily, i.e.,
7'(s) = argmax,c 4 Q™ (s, a). With this definition, we have the following inequality:

Q" (s,7'(s)) = glgi(@”(s,a) > Q" (s,m(s)) =V7(s).

Theorem 10 (Policy Improvement Theorem). Let w and " be policies with Q™ (s,7'(s)) > V™ (s). Then «’ > m.

Proof. By repeatedly applying the premise (x), the Bellman expectation equation (1), and the definition of the
value function (1), we find the following inequality chain:

(+) )
V7T(s) < Q" (s, 7' (a)) @Eﬂ’,P [re41 + YV (s141) | 8¢ = 5] < B p[regr +7Q™ (se41, 7 (s141)) | 8¢ = 5]
< Ew plro + 92 + Q7 (str2, 7 (s142)) | 5t = 8] < B plregs +9res2 + ... | se = 5] @y (s)
O

With this theorem of which the premise is fulfilled when acting greedily, we see that the policy is either
improved or, if improvement stops and V™ = V7, we found the optimal policy through the Bellman optimality
equation Q" (s,m(s)) = V™(s). Hence, PI always converges to the optimal policy m*!

4.1.3. Remarks

As both policy evaluation and improvement converge to a unique fixed point, policy iteration overall converges
to the optimal policy! The algorithm is summarized in algorithm 1. Note that recovering Q™ from V™ requires
a model of the MDP. While this is not a problem for policy iteration as the policy evaluation step requires a
model anyway, later on we will estimate the value differently and may not have a model. If so, it makes more
sense to directly estimate the action-value function.

4.1.4. Examples

4.2. Value Iteration

Value iteration (VI) follows a similar idea as PI. However, we do not explicitly compute a policy 7 but instead
only find the optimal value function V* from which we can recover the optimal policy (using (3.4) and greedy
updates). To find the optimal value function, we repeatedly apply the Bellman optimality operator (24)

VD (g) = max {R(s, a) +vEy [V(k)(s/) ‘ s| }
ac

As this an «a-contraction due to Theorem 9, multiple applications converge to the optimal state-value function

V* for an arbitrary initialization V(). This procedure is summarized in algorithm 2. We also have the following

theorem on the accuracy of the value function estimates.
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Algorithm 1: Policy Iteration

Input: Markov decision process M = (S, A, P, R,v,t)
Output: optimal V*, Q*, and 7*

1 initialize 7 arbitrarily
2 repeat

® N o U~ W

10

// Policy Evaluation

k+0

initialize Q%) arbitrarily

repeat

V() = Yy um(s|@)R(s,a) +7 X yes P 5.0)QM (5, )
k—k+1

until until convergence

// Recover the action-value function.

Q1)(s,a) = R(s,a) +7 L yes P(s| 5,a)V)(s)
// Policy Improvement

1 ifg= (00)
w(a!s)e{ if a = argmax,c 4 Q'*(s,a)

0 otherwise

11 until until convergence
12 return V() Q) x

Theorem 11. VI converges to the optimal state-value function limy_,, Vi = V*.

Proof. First, we show that an application of the Bellman optimality operator to V' — V* is a contraction,

ac acA

|T*V — T*V*||0o = maj‘({R(s, a) + By p(.|s,a) [V(s’)] } — maX{R(s a) +YEgp(.|s, a) H

acA

< maX{R(S, a) + VEgp(|5a) V()] = R(s,a) = VEgp(|sa) [V ()] }H

o)

= max{fy]Es 'nP(-] 8,a) [V( )] ’YES '~P(-]s, a) H

acA
_ AR VT VT
— 5 ?e%{ES,NP(.W) (V(s') = V*(s )]}H ?G%Z P(s'|s,a)(V(s') — V*(s ))H
/ES o
< P / V N V* / < V AN V* /
<o |magmar P50 (V) = V)| < mapma (V) VG ))Hoo
= N _ V(< < N (!
= mA ey (V) = V()| < g (V6 - V)|
o V Nl — — vl
= ymax [V(s') = V()| =V = V7
Let k be the iteration and V}, the corresponding value function. We can then easily see that
Ve = Voo < 2*1Vo = V¥ -
Hence, as k — oo, the difference converges to zero and VI converges to the unique fixed point. O
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Theorem 12. Let ||V||s = maxses |V (s)| be the maximum-norm of V' and let € > 0. If the following inequality
holds two successive state-value functions V; 1 and V;:

IVier = Villoo <€,

then the error w.r.t. the maximum norm of V1 is upper-bounded by

2ey
1—

Vitr = V7 loo <

where ~ is the discount factor.

Algorithm 2: Value Iteration
Input: Markov decision process M = (S, A, P, R, v, )
Output: optimal V* and 7*
// Find optimal state-value function.
k<0

1

2 initialize V(¥) arbitrarily

3 repeat

4 | V() = maxeen {R(s.0) + 7 Dges P(s' | 5,0V O() |
k<—k+1

6 until until convergence
// Recover optimal policy.

7 wla]s) = {1 if a = argmax, ¢ 4 {R(s,a) +9Y e P(s| Sja)v(k)(sl)}

0 otherwise
8 return V("O), T

4.3. Remarks

In VI, we had to repeatedly apply max-operations which can be costly. In contrast, PI does not require these
redundant maximizations, but needs to carry around an explicit policy. However, both algorithms are in
the same complexity class: for m actions and n states, the state-value based methods is in O(mn?) and the
action-value based methods (where instead of recovering Q™ from V™ we estimate it directly) is in O(m?n?).

Note that this chapter only considered synchronous DP which is only applicable to problems with a relatively
small® state space. Asynchronous DP, on the other hand, allows high parallelization and can be applied to
larger problems.

4.4. Wrap-Up

* dynamic programming

* computing optimal policies and value functions for environments with known dynamics

A few million, but for high-dimensional problems the state space increases exponentially (cure of dimensionality).
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Problem Core Equation Algorithm
Prediction Bellman Exp. Eq. Policy Evaluation
Control  Bellman Exp. Eq., Greedy Policy Improvement  Policy Iteration
Control Bellman Optimality Eq. Value Iteration

Table 4.1.: Synchronous Dynamic Programming

* Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapter 4
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5. Monte-Carlo Methods

While DP requires a model of the world (in terms of a fully specified MDP) and can perform planning inside
an MDP, Monte-Carlo (MC) methods and algorithm are model-free. They are mostly based on PI which—
when estimating the action-value functions directly—does not require a model of the world during policy
improvement. To evaluate the policy, MC methods use repeated random sampling and just produce an
estimate. However, they still assume finite MDPs. We can again identify two tasks:

* Model-Free Prediction: estimate the value function of an unknown MDP given a policy

* Model-Free Control: find the optimal value function and policy of an unknown MDP; achieved by
combining policy improvement with MC prediction

The core idea is to use the mean return of multiple episodes as an estimation for the value of a state. Hence,

MC methods can only be applied to episodic MDPs, i.e., ones which eventually terminate. Here we have two
options:

* First-Visit MC: estimate the value of a state s by averaging the returns only for the first time s is visited
in an episode; yields an unbiased estimator; see algorithm 3

* Every-Visit MC: estimate the value of a state s by averaging the returns every time s is visited in an
episode; yields a biased but still consistent estimator; see algorithm 4

Algorithm 3: First-Visit Monte-Carlo Policy Evaluation
Input: policy =
Output: approximate V7™

1 initialize V%) arbitrarily

2 initialize Returns(s) as an empty list forall s € S

3 repeat

4 (s0;71,81;72,82; .. .;T7—1, ST—1,TT)  generate episode

5 foreacht =0,1,...,7 do

6 if s, is visited for the first time then

7 Jp Zgzt 1 vF=t=1y, // cumulative discounted reward
8 append J; to Returns(s;)

9 V (s¢) + average(Returns(s;)) // update value estimate

10 until convergence
11 return V
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Algorithm 4: Every-Visit Monte-Carlo Policy Evaluation

Input: policy 7
Output: approximate V™

1 initialize V%) arbitrarily

2 initialize Returns(s) as an empty list forall s € S

3 repeat

4 (s0;71, 81572, 825 ... ;TT—1, ST—1,rT) < generate episode

5 foreacht =0,1,...,7 do

6 Jo— 1, 1 Y* "y, // cumulative discounted reward
7 append J; to Returns(s;)

8 V (s¢) < average(Returns(s;)) // update value estimate
9 until convergence

10 return V'

5.1. Example

5.2. Wrap-Up

* approximation of value functions when the dynamics are not available
* differences of DP and MC
* Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapter 5

— Book: “Monte-Carlo Simulation-Based Statistical Modeling” (Chen and Chen, 2017)

29



6. Temporal Difference Learning

We will now turn to methods that feel more like “reinforcement learning” rather than DP and control theory:
temporal difference (TD) learning. Like MC methods, TD learning learns directly from experience and is also
model-free, i.e., it has no knowledge of the MDP dynamics. However, TD methods can learn from incomplete
episodes and therefore do not require episodic MDPs, making them readily applicable to all kinds of problems.
The core idea is to update an estimate towards a better estimate. Consider incremental every-visit MC policy
evaluation,

V(st) < Vi(se) + oy —V(se) = (1 — a)V(s) + ey, (6.1)

where J; is the return following s; and « is a trade-off between the two estimates. Note that for o« = 1/(K +1)
where K is the number of samples collected before this sample, this update reduces to plain every-visit MC.
The idea of TD learning is to replace the return .J; which requires all future samples with an estimate of the
return using the immediate reward r;,, together with an estimate of the value function V;,. This process of
using an estimate to update another estimate is called bootstrapping. This yields the simplest TD learning
algorithm, TD(0), with the following update:

V(se) < V(st) + a(res1 + 7V (se1) — V(se)) = V(se) + aby. (6.2)

We call ry11 + vV (s;) the TD target and 0; = 441 + YV (s:) — V(s;) the TD error. Again, « is a trade-off
between the two estimates where a & 0 just sticks to the previous estimate and « ~ 1 directly jumps to the
new (bootstrapped) estimate.

Algorithm 5: TD(0)
Input: environment
Output: value function
1 repeat
2 initialize s
3 while s is not terminal do
4 take action a ~ 7(-| s), observe reward r and next state s’
5
6
7

d—r+~V(s)—V(s)
V(s) « V(s)+ad
s+ s

8 until convergence
9 return V

6.1. Temporal Differences vs. Monte-Carlo (vs. Dynamic Programming)

While both TD and MC methods are model-free, they still have some major differences. Firstly, TD can
learn before and even without knowing the final outcome of an episode. This enables online learning (i.e.,
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Method \ Uses Bootstrapping Uses Sampling
Dynamic Programming Yes No
Monte-Carlo No Yes
Temporal Differences Yes Yes

Table 6.1.: Dynamic Programming vs. Monte-Carlo vs. Temporal Difference

learning while running) whereas MC has to wait for an episode to end and the final return is known before
learning anything. This directly transfers to continuing (i.e., non-terminating) environments where TD can be
employed and MC cannot.

As usual, we have a bias-variance trade-off between the methods, or more precisely between the two
updates (6.1) and (6.2). While the return J; is an unbiased estimate of V™ (s;) and therefore the (first-visit)
MC update is unbiased, the TD target has much lower variance as it only depends on a single random
action-transition-reward triple. However, the TD target is biased unless V' (s;11) = V™ (s;), i.e., the true value
function, is found.

While TD actively exploits the Markov property, MC does not at all. Of course, this makes MC more
well-rounded and applicable to non-Markovian environments while TD’s wrong assumptions can hurts its
efficiency. However, for very complicated environments we might not be able to use tabular methods (??),
but have to resort to function approximations (??) where MC excels. Also, TD is more efficient to the initial
values as MC which makes sense as MC might not use them at all.

See Table 6.1 for a comparison of DP, MC, and TD with regard to bootstrapping and sampling.

6.1.1. Backup

6.2. TD())

Looking at (6.2), one might ask why we only look one step into the future an not, for instance, three steps. In
fact, this is possible and we can consider the n-step return

Jt(n) =Tt + T2 o Y g 9"V (St4n)

with n-step TD learning,
V(st) < Vi(st) + a(J™ = V(sy).

Increasing n has the advantage of reducing the estimate’s bias for the cost of increasing its variance (as with a
larger n, more random factors come into play). With n — oo, this update approaches (6.1), the MC update.

6.2.1. Forward-View

The natural next idea is to average multiple n-step returns to combine information from different time steps.
For instance, we could average the 2- and 4-step returns J = J® /2 + J® /2, But can we come up with a
principled way of weighing different n-step returns? A fruitful idea is to use an exponential weighting, i.e., to
weigh samples in the future exponentially less than close samples. This is the idea of the A-return

oo
=10 Aty

n=1
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which uses the weighting function (1 — A)A"~1, A € [0, 1) for the n-step return. The factor (1 — \) is necessary
for the sum to be convey, i.e.,

(1—)\);>\"_1:(1—/\)7;))\”:(1—)\)11\:1.

We call the resulting update V'(s;) < V(s¢) + oa(J,f‘ — V(st)) forward-view TD()). Of course now we are back
to the initial problem we tried to avoid using TD methods: the forward-view TD target can only be computed
for complete episodes!

6.2.2. Backward-View and Eligibility Traces

We saw that forward-view TD(\) provides a good approach to reduce the bias of the TD target. However, it
had the disadvantage of only working in episodic settings, i.e., only with complete episodes. An alternative is
backward-view TD()\) following a similar idea, but looking backward in time, allowing updates from incomplete
episodes. However, now we have the credit assignment problem: how to weigh past rewards and states? Two
common heuristics are the frequency and recency heuristic, i.e., assigning credit to the most frequent or most
recent states, respectively. Both of these ideas can be summarized into eligibility traces. For every time step ¢,
we keep an eligibility value z;(s) for every state s describing the weight of state s at time step ¢. Starting with
z_1(s) = 0, we iteratively compute the next time step as

zt(s) = yAz-1(s) + Ls = s4],

where ~ is the discount factor and ) is the exponential decay for the eligibility. The intuition of this update
is as follows: Whenever we take a step in the environment, we decrease the weight by multiplying with A
(implementing the recency heuristic); by adding one whenever we see a state, we implement the frequency
heuristic (by adding one often for frequent states) and “give the recency heuristic something to work with,”
i.e., some value it can actually decrease. The update (applied to all states and not just the current state) then
is

V(s) < V(s) + adrz(s)

where §; is the TD error. Note that for A = 0, the update collapses exactly on the TD(0) update (6.2), hence
the name. The algorithm is summarized in algorithm 6.

6.3. Example

6.4. Wrap-Up

differences of DP, MC, and TD
* definition of eligibility traces

* computation of TD(\)

Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapters 6, 7, and 12
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Algorithm 6: Backward-View TD()\)

Input: environment

Output: value function

1 repeat

2 z(s)«OforalseS

3 initialize s

4 while s is not terminal do

5 take action a ~ 7(-| s), observe reward r and next state s’
6 d—r+V(s)—V(s)

7 z(s) « z(s)+ 1

8 foreach s € S do

9 L V(8) + V(3) + adz(3)

10 z(8) <= yAz(3)

11 5 s

12 until converged
13 return V
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7. Tabular Reinforcement Learning

In this chapter we cover methods from tabular RL where the state-action-space is small enough such that
we can represent the action-value function as a table. We distinguish two categories of methods: on- and
off-policy learning. In the former the algorithm learns “on the job,” i.e., the experience is sampled from the
policy that is being trained. In the latter the algorithms learns “by looking over someone’s shoulder,” i.e., the
experience is samples from a different policy ¢ that the one that is being trained.

7.1. On-Policy Methods

In this section we discuss tabular on-policy methods.

7.1.1. Monte-Carlo Methods and Exploration vs. Exploitation

In generalized PI, we do not evaluate the state-value function (for which a greedy policy improvement needs
the transition dynamics), but instead evaluate the action-value. However, just using the deterministic policy
found during policy improvement for MC policy evaluation means that we do not have exploration (no “new”
actions are tried)! This brings us to the exploration vs. exploitation dilemma.

During decision-making, we have two options: exploit the current knowledge to make the best known
decision or explore and gather more information. In other words, the best long-term options (which we want
to find) might involve short-term sacrifices. This dilemma is a fundamental problem in RL and we do not have
a satisfying solution yet. Two common approaches are e-greedy,

_a with probability 1 — €
| random action with probability e

and softmax. A softmax policy biases the action selection towards exploitation. The most common softmax is
the Boltzmann distribution
exp{Q(s,a)/T}

eXp{Za’eA Q(‘S’a/)/T}

with a temperature T defining how uniform the distribution is. For = — oo, the distribution approaches a
uniform distribution of a and for 7 = 0 it acts greedy.

m(als) =

e-Greedy Exploration and Policy Improvement

The simplest exploration strategy, e-greedy, can also be formulated as a distribution:

(als) e/m+1—e if a =argmax,c4Q(s,a)
m(al|s) =
e/m otherwise
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Interestingly, the e-greedy policy still causes monotonic improvements as for any e-greedy policy 7, the e-greedy
policy w.r.t. Q™ fulfills the premise of the policy improvement theorem (Theorem 10):

T / T T 6/m +1—€ ifa= argmax, Qﬂ-(s’ (I)
Q" (s.7(5)) = 3. (a] )Q7(s,0) = 3 Q7 { m otherwise
acA acA

*

+ (1 - )maxQ"(s,a)

—
V=

@

acA

Q)+ -0 M G ) Y (] 9@7(s.0) = V()
acA acA acA

In step (x) we explicitly plugged in the policy 7’ using that its first case is applied exactly once for the maximum
of Q™ (s,a). Hence, we can pull it out of the sum. In step (1), we “inverse plugged in” an e-greedy policy using
the relations

m(als) —e/m _ e/m—e/m _0 m(als)—e/m e/m+1—e—e/m .
1—c¢ 1—e€ 1—c¢ 1—c¢
for the “maximum” a and all others, respectively. Note that this maximum is not w.r.t. Q7 (s, a) and hence the
sum over all actions must be less than or equal to the maximum value of Q7 (s, a). Finally, in step (1), we used
the definition of 7 and that Q™ (s, a) is its action-value function.
Using e-greedy exploration therefore gives monotonic improvement while not shutting canceling exploration
during policy evaluation!

GLIE Monte-Carlo

Definition 25 (Greedy in the Limit of Infinite Exploration (GLIE)). A policy = is greedy in the limit of infinite
exploration (GLIE) if all state-action pairs are explore infinitely many times,

lim N®(s,a) — oo,
k—o0

and the policy converges to a greedy policy,

lim 7 (a|s) = 1[a = argmaxQ(k)(s,a’)].
k—oco a’€ A

Here k is the policy iteration index.
GLIE MC achieves this by choosing ¢, = 1/k and m = e-greedy. We then also have the following theorem.

Theorem 13 (Convergence of GLIE Monte-Carlo). GLIE MC converges to the optimal action-value function.

7.1.2. TD-Learning: SARSA

We already saw in chapter 6 that TD learning has several advantages over MC, namely lower variance, online
capabilities, and learning from incomplete sequences. So a natural idea is to replace MC with TD in the
control loop, i.e., applying TD to the action-value function using e-greedy policy improvement. In SARSA (for
“state, action, reward, state, action”), we use the policy’s proposed action during the TD update, i.e.,

Q(st,ar) = Q(se,ar) + i1 +YQ(se41, ar1) — Qs ar)),

where as1 ~ 7%(- | s¢,1) is sampled from a policy derived from @ (indicated by the superscript). Hence,
SARSA is an on-policy algorithm. The pseudocode is depicted in algorithm 7. If we choose the step sizes «
wisely, we also have convergence guarantees!
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Theorem 14 (Convergence of SARSA). If the policies (s, a) constitute a GLIE sequence and the step sizes oy
constitute a Robbins-Monro sequence, i.e., > oo oy = oo and Y 1o, i < oo, SARSA converges to the optimal
action-value function.

Algorithm 7: SARSA
Input: environment
Output: (optimal) action-value function
1 initialize @) arbitrarily except Q(terminal,-) =0

2 repeat

3 initialize s

4 | choose a ~ w9(-|s)

5 while s is not terminal do

6 take action a, observe reward r and next state s’
7 choose a’ ~ 79(-| ')

8 d—r+9Q(s,d)—Q(s,a)

9 Q(s,a) + Q(s,a) +ad
10 5+ s
11 a<+a

12 until converged
13 return )

Eligibility Traces and SARSA()\)

Similar to TD(A) (section 6.2), could use the n-step return Jt(") in the SARSA update,

Q(St, CLt) < Q(St, Cbt) + O((Jt(n) — Q(St, at)).

We can again generalize this to the \-return J} with exponential decay. However, we have the same disadvan-
tage with this forward-view as before: now we need complete sequences to calculate the TD target! Hence, we
instead use the equivalent backward-view and eligibility traces for state-action pairs,

zi(s,a) = YAzi—1(s,a) + 1[s = s, a = ayl,

kicking the recursion off with z_(s,a) = 0.

Example

7.2. Off-Policy Methods

While on-policy methods are great and often exhibit convergence guarantees, they have a major flaw:
exploration has to be built into the policy, for instance using e-greed. Off-policy methods, on the other
hand, learn about a target policy 7(a | s) while following a behavioral policy ¢(a | s). We can directly transfer
this approach to a variety of tasks such as learning directly from a human or other agents, re-use experience
of old policies, explore while learning an optimal policy, or learning multiple policies while following a single.
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Algorithm 8: SARSA())

Input: environment

Output: (optimal) action-value function
1 initialize @ arbitrarily except Q(terminal,-) =0
2 repeat

3 z(s,a) + Oforalls e Sanda € A
4 initialize s

5 | choose a~ m@(-|s)

6 while s is not terminal do

7 take action a, observe reward r and next state s’
8 choose a’ ~ w9(-| ')

9 d—r+7Q(s,d)—Q(s,a)
10 2(s,a) + z(s,a) + 1
11 foreach 5 € S do

12 Q(s,a) < Q(s,a) + adz(s,a)
13 z(s,a) < yAz(s,a)
14 s+ s
15 a+d

16 until converged
17 return @)

7.2.1. Monte-Carlo

The core concept for off-policy MC is importance sampling (subsection 2.2.3). Hence, we update the return .J;
sampled from a behavioral policy ¢ by the importance sampling corrections,

gr/a _ matlse) mas | se1) - mlar|sT)
t

~oqla]se)  qlae]se) q(ar | sr)

Note that we only need to correct using the policy distributions even though the return distribution contains
factors of the state dynamics. However, these are the same for both policies so they cancel in the importance
sampling weights. We then update the action-value towards this corrected return:

Q(st,ar) + Qlsp,ar) + a(J7 = Q(si, ar)).

While this allows off-policy MC, importance sampling can dramatically increase the variance even further!
Also, it is not possible to sample actions for which ¢ is zero but 7 is non-zero.

7.2.2. TD and Q-Learning

Similar to off-policy MC, we can also use importance sampling in TD learning by weighing the TD error
accordingly:

m(at | st)

Visy) + V(sy) + apsdy.
q(8t|at) ( t) ( t) POt

Pt =

Compared to MC, the TD has much lower variance and the policies only need to be similar over a single step,
hence the risk of ¢ ~ 0 is reduced. But we can do better and mitigate the use of importance sampling at all!
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In Q-learning, we update the action-value towards the value of an alternative action,

Q(st,ar) < Q(st,ar) + a(rep1 +Q(sp,a') — Q(se, ay)), (7.1)

where a; ~ ¢(-| s¢) is sampled from the behavioral policy and a’ ~ (- | s;4+1) is sampled from another policy.
With a greedy = and, for instance, an e-greedy ¢, the Q-learning target simplifies to

rer1 + 7Q(st41,a") = 11 + ¥Q (141, arg max e 4 Q(se41,a’)) = rep1 +ymaxgea Q(ser1,a’)
which we can directly plug into (7.1) yielding the following update rule:
Q(s,a) + Q(s,t) + a(re1 + ymaxgea Q(si+1,a") — Q(s¢, ar)) (7.2)
The algorithm is summarized in algorithm 9. For convergence, we have again a nice guarantee:

Theorem 15 (Convergence of Q-Learning). Q-learning converges to the optimal action value function.

Algorithm 9: Q-Learning
Input: environment
Output: (optimal) action-value function
1 initialize @ arbitrarily except Q(terminal,-) =0

2 repeat

3 initialize s

4 while s is not terminal do

5 take action a ~ q?(- | s), observe reward r and next state s’
6 d + r+ymaxgeq Q(s',d') — Q(s,a)

7 Q(s,a) + Q(s,a) +ad

8 s« s

9 until converged
10 return @)

Example

7.3. Remarks

Both SARSA and Q-learning are great algorithms on their own, but of course have some differences. While
SARSA is an on-policy TD algorithm, Q-learning is off-policy. Also, if ¢ # 0, SARSA performs better online, but
for ¢ — 0, both converge to the optimal solution. Note that for a true online application, constant exploration
(and therefore ¢ # 0) can be necessary! Table 7.1 shows the relationship between DP and TD.

7.4. Wrap-Up

* differences of on- and off-policy learning

* relationship between model-free control and generalized PI
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Full Backup (Dynamic Programming) \ Sample Backup (Temporal Differences)

Iterative Policy Evaluation

TD Learning

V(s)  Eq [R(s, a) +~vV(s') | s] V(st) & rer1 + YV (se41)
Q-Policy Iteration SARSA
Q(s,a) + R(s,a) + VEs a0 [Q(Sla a’) } S, a] Q(st,ar) & Ter1 +YQ(St41, Ary1)
Q-Value Iteration Q-Learning

Q(s,a) < R(s,a) + VEy [maxyea Q(s',d') | s] | Q(sy,a0) € rig1 +ymaxgea Q(si1,a)

Table 7.1.: Relationship Between Dynamic Programming and Temporal Difference Learning

sufficient conditions for an effective exploration strategy

how to use e-greedy for exploration

SARSA and its application in on-policy control

incorporation of A-returns in TD control

off-policy learning with importance sampling

off-policy control with Q-learning without importance sampling
relationship of the Bellman equations and the TD target

Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapters 5, 6, 7, and

12
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8. Function Approximation

So far, we considered only discrete (and finite) MDPs for which we were able to represent the value functions
as tables. However, most RL problems are not discrete and the state-action-space is continuous and infinite!
To handle these kinds of environments, we need to use function approximation for the value functions (and
also policies). As before, we split this chapter into on- and off-policy methods.

8.1. On-Policy Methods

For large state-spaces, it is infeasible to store or update V' (s) and (s, a) in a table. Hence, we use function
approximations

V(siw) ~ V(s) Q(s,a;w) = Q(s,a)

with weights w € R%. Common choices are linear regression, neural networks, regression trees, and Gaussian
processes. As the weights are far fewer than the states (otherwise the approximation would not make sense),
changing a weight affects the approximation of the value for all states and may even decrease the accuracy of
some. We measure the accuracy using the mean squared value error (MSVE)

VE(s;w) =Y u(s)[V(s) — Vs;w)]?
seS

where (s) > 0, Y s u(s) = 1 weighs the importance of the states. For on-policy methods, p(s) is the
“fraction of time” spent in state s following 7, i.e.,

1 T
p(s) = Tiﬂz 1[s¢ = s].
t=0

8.1.1. Stochastic Gradient Descent

Assuming the real value function V' (s) is known, we can find suitable parameters w for a differentiable V (s; w)
by stochastic gradient descent (SGD). For each time step ¢t = 0, 1,. .., we can then locally update the weights
using the update rule

Wi < Wy — 104Vw [V(St) - V(3§ w)]Q‘ = w; + Oé[V(St) - V(SS wt)]vwv(st; w)‘

2 w=w;

wew; (8.1)
where « > 0 is the learning rate. Note that we update the value function for each step in the trajectory, hence
we use a “time” index here. For a proper decay of the learning rate, this is guaranteed to converge to a local
optimum. However, we usually do not have access to the real value function—this is why we ultimately need
learning!
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8.1.2. Gradient Monte-Carlo

As we usually do not have access to the real value function, we replace its appearance in (8.1) with an arbitrary
value estimate U;:
Wi < W+ [Ut — V(S, wt)] VwV(St, ’lU)’

w=w¢

If U, is an unbiased estimate of V (s;), i.e., E[U;] = V(s;), then convergence is guaranteed for a proper
a-decay. One suitable estimate is the MC estimate J; = Zgzt 1 7*7 "y, for which E[J;] = V(s;) holds by
definition of V(s;)!. This approach is summarized in algorithm 10. When using a linear function approximator
V(s,w) = w'¢(s) with features ¢(s), the gradient becomes especially simple: V.,V (s:; w) = ¢(s).

Algorithm 10: Gradient Monte-Carlo

Input: policy 7, differentiable approximator V with parameters w
Output: estimated parameters w

1 initialize w arbitrarily

2 repeat

3 (S0;71,81;72,82; .. .;T7—1, ST—1;TT) < generate episode

4 foreach¢=10,1,...,7 do

5 Jp ZZ:H—l ’yk_t_lrk

6 w <+ w+afV(s) — V(s; w)] VoV (s w)|

w=w
7 until convergence
8 return w

8.1.3. Semi-Gradient Methods

In chapter chapter 6, we saw that MC methods are not the only way for estimating V' and indeed, we could
also use DP or bootstrapped TD targets, allowing step-based updates and learning from incomplete episodes.
The DP and n-step TD targets are:

t+n
U= Eat+175t+l [R(Sta a) —+ ’YV(St-H; w)] Ui = Z ’Vkitil"”k + ’an(st—i-n; w)
k=t+1

Note, however, that the targets themselves depend on w! As we just ignore this dependence, the result
algorithms are called semi-gradient TD methods. Using a linear approximator V (s, w) = w' ¢(s) with features

!Note that this expectation holds for a specific , but E[J;] = V(s) does not hold, hence every-visit MC prediction is biased but
gradient MC is not.
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¢(s), the update rule of semi-gradient TD(0) becomes

et et arean 7V (se1iwe) = V(s we) | VoV (s w)|

w=wy

=w; + o :Tt—',-l +yw{ P(s141) — wj¢(5t)] o(st)

=w; + o :Tt-i—ld)(st) +yw, d(se41)P(st) — ’wjﬁf’(st)@b(st)}

Dw+ afra@(sn) + 165009 (511w — B(s0)¢ (s0)w)

T

=w; +a :Tt-i—l(,b(st) + &(st) (v (st41) — P(s1)) wt]
=w; + o :Tt+1¢(5t) — @(st) (@(st) — ’Y¢(St+1))th]

where (%) is due to v{vy v3 = V3V]vy.
~

scalar

Algorithm 11: Semi-Gradient TD(0)

Input: policy 7, differentiable approximator V with parameters w
Output: estimated parameters w
1 initialize w arbitrarily

2 repeat

3 initialize s

4 | while s is not terminal do

5 take action a ~ 7(- | s), observe reward r and next state s’
6 §—r+V(sw)— V(s;w)

7 W w+ adV, V(s w)‘w:w

8 s« s

9 until convergence
10 return w

8.1.4. Semi-Gradient SARSA

Similar to semi-gradient TD(0), we can also approximate the action-value function instead of the state-value
function using SARSA. The one-step SARSA update is then
Wil < wy +afrgn + YQ(st41, a; we) — Q(sy, as; wy)| VwQ(st, as; ’w)lw:wt-

The complete algorithm is summarized in algorithm 12

8.2. Off-Policy Methods

Of course, we can apply function approximation not only in on-, but also in off-policy methods. For instance,
we can apply importance sampling to get off-policy TD(0):

P(ar | st)

Wi ¢ Wi+ ap Ve Q(se, as; w)|
q(at| st)

Pt = w=w;
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Algorithm 12: Semi-Gradient SARSA

Input: policy 7, differentiable approximator () with parameters w
Output: estimated parameters w
1 initialize w arbitrarily

2 repeat

3 initialize s

4 | choosea~ m9(-|s)

5 while true do

6 take action a ~ 7(- | s), observe reward r and next state s’
7 if s’ is terminal then

8 | break

9 choose o’ ~ w9(-| ') 5(—7‘4—’)/@(8,,(1,;’(0)—@(5,0,;11))
10 w — w+ aéVwQ(st, ag; w)‘w:m
11 5¢ s
12 a+d

13 until convergence
14 return w

with, for instance, d; = r411 + yf/(stﬂ; w) — V(st; wy).
While off-policy methods might allow better exploration, they have a major flaw: updating the value function
on-policy is important for convergence. Hence, off-policy methods with approximations can diverge!

Example

8.3. The Deadly Triad

In fact, we have a lot of instability in methods that are based on the following elements: function approximation,
bootstrapping, and off-policy training. However, we need everyone of these! Function approximation to scale,
bootstrapping for data efficiency, and off-policy training for heterogeneous experience.

8.4. Offline Methods

So far, we only looked at online methods, i.e., methods that only use the current transitions and which can be
applied “on the job.” Offline or batch methods, on the other hand, can use data (transitions and trajectories)
that was collected previously.

8.4.1. Least-Squares TD and Least-Squares PI

When using linear function approximation, semi-gradient methods are guaranteed to converge to a point near
a local optimum. Let w be that solution, then it satisfies the fixed point equation

W =W+ a(b— Aw) (8.2)
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with b == ry19(s;) and A = ¢(s;) (P(s;) — ’yqb(St_i_]_))T. Hence, the fixed point is % = A~'b and the MSVE
at the fixed point is bounded by

_ 1 S
VE(s,w) < —— min VE(s, w).
1—7v w
If we directly finds the fixed point by solving (8.2), we arrive at least-squares TD (LSTD), an offline variant of
semi-gradient TD(0). Given a set of transitions, LSTD first compute the weight matrix and vector,

t—1 i1
A= o(s1) (bsx) —1(sk41))" b= Ti1e(sk),
k=0 k=0

and then solves then computes the fixed point using w; = (At +el ) 71& where ¢ is a small regularization
constant.

Least-squares policy iteration (LSPI) extends the idea of LSTD to learning the action-value function, forming
LSTDQ and combines it with greedy policy improvement. A sketch is shown in algorithm 13.

Algorithm 13: Least-Squares Policy Iteration

Input: transition data set D = (s;, a;, 73, s}) fil
Output: action-value function ) and policy =

1 initialize 7 arbitrarily

2 repeat

3 Q « LSTDQ(D, )

4 7(s) - argmax,c 4 Q(s,a) forall s € S

5 until convergence

6 return ), ™

8.4.2. Fitted Q-Iteration

Another approach to offline RL is fitted Q-iteration. Given a data set of transitions, it solves a sequence of
regression problems to find the action-value function. For regression trees and kernel averaging, there are
also some stability guarantees. A sketch of the algorithm is given in algorithm 14.

Algorithm 14: Fitted Q-Iteration

Input: transition data set D = (s;, a;, 73, s}) Z-]\Ll, regressor Q
Output: action-value function @

1 initialize Q(®) arbitrarily

2 k+0

3 repeat

4 T+ <5i, a;, Ti +ymaxgecA Q(k)(sg, a)>i]i1 // build training dataset
5 | QU+ « freshly trained regressor using 7~

6 k+—k+1

7 until convergence

8 return Q(°)
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8.5.

Wrap-Up

continuous problems in RL

the need for function approximation

usage of function approximation in RL

consequences of function approximation

challenged of off-policy training with function approximation

Additional reading material:

— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapters 9, 10, and 11
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9. Policy Search

So far, we always learned/estimated a value function and extracted a policy from it. However, why bother to
learn a value function and not directly learn a policy which is what we are actually interested in? This is the
idea of policy search. Given a MDP, policy search can be formalized as an explicit optimization problem over
the expected reward,
m* = argmax E,[J(7)] = argmax T, (9.1
s N’ T

J(m)=

where J(7) is the cumulative discounted reward for a trajectory 7 and the expectation is w.r.t. the initial state
distribution, state dynamics, and policy. Policy search has some major advantages:

* obviously, no need to learn a value function which might be difficult
* we can encode domain knowledge into the policy
* the policy may be initialized with other methods (e.g., with a (suboptimal) result from imitation learning)

* we do not have to solve a maximization problem when executing the policy (i.e., there is no need to
maximize the value function)

Of course, we also have some downsides such as no guarantees of convergence to the optimum (but instead to
a local optima) and that it is pretty inefficient as policy search depends on MC rollouts in the environment.
Hence, the methods usually exhibit high variance in the resulting policies. Figure 9.1 shows a comparison of
value-based methods vs. policy search vs. actor-critic.

As policy search can be applied to both discrete and continuous control actions, we will confine ourselves
to the discussion of a discrete set of continuous control variables, i.e., a vector! a = (a1, as, ..., ay). Like
before, exploration is crucial! For continuous variables, the most common option is to use a Gaussian action
distribution g (a | s) = N(a| 1e(s), Se(s)) where the mean and covariance matrix are given by a (usually
learnable) state-dependent function approximator with parameters 6. This can, for instance, be a NN. For
discrete actions, choosing an exploration strategy like a Boltzmann policy (see subsection 7.1.1) is usually a
good choice. In fact, we will also confine ourselves to parametric policies, i.e., policies mg with parameters 0
that govern our search space. We can then re-frame the optimization problem (9.1) as

7* = argmax J(mg) = argmax J(0)
(o, } 0

That is, we optimize our objective just w.r.t. the policy’s parameters . We will now go over to a general
discussion of policy gradient methods which we will focus on in this chapter.

!Note that even though a is a vector now, we will stick to the lightface notation for consistency.
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(a) Value-Based (Critic-Only) (b) Policy Search (Actor-Only) (c) Actor-Critic

 explicit value function * no value function * explicit value function

¢ implicit policy  explicit policy * explicit policy

Figure 9.1.: Value-Based vs. Policy Search vs. Actor-Critic

9.1. Policy Gradient

In policy gradient (PG) methods, we maximize the objective [7(8) directly by taking its gradient w.r.t. the
policy parameters 6, the so-called policy gradient V9.7 (). algorithm 15 shows a (very rough) prescription on
how this works.

Algorithm 15: Policy Search using Policy Gradient

Input: environment, differential policy 7y with parameters 0
Output: optimized policy =
1 initialize @ arbitrarily
2 repeat
// Collect data and perform gradient update.
3 D < generate rollouts using g
4 VJ(0) < compute gradient using D
5 0+ 60+aVeT(0)
6 until convergence
7 return 7y ()

9.1.1. Computing the Gradient

The most pressing question of PG methods is how we actually compute the gradient as it goes through
an expectation. The naive approach are finite differences, i.e., approximating the derivative w.r.t. the i-th

component by
1

;&j(e) ~ - (T(6+ ee) —T(0))
with the i-th unit vector e; and a sufficiently small e. However, this black-box approach has an extremely high
variance, is computationally inefficient, and scaled bad in the number of parameters. Also, exploration is
performed on a parameter level rather than on policy level (as we vary parameters).

Least-Squares-Based Finite Differences

A more practical approach to using the finite difference gradient is least-squares-based finite difference (LSFD).
Instead of component-wise estimation, we evaluate the policy NV times for small but arbitrary perturbations
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{8611} | and once for the unperturbed 8. With
sJ = (6 + 861y — J(8),
we can find a gradient estimate by solving
ViPI(0) = (60760) 16076 (9.2)

where 6© = (661,501, . .. ,60[N})T and 0J = (6JM 578 ., cS,][N])T collect the perturbations in the
parameters and the return.

Proof. For a differentiable 7 (0), we have its Taylor expansion

J(8) = T (80) + (VeT(8)) 66 + 0(56?)

around 6. With §.7(0) := J(0) — J(68p) and by dropping the higher terms, we get an estimate of the gradient
by solving
57(6) = (VoT(6))' 6.

However, as we can not compute the left-hand-side directly, we replace it with its MC estimate §.J[7):
5J(0)) = (Vo7 (6)) 661,
Stacking up the equations for all : = 1,2, ..., N, we arrive at the over-determined system of linear equations,
8J = (Vo J(0)) 80.

Solving this system by least squares yields (9.2). O

Likelihood-Ratio Trick

As the LSFD gradient still has high variance and is inexact. But we can do better: using the likelihood-ratio
trick (subsection 2.2.5), we can compute the gradient of a MC estimate of 7 (6) exactly!
By the Markov property, the probability p(7 | @) of a trajectory T can be decomposed into

T-1

p(710) = u(s0) ] P(sera|se,a0) malar | s0) (9.3)
t=0

where «(sp) is the initial state distribution. With this distribution, we can rewrite V.7 (0) as
VoT(0) =Vg /J(T) p(T|0)dr = /J(T) Vop(r|0)dr (9.4)

where we can swap the limits under some mild conditions. By the log-ratio trick, we have Vgp(r|0) =
p(7]0)Velogp(r|0) and (9.4) simplifies to an expectation over the gradient of the log-likelihood,

VoJ(0) = /J(T) Vop(r|0)dr = /p(TIG) J(1) Vglogp(r|8)dr = E.[J(1) Vglogp(T|0)].  (9.5)
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And this expectation can be estimated by sampling! Hence, we just have to compute Vg logp(7 | €). With the
decomposition (9.3), we can apply logarithm rules

T-1 T—1
log <L(80) H P(si41 ] st,a1) mo(at | st)> = log t(so) + Z log P(s¢41 | st,at) + logme(as | st)
t=0 t=0

S

= log mg(as | s¢) + constg
t

I
=)

and everything except for the log-policy (which we model explicitly) is constant w.r.t. ! Hence, we can
compute the gradient in closed form if we choose 7 wisely and have

T-1
Vologp(r|68) = > Vglogme(ar|s). (9.6)

t=0

This is the simplest likelihood-ratio estimator we can imagine.

9.1.2. REINFORCE and Baselines

We already saw the simple policy gradient (9.6). If we combine this with the MC estimate of (9.5), we arrive
at the REINFORCE gradient estimator:

T;—1 ] ) )
VRFJ -N Z [( Z Vg logme (al[fZ] |3F])> J(TM)] .

t=0

While this estimator is nice, simple, and unbiased, but it has very high variance! In fact, a specific estimate
is pretty useless and causes divergence pretty quickly. However, we can introduce a baseline to reduce the
variance. Let b be the baseline with as many entries as the gradient (i.e., the vectors are of same length).
Then we have the REINFORCE policy gradient with baseline,

T;—1

1
Vi) = ~ Z} [( Y Vologm(a| 8,5)) (1 - b)] : 9.7)

where the © denotes element-wise multiplication and 1 is the one-vector. While this baseline does not affect
the bias as its expectation vanishes,

ET[b@Vglng(T|0)] = /p(T|0)b@V910gp(T|0)dT: b@/p(T|0)Vglogp(T|0)dT:b®020,

it still reduces the variance. In each iteration, we can also find an optimal baseline.

Theorem 16 (REINFORCE Optimal Baseline). The optimal baseline for the REINFORCE gradient (9.7) is

b = arg min Var, [V?FJ(G)} = (9.8)
b

with v, == 3.} Vglogmg(as | s;) where division and exponentiation are element-wise and V3¥T () refers to
the “MC target” of (9.7).
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Proof. The variance of the estimator decomposes as

Var, [W] =E; [(VEFJ(B)) 1 - (ET [VORFJ(G)} ) 2

where the second term is invariant w.r.t. b by design (the baseline does not effect the expectation of the
estimator and therefore it is unbiased for every baseline). Hence, the gradient w.r.t. b reduces to

Y}, Var, [V,,RFJ(Q)} —E. [vb(ngJ(a)ﬂ x E. [(vbv(,RFj(e)) © V,,RFJ(Q)} (9.9)

where we swapped the limits? and used the chain rule. We can now take the derivative of Vi 7(6) w.r.t. b:

T—-1 T—-1
V,VEF7(6) = V) [(Z Vo log me(ar | st)> © (J(m - b)] =S Vologma(a|s).

t=0 t=0

Plugging this result back into (9.9) yields

Vy Var, [Vg" 7 (0)] o« E, :(VbVEFJ(H))VRFJ ET[ Z Vo log g (ay | 8,5)) ® VSFJ(O)]

T-1 —1
—E, (Z Vo logmg(ay | st)> © ( Vg logme(a | 8t)> © (J(T)l - b)

t=0

T— 2 T—1 2 7 '
=E, ( velogm,(at\st)> J(T)] —ET!<ZV910g7rg(at]st)> obl =0

t=0 t=0

using the linearity of the expectation. Rearranging the terms then yields (9.8) as the optimal baseline. [

The whole process for calculating the gradient is summarized in algorithm 16 including the MC estimation
of the optimal baseline.

Algorithm 16: REINFORCE Gradient Estimation with Optimal Baseline

Input: transition dataset D, differentiable policy 7y with parameters 0
Output: policy gradient V§¥.7(8)

1 ol Z Vg logmg (a,[ﬂ ‘sy])
t=0
N - (olil)2 jli]
2 b« ZZZ}V(% // compute the optimal baseline
it (v[”)
3 Var7(o Z ol o ( —b) // estimate the policy gradient

4 return V¥ 7(6 )

2Take a course on measure theory if you want mathematical rigor!
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Example

9.1.3. GPOMDP

Even though a baseline reduces the variance of the REINFORCE gradient estimate, it still has fairly high
variance as the returns are extremely noisy (remember from the MC methods that they are composed of a lot of
random variables). We can further reduce the variance by not considering the total return J(7) = ZtT:_Ol Vi
but instead observing that returns from the past do not depend on actions in the future, i.e.,

E[Vglogmg(as | si)rii1] =0 Vk <t

Plugging this result into (9.7) with a time-dependent baseline yields the GPOMDP?® gradient

T-1 k
V$PT(6) =E, Z Z Vologmg(as|st) © (7Frii1l — by)
k=0 t=0

with its optimal baseline

E, [0 7ris] k
bk‘ - ]ET [/U?_’k] vT,k‘ = ; V9 log 71'0((1/,5 | St)‘

The derivation of this baseline is analogous to the REINFORCE case. The approach is summarized in algo-
rithm 17.

Algorithm 17: GPOMDP
Input: transition dataset D, differential policy g with parameters 6
Output: policy gradient VG¥ 7(0)
k

1 v,[j] +— ng log g (al[tﬂ |S£i])

t=0

. N (o [iN2 k,.li]
2 bg] +— Lis 1(% ) T 1 // compute the optimal baseline

ZN (v [z])
=1
Ly ol © (ykyl

G ) % . . .

s VSP7(0 - ZZ ; (v"rpi 1 —by) // estimate the policy gradient

4 return V5T 7(0)

9.2. Natural Policy Gradient

So far, the gradient methods assumes that the optimization space is Euclidean. However, as we only modify the
parameters of a probability distribution, distances between two parameter vectors are not preserved! That is,
measuring the distance between parameters gives us close to no information about the distribution’s distance.
One idea is to use the Kullback-Leibler (KL) divergence of two distributions, but the KL is not symmetric and

3“GPOMDP” stands for “gradient of partially observable MDP (POMDP)” as this approach was first applied for POMDPs.
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thus not a metric and therefore difficult to use in optimization problems (also, it is hard to compute). Instead
we can use the Fisher information matrix (FIM)

Fy = Var, [Vg logpg(T)] = Var,

T
Z Ve logmg(a | st)]

t=0
as a second-order approximation of the KL divergence for small perturbations 60 of the parameters, i.e.,
KL (potso(T) || po(T)) ~ 60" Fpd6.

The core idea of the natural PG is to update the policy under a KL constraint . For a given “vanilla” update
86VG, we find the natural gradient update §@NC by solving the following optimization problem:

80NC = arg max 60'60VC
o6 (9.10)
st. 80'Fpd0 < ¢

Using Lagrangian multipliers, we find the solution of this optimization problem to be

S0NC  F,166VC

with the optimal learning rate a(e) = \/ e/ (50VG)TF9_ lsoVva,
Proof. We first reformulate the inequality constraint as ¢ — 68" Fd0 > 0. Then the Lagrangian of (9.10) is
L=-80"60VC — i(c — 00" Fpd0) (9.11)

with the Lagrangian multiplier i and a flipped sign in the objective to apply the Karush-Kuhn-Tucker (KKT)
conditions for a minimization problem. Setting the gradient w.r.t. §6 to zero then yields the optimal search
direction:

Vool = —66VC +2uFp00 =0 — 66— 21HF6,_150VG. (9.12)

By plugging this result back into (9.11), we get the dual

G= —;u (66VC) Fy166VE — pe + 41u (66VC) F, ' FyF, 166VC
S (66VC) Fy166VC — pic + L (66V€)'F, 166VC
2u 0 m 0

1 T
= —pe — @(JBVG) F,156VC.

Now compute the derivative of the dual w.r.t. the Lagrangian multiplier and set it to zero:

T—1
99 L soVa\T 1 5oVG ! \/(50VG) Fy 66V
— =—c+— (40 F, 66" = = .
Plugging this result back into (9.12), we get the new search direction,
so_ _ g 00Y¢ £ 1 egVG
g,/ @OYSIE, 56 (66VC) Fyl0vVe e —
de V5©I(0)
a(e)
where a(e) is the learning rate and V}“.7(8) is the natural PG. O
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With this approach, we find policy updates that are independent of the policy’s parametrization and we
actually take steps in the policy space rather than parameter space. Note, however, that the approximation
using the FIM is only valid for small perturbations! Also note that the natural gradient (NG) is not a completely
new approach, but rather an extension that can be used to improve the previous methods.

9.3. The Policy Gradient Theorem

Definition 26 (Occupancy Measure). Let p™(s) be the occupancy measure under policy T,

0
= Z'ytp<st - S’ﬂ-)v
t=0

where the discount factor v can be viewed as the termination probability.

Remark 7. The occupancy measure is not a proper probability distribution as it is not normalized:

- 1
/ ds-/Z’yPst—s]ﬂds Z’y/ st:s\w)ds:Z'yt:ﬁ;«él
t=0

Rather; it can be seen as the (expected) number of visits of a state s within a trajectory.

Definition 27 (Discounted State Distribution). The discounted state distribution

d"(s) == (1 —)p"(s)
is the normalized occupancy measure and thus a proper probability distribution.

Theorem 17 (Policy Gradient Theorem). For any MDP we can compute the PG as

Vo7 (®) = [ 57(5) [ (Vomo(a] )@ (s.)dads

using the occupancy measure and action-value function.

Proof. We first write the objective [7(0) in terms of the action-value function,

j(e) = ET ['](T)] = ]ESONL [Vﬂ-e (30)] = ESONL,(ZQNTI'Q(- | s0) [Qﬂe (307 aO)] ) (913)
and can therefore compute the gradient as
ng(@) = VOESONL,a0~ﬂ9(~ | s0) [Qﬂ-s (307 aO)] (914)

= VG/S/A[’(SO)T((GO‘SO) Qﬂ-e(S(),a()) dao dso

(*:)/S/AL(SO)VG [71-((10 ‘ SO) Qﬂ—e(So,ao)] dao dSO

:/S/AL(SO)[(VOW(CLO|SO))QW9(SO’GO)+ﬂ-(a0’80)(V9Q7T9(507a0))]dCLodSo

—// L(SO)(Vm(ao\so))Qﬂg(so,ao)dagdsoJr// L(s0)7(ao | 50) (VoQ™ (so, ap)) dag dso
s7A sJa ’

~~

(#)

*Again, rigor is for measure theory.
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where we can exchange the limits in («) due to an application of some theorem from measure theory and
in the last step we used the linearity of integration. We will now focus in the derivative of the action-value
function w.r.t. the policy parameters. Using the Bellman expectation equation (3.3), we can write V@™ in
terms of the value function V™ gradient:

VeQ™ (s0,a0) = Vg [R(So, ao) +vEs, [V™ (s1) | 50, ao]]
=V [R(so,ao) + ’y/SP(sl | s0,a0)V™(s1) dsl}
= ’Y/SP(Sl | s0,a0) VoV (s1)dsq . (9.15)
Analogous to (9.13) and (9.14), we can decompose the state-value function:

VOVWG(Sl) (;) Vg /Aﬂ'g(al | 81) Qﬁe(sl, a1) da1

) /A[(ero(cu |51))Q™ (s1,a1) + (a1 | s1)(VeQ™ (s1,a1))] day

—~

< /A [(V"W”(al [51)) Q" (s1,a1) + 7/8779(611 | s1)P(s2]s1,a1)(VaV™(s2)) dsa| dag

= / (Veﬂe(al | 51))@”(517 ar)day + ’7/ / mo(ay|s1)P(s2]s1, al)(VQVﬂ—B(SQ)) dss daq
A AJS

where in step (x) we rewrote the action-value function, in step (1) we pushed the gradient into the integral,
and in step () we applied the Bellman expectation equation (3.3) analogous to (9.15). We can now plug
these results into (#):

:// L(s0)m(ao | 50)(VeQ™ (s0, ag)) dag dsg
SJA

_// t(so)m(ao | so) (7/P(sl\so,ao) VgV’T"(sl)dﬁ) dag dsg
SJA S

:’y// /L(so)w(aolso)P(sl\so,ao) VoV (s1)dsy dagdsg (9.16)
SJAJS

— V/S/A/Sb(so)ﬂ'(ao | s0)P(s1] S0, a0) (/A(ere(al | 81))Q7r9(51,a1) day

+ v /A/ mo(ay | s1)P(s2]s1, al)(VQV”" (52)) dso dal) dsy dag dsg
S

:W/S/ /L(SO)F((IO’SO)P(Sl‘SO,ao)/ (Voro(a1 | 51))Q (1, a1) day ds, dag dso

+ ///// m(ao | s0)P(s1 | s0,a0)me(ar | s1)

82 ‘ S1, al) (VgVTre (82)) d82 da1 d81 da() dS(] .
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We can now continue inserting VoV ™ an infinite number of times and with the abbreviation

P(s = so|mg) = (s0)

P(s=s1|mg) = /A/SL(SO)Wg(ao | s0)P(s1 | s0,a0) dso dag

t—1
P(s=si|mg) = / / t(so) H 7o (ak | sk)P(Sk+1 | Sk, ax) dsg day, (9.17)
At J S k=0

where A' and S! are the t-times Cartesian product, we can write the policy gradient as
Vo7 (6) = [ [ tls0)(Vor(a | 0)) Q" (. o) daadlso + (#)
= /SP(S = 50|7T0)/A(V07T(a0|50))QW9(80,a0)da0 dso
+ v/SP(s = s1|mg) /A(er(al 151)) Q7 (s1,a1) da ds;
g /S P(s = 55| ) /A (Vom(an | 52))Q™ (53, az) daz ds»

P / P(s = s3] 7o) / (Vorm(as| 53)) Q™ (53, a3) das dss
S A

= Z’yt/ P(S = St ’7['9)/ (ng)(at ’ St))Qﬂ-e (St, at) dat dSt .
t=0 /S A
Note that we have to show this equivalence. First, let
{ng(@)}n = nyt/ P(s = s|mg) /A(erg(at | st))Q”" (st,ar) day ds;
=0 /S

+ At / P(s=sp+1 |7r9)(V9V7r"(sn+1)) dspa1 (9.18)
S

(%)

be the policy gradient we get after when terminating after n expansion. We want to show that {V¢.7(6) }n =
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Vo J(0) for all n € Ny. We show the equivalence by induction. For n = 0, we have

0
{ng(@)}o = tz:;vt /S P(s=s¢|mg) /A(Vgﬂ'g(at | st))Q”" (s¢, ar) day dsy

+ ’Y/SP(S =9 |7r9)(V9V7r9(51)) dsq
= / P(s=s¢|mg) / (Vgﬂ'g(at | 30))Q”9 (s0,ap) dag dsg
S A
+ 'y/SP(s — 51| 7)(VoV™(s1)) dsy
= / L(So)/ (Voma(ar | s0)) Q™ (s0, ao) dag dsg
S A
+ i /S /_A /S L(So)ﬂ'g(ao | So)P(Sl | S0, ao)(VOVﬂ" (81)) dSO dao d81

which exactly equals (9.16) combined with (9.14). This finishes the induction base. We now have to prove
the induction step n — n + 1. Assume that the equivalence holds for some n. We can then explicitly expand
the last term of the sum, (%) in (9.18), obtaining

() =7 [ Pls = 50011 70) (T0V ™ (5040) di

— ,ynJrl /S P(S = Sp+1 ‘ 7T9) (/A(VOWO(an—H ’ sn+1))Q7re (3n+17an+1) dan+1

+ /A /s 70(ant1| 5n11) P(Snt2 | Snt1, ang1) (VoV ™ (8n12)) dsnyo dan+1> dsnt1

= 4"t / P(s = spt1| Wo)/ (Vomo(anti|sn+1)) Q™ (snt1, ant1) dags1 dsnia
S A

+’V"+2// /P(SZsn+1|7fe)770(an+1|5"+1)
SJAJS

P(spi2 | sn41,0n41)(VoV™ (5p12)) dspra daniy dspin

= At /SP(s = Spi1| 7o) /A(VGWH(CLW,—H | $50+1)) Q™ (8041, @nt1) dap i1 dspia
+ 7"""2 / P(s = spt2]| 7T9)(V9V7T9 (Sn+2)) dsn+2
S

where we split the integral by linearity and then applied (9.17). Plugging this result back into (9.18), we
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obtain the induction step

Vo (0) ={VeJ(0)},

=3 [ Pls=silma) [ (Vamolar |50)@™ (s1,00) dar s
=0 S A
4 4"l /S P(s = 5n41|m9)(VoV™ (5p11)) dspi1

=30 [Pt sl [ (Vomato 0@ o)t

SEPVAR / P(s = spi1 !ﬂe)/ (Vom0 (nst | $n41)) Q™ (Sni1, ans1) danss dsoir
S A

+ V"H/ P(s = sni2|m0)(VoV™ (sn12)) dspio
s

n+1
— nyt/ P(s = s¢| 7T9)/ (Vomo(ar | st)) Q™ (st, ar) day dsq
1—0 S A
+ ’Y(nH)H /S P(s = S(n4+1)+1 ’WO)(VOVWB(S(nJrl)Jrl)) ds(n+1)+1
= {Voj(a)}nJrl
Hence, {VoJ(0)}, = VJ(0) holds for all n € Ny.

In the limit n — oo, we can therefore drop the correction term (%) and obtain

VoJ(0) = ;yt /S P(s=s¢|mg) /A(ngg(at |5¢)) Q™ (s, ar) day ds; .

By swapping limits, plugging in the occupancy measure and relabeling s; — s and a; — a, we obtain

VoJ(0) = Z'ytP(s = st | 7o) /A(erg(at | 5¢)) Q™ (s¢, ar) dag dsy

S =0

:/Pﬂe(st)/(Veﬂe(at|5t))Qﬂ9(St7at) day dsg
S A
:/p”e(s)/(nge(a\s))Q“*’(s,a)dads.

S A

This is exactly the result of the policy gradient theorem.

Remark 8. Using the discounted state distribution d™ (s) and the log-ratio trick, we can rewrite the PG as

VoJ(0) = 1i7 § d™e(s) /AQ”G (s,a) Vgmg(a|s)dads
- d”"(s)/ mo(a|s) Q™ (s,a) Vglogmg(als)dads
L=7Js A
1

=1 = VEsNdwe(.),aNﬂe(.B) [Q™ (s, a) Vglogmg(a|s)]

< Eggmo () ammg(-1s) [Q (s,0) Vg logma(a] s)]

and we can readily apply MC-based techniques if we know the true action-value function.

(9.19)
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Note how nicely the PG theorem connects policy search and gradient estimation with value functions.
However, we need the action-value function to compute the gradient. If we estimate it using MC methods, the
calculation is equivalent to GPOMDP (subsection 9.1.3). If we estimate the value function using TD learning
(which is much more robust than MC), we finally arrive at actor-critic methods which are the current state of
the art (SOTA) in RL.

9.3.1. Compatible Function Approximation

While using the value function reduces the variance of the PG estimate, now the gradient is biased! A solution
is to only use compatible approximators.

Definition 28 (Compatible Function Approximation). A value function approximation Qu(s,a) is compatible
to the policy mg if V,Qu(s,a) = Vglogmg(a|s) forall s € Sand a € A.

Theorem 18 (Compatible Function Approximation Theorem). If Q, is a compatible to g and the value function

parameters w minimize the mean squared error (MSE)

w = argmin E gmo () anmg(-|s) [(Q“’(S, a) — Qu (s, a))z],

w
then the policy gradient estimate using Q,, is unbiased.

Proof. Let € be the MSE
€= Boaro () ammg(ls) | (Q(5:0) = Qu(s,0))’]
then its gradient w.r.t. w is
Ve = 2By iro () aor (o) [(Q7(5,0) = Qu(5,0)) Ve (Q7 (5,0) — Qu (5, 0))]
= 2B, 7o () ammo (5) [ (R (5, @) — Qu(s,0)) VeuQu (s, a)]
= 2B, 7o () amma (5) [ (R (5, @) — Qu(s,a)) Vg log mg(al )]

where the last equality is due to the assumption of (., being compatible to my. As w minimizes ¢, Ve = 0
holds. Hence,

IEs~d7"9(-),afv7r.9(~|s) [Qﬂ—e (s,a)Vglogmg(al S)] = ESNd"B( -),a~vme (- [Qw(s a)Velogme(a | )}
and the gradient estimate is unbiased. O

We can write the compatible function approximation (CFA) as a linear combination of the policy log-gradient,

~

Qu(s,a) = (Vg log g (a | s))Tw.
Plugging the CFA into (9.19) yields
VG T (0) = Egwdro () ammp(|s) Q™ (5,a) Vg log ma(a s)]
= Eyamo () ammg (1) [ (Vo log T (a )) w (Vglogma(a|s))]
= Egwamo (), amme(- [(Vg log mg(a )) (Vg log g (a | s))q w = Fyw

where the expectation is equal to the FIM as the second component of the variance, the expectation-square,
vanishes as the expectation over Vg log mg(a | s) is zero (see (2.1)).
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9.3.2. Episodic Natural Actor-Critic

Definition 29 (Advantage Function). The advantage function for a policy = is
A" (s,a) = Q" (s,a) — V™ (s)
and measures how good an action «a is compared to the policy’s behavior.

Obviously, the advantage function has zero mean w.r.t. to the policy =:
Eor[A7(5,0)] = Eaur [Q7(s,a) — VT (5)] = Eqnr [Q7(s,a)] = V7 (s) =V7(s) = V™(s) =0

Episodic natural actor-critic (eNAC) combines the idea of CFA with NG but estimates the advantage function
rather than the action-value function®,

A(s,a) = (Vologmg(al a))Tw,
as it usually has lower variance. As the CFA and NG gradient are given by
VA Tp = Fow V56T = Fy'VoJe.

Hence, the eNAC gradient is simply
VENACJQ = FJIFgw = w.

However, we still have to compute w! For this, we also need an approximation of the value function for the
initial state. If the initial state does not change, this is just a constant and if it does, we choose a linear
approximation V,(s) = ¢'(s)v using some features ¢(s) of the state s. Now we can write

T—
J(7) = Vi(s0) Z w(st, 1) (9.20)
t=0

which is a linear equation in terms of v and w as we know J(7) from sampling. For a set of trajectories
1N . . .
{TM }Z.Zl, we can formulate (9.20) as a matrix-vector linear equation

i-of]
v
with
J(711) ()’
g J(TO[Q]) T — (”b[.Q])T WPl = [Ziﬁl 7'V 10%}7@ (aE“ | Sz[:ﬂ)
: : ¢(30 )
J (V) (¢[N1)T

As this system is linear and overdetermined, we can evaluate w and v using least squares. Note that this is
an episodic algorithm as the calculation of .J(7) requires a complete episode. algorithm 18 summarizes this
approach.

Note that this is still a CFA its expectation vanishes.
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Algorithm 18: Episodic Natural Actor-Critic
Input: transition dataset D, differential policy g with parameters 6
Output: policy gradient V{VAC 7 ()
// Compute the state features for the value function.
Ti—1 iyl
1l >ito 7'Ve 10%}“9 (ar[:] ‘31[51)
o(s;')
// Fit the advantage and value function (for the initial state).
2 T [J(N) J(ER) ()
3 W [(pll) () - (V)]

4 [‘;’] — (Tw) ey

5 return w

9.4. Wrap-Up

* difference between value-based, policy search, and actor-critic methods
* importance of exploration in policy search
* Gaussian policies for continuous control

 approaches for policy gradient
— finite difference gradient (black-box RL)
— REINFORCE and the importance of the baseline
— GPOMDP and the fact that rewards from the past do not depend on actions in the future

* Fisher information matrix and natural gradient

* policy gradient theorem and connection between value-based, policy search, and actor-critic
* compatible function approximation

* how eNAC combines CFA and NG

* Additional reading material:
— Book: “Introduction to Reinforcement Learning” (Sutton and Barto, 2018), Chapters 13

— Paper: “A Survey on Policy Search for Robotics” (Deisenroth, Neumann, and Peters, 2013), Chapters
1to2.4.1
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10. Deep Value-Function Methods

So far, we only discussed RL methods relying on classical non-deep ML, even though it is theoretically possible
to plug in a NN function approximator into, for instance, SARSA. However, as we will see in this chapter,
employing NNs requires a bunch of tricks and hacks to make them working. While this might be annoying, it
allows us to bring RL to high-dimensional problems and even learning from images! In this chapter we focus
on value-based deep RL and the next chapter (chapter 11) covers actor-critic methods.

10.1. Deep Q-Learning: DQN

In deep Q-learning, we approximate the action-value function using a NN, i.e., Qw(s, a) =~ Q™ (s,a). Hence,
this methods is also called the deep Q-network (DQN). In tabular Q-learning (7.2), we just set the new
action-value to a new estimate. Of course, this is not possible when the action-value function is a NN and we
therefore instead minimize the expected squared TD error,

L) = B | (r+ 7 max Qu(s', ) = Quls,0)’],

where the expectation is over a dataset D of trajectories. With this approach, we have a variety of problems:

1. loss contains bootstrapping, is off-policy, and of course works with function approximation; this is the
deadly triad (section 8.3)

2. offline dataset D is assumed to be unavailable due to the problem’s complexity; we can therefore not
use offline algorithms, e.g., fitted Q-iteration

3. data has to be collected online, but training NNs is online RL can lead to catastrophic forgetting

Type ‘ Name Tackled Issue Approach

= Replay Buffer distribution shift reuse old transitions
‘é Target Network instability use a target network for the TD error

g Minibatch Updates inefficiency sample small minibatch
= Reward-Clipping unstable optimization clip the reward

. Double DQN overestimation max. over target, evaluate with current
;5 Prioritized Replay Buffer sample inefficiency bias sampling towards large TD error
& Dueling DQN recovering V and A explicitly split NN output into V' and A
5 | Noisy DON exploration add noisy linear layers

Distributional DQN stochastic rewards model return distribution, not expectation

Table 10.1.; Essential Tricks and Enhancements for DQN
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We now go over some established methods for tackling these problems and making DQN work in the first place.
The complete deep Q-learning with all essential tricks (Table 10.1) employed is summarized in algorithm 19.
While DQN is extremely powerful, it comes at high cost! Learning requires many samples, the algorithm is
highly sensitive to hyperparameter tuning (e.g., the learning rate), and computation times are enormous.

Algorithm 19: Deep Q-Learning using Deep Q-Network

Input: environment; differential approximator ) with parameters w
Output: estimated parameters w

initialize replay buffer D to capacity NV

initialize parameters w appropriately

initialize target parameters w’ + w

repeat

initialize s

while s is not terminal do

// Execute the policy.

take action a ~ e-greedy(@w), observe reward r and next state s’
store transition (s, a, r, ') in D

// Sample a minibatch of transitions from the replay buffer.

9 (si,a4,75,50M, ~ D

// Compute TD targets.

N U1 A W N =

T if s/ is terminal
10 Yi < A ;. .
ri +ymaxyea Qu (s},a’) otherwise
// Perform the optimization.
11 perform gradient descent step on (y; — Qu(si, ai))2 W.It. w
12 every C steps, update target w’ < w

13 until convergence
14 return w

10.1.1. Replay Buffer

Instead of using just the current data, we collect individual transitions in a replay buffer (with finite capacity).
Due to off-policy updates, we can re-use transitions from the buffer. This reduces the negative impacts of the
distribution shift, i.e., the change of the data distribution as our policy changes.

10.1.2. Target Network

Instead of directly updating the policy’s NN in every step, we keep a copy w’ of the policy network w, the
target network, for computing the TD error:

— A (s q) — A 2
‘C(w) - E(s,a,r,s’)ND |:(T +7£€1§i‘(@w (S ’a) Qw(saa)) i|

Periodically (e.g., every C steps), we copy the parameters w — w' to the target network. This avoids some
instability induced by the function approximation as the TD target does not change as frequent as before.
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10.1.3. Minibatch Updates

Instead of using all transitions stored in the replay buffer, we only use a subset (a minibatch) for computing
the loss. This improves efficiency compared to training on all transitions. Also, random samples are closer to
fulfilling the i.i.d.-property assumed by SGD compared to the temporally correlated trajectories.

10.1.4. Reward- and Target-Clipping

Instead of using the “real” reward, we clip the values between [—1, 1]. This also clips the TD error,
r+ ymax Qu(s, a') — Q(s,a) € [~1,1],
a'eA

at it turns out to be sufficient to use the Huber loss instead of the quadratic loss. This improves the stability of
the optimization as values stay reasonably small.

10.1.5. Examples

10.2. DQN Enhancements

Even though DQN is already powerful as is, it still has some flaws we want to and are able to overcome. In this
section we discuss some of these flaws and approaches to fixing them. All enhancements are also summarized
in Table 10.1.

10.2.1. Overestimation and Double Deep Q-Learning

In DQN, we have the following loss:
‘C’(e) = E(s,a,r,s’)wD [(T +7 glgi Qw’ (5/7 a/) - Qw(sv a))2} :

However, it is known that the use of the maximum operator leads to overestimation of the action-value. This is
not necessarily bad (as at least all state-action-pairs get overestimated), but can cause suboptimal performance
in highly stochastic environments. We can fight this problem using the idea of double Q-learning. Instead of
maximizing over Q. (s, a’), we find the action that maximizes the online policy Q.,(s',a’) and evaluate it
using the target value function:

‘C(a) = E(s,a,r,s’)ND [(7' + ’YQw’ (5/7 arg H}L‘ax Qw(sla a/)) - Qw(37 a))z} .
a'e

Notice that the parameters of the action-value functions being used for maximization are different! We call
this approach double DQN (DDQN).

10.2.2. Prioritized Replay Buffer

The replay buffer might become extremely big, but it is not reasonable to assume that every transition conveys
equal amounts of information! Instead, transitions resulting in a high TD error are more informative. An
approach to tackle this is to weigh the samples using the TD error such that the probability of the i-th sample
is

. j2
P(i) = S
k Pk
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where p; = || + € with a small € to avoid degenerate cases and a regularization « of the prioritization (where
a = 0 equals uniform sampling). However, altering the sampling like this introduces a bias in the loss estimate.
Hence, we have to correct the bias using important sampling weights

= (7).

where N is the total number of data points and 3 regulates the strength of the importance sampling (where
g = 1 fully compensates the bias). For stability reasons, the weights are also normalized by 1/ max; w;. In
practice, the coefficient is usually annealed from g, < 1 to 1.

10.2.3. Dueling DQN

It may be helpful from time to time to recover the state-value and advantage from the action-value function.
However, given a () = V + A, we cannot recover the latter. The idea of dueling DQN is to split the output of
the Q-network into two streams, Vwﬂ and flw,a, i.e., a network with two regression heads parameterized by
3 and a, respectively. However, instead of just adding up the two outputs to get the action-value, dueling
DQON uses

Qu.apla,s) =V a(s) + (Auals,a) — max Ap a(s,a"))
a’' e

forcing maXge A Qw,a,ﬁ(sv a) = Vw,ﬁ(s)'

10.2.4. Noisy DQN

Usually, exploration is performed directly on policy level using a e-greedy policy. That is, we perturb the
action given an action-value function. However, we can also achieve exploration by perturbing the action-value
function directly by adding noise variables ¢ to the NN’s layers. Optimization of the parameters is then w.r.t.
the expected loss over the noise ¢.

For instance, we can make a linear layer y = Wa + b with ¢ € R?, y,b € R?, and W € RY*P noisy using

g = (Mw +ow ©ew)z + (1 + 03 O &)

where My, € R7”*P, gy € R7*P, u;, € RY, and X, € R? are learnable parameters and ey ~ N(O, I) € R7*P
and g, ~ N(0,I) € R? are noise variables. In practice, we only make the last layer noisy.

10.2.5. Distributional/Categorical DQN

So far, we have always estimated the action-value function directly. That is, we estimate the expected return
starting from s with a:
Q™ (s,a) =E[J;| st = s,a; = a.

The idea of distributional DQN is to not find a point estimate, but to model the whole return distribution
directly'. For this, let Z™ (s, a) be the distributional value function. To this end, we also consider the reward
R(s,a) to be a distribution over rewards. To reason about how the distributional value transitions, let P™ be
the transition operator such that

(P™Z7)(s,a) 2 27(5,d)

!Note that we do not model the epistemic uncertainty of our model, but the intrinsic aleatoric uncertainty of the environment!
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with s’ ~ P(-|s,a) and @’ ~ 7(-|s"). Also, we define the distributional Bellman operator T such that
(T™Z™)(s,a) 2 R(s,a) + vP"Z" (s, a). (10.1)

Notice that we have three sources of randomness here: the reward, the transition, and the next state-value
distribution.

In practice, we approximate the distributional value function by discretizing the return space into K so-called
atoms. These atoms z; := Vi, + 1Az with Az = (Vipax — Viin)/(IV — 1) are equidistant across the return
space. For each atom z;, its probability is given by

exp fuw.i(s,a)
K
> i1 €xXP fu,j(s,a)

where f, (s, a) is the i-th entry of a function approximator f,, which we want to learn. Hence, we can now
write the categorical value distribution approximation Z,(s,a) ~ Z™ (s, a) as

pi(87 a) =

Zu(s,0) = [pr(s.a) pals,a) - pr(s.a)] .

While we can now explicitly compute thq update (10.1), we have a problem: the update shifts the support
of our distribution such that 7" 7, and Z,, have close to disjoint support. Hence, we apply a projection ®
to project the distribution back to the original support. The projection has the following effect (on the i-th

component),
K

. liple (T2;) — 2
(@07 Zu(s,), = 3 i (1 [l ) - ‘)ms',w(s'»,

Az
=1

where we define the effect of the Bellman operator to an atom as Tz = r + vz. Here, « is greedy w.r.t. E[Z,]
and (s, a,r,s') are from a sampled transition. We also define the clipping operation

clip? : R — [a,b] : 2 — max{a, min{b, z} }

to clip any value to [a, b]. To find new parameters wyy, we now minimize the KL divergence between the
next and current value function distribution:

whew = argmin KL(®T Z(s,a) | Zu(s,a)).
wl
Again, this is w.r.t. a sampled transition (s, a,r, s’). As we used a categorical approximation, this algorithm

is also called categorical DQN. For more details on it, see the original paper “A Distributional Perspective on
Reinforcement Learning” (Bellemare et al., 2017), especially sections 3.3 and 4.

10.2.6. Rainbow

Rainbow DQN just throws every of the previous methods,

* double and dueling DQN for fighting the estimation bias,
* prioritized replay buffer for sample-efficiency,
* noise DON for exploration, and

* and distributional DQN for dealing with uncertain returns,

into one algorithm and uses them all. This is possible as luckily, all these methods are compatible. With a
correct implementation, rainbow is extremely powerful, although hard to implement. Additionally, rainbow
uses the n-step return to estimate the action-value function. See Figure 10.1 for a comparison of rainbow to
each method alone.
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Figure 10.1.: Median performance of Rainbow DQN across 57 Atari games; Taken from “Rainbow: Combin-
ing Improvements in Deep Reinforcement Learning” (Hessel et al., 2018).

10.3. Other DQN-Based Exploration Techniques

In this section we explore some other techniques based on DQN, mainly to improve exploration.

10.3.1. Count-Based Exploration

Some environment such as jump-n-run games are simply too difficult to be solved. Some reasons for this are
sparse rewards (i.e., you only rarely get any reward such as at the end of the episode), complex dynamics,
and a high probability of failures (such that it is hard to success by chance). One approach for tackling this
problem is to alter the extrinsic (environmental) rewards Rex (s, a) by adding an intrinsic rewards Rin(s,a):

Riot(s,a) = Rext(s,a) + Rint(s, a).

In order to guide the agent towards exploration, we increase the intrinsic reward in places the agent has
visited only a few times,

Rint(s,a) = B(N(s) + 0.01) /%,

where N(s) is the number of times s was visited and § is a hyper-parameter. We call the idea of exploring
where we are uncertain optimism in the face of uncertainty and the concrete approach count-based exploration.
While this approach is straightforward for discrete state-spaces, we cannot just count occurrences in continuous
spaces. Instead, we have to define some notion of similarity (usually found using unsupervised learning like
clustering, kernel density estimation (KDE), auto-encoders, etc.) and count similar states. These counts are
then pseudo-counts.
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10.3.2. Curiosity-Driven Exploration

In curiosity-driven exploration, we also add an intrinsic reward Ry (s, a), but we use a notion of curiosity and
want to explore where the knowledge of our model is bad. We hypothesize that states are more interesting if
the distance of the predicted next state to the actual next state is large. Hence, we use the intrinsic reward

Rini(s,0) = 3]|6(5) = (')

where §' is the predicted and s’ is the actual next state and 7 is a hyper-parameter.

10.3.3. Empowerment-Driven Exploration

Empowerment-driven exploration is also an intrinsic reward approach depending on how much power we have
on the environment in some state, i.e., how much effect the actions have

10.3.4. Ensemble-Driven Exploration

Instead of learning a single action-value function, in ensemble-driven exploration we train multiple value
functions as an ensemble. The ensemble itself is usually implemented by as single NN with x regression heads.
During training, each head is trained with different samples where the samples are chosen according to some
masking distribution and the value function for acting in the environment is chosen once per trajectory. The
corresponding algorithm is called bootstrapped DQN.

10.4. Wrap-Up

* curse of dimensionality and its effect in RL

* deep learning in RL for handling high-dimensional problems

» problems of deep RL and some techniques addressing them

* the DON algorithm and how to set up experiments with it

* enhancing DQN by improving function approximation and sample usage

* improving key problems of RL, e.g., exploration, by combining deep learning techniques and DQN

* Additional reading material:
— Paper: “Playing Atari with Deep Reinforcement Learning” (Mnih et al., 2013)
— Paper: “Deep Reinforcement Learning with Double Q-Learning” (Hasselt et al., 2016)

— Paper: “A Distributional Perspective on Reinforcement Learning” (Bellemare et al., 2017)

Paper: “Curiosity-Driven Exploration by Self-Supervised Prediction” (Pathak et al., 2017)
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11. Deep Actor-Critic

In this chapter we move from “just” value-function methods to the SOTA of deep RL: deep actor-critic methods.
These methods explicitly model both a policy (the “actor”) and the value function (the “critic”), cf. Figure 9.1.
Of course, our models are only approximate, so the policy gradient estimate will be biased and we will replace
the true objective 7 (0) with a surrogate object8ive £(0) that is easier to compute. As this surrogate objective
is a central concept, we will start our discussion of actor-critic methods with it.

Before, we have to clarify some nomenclature: while in TD learning the difference between on- and off-policy
algorithms is whether the samples come from the actual policy or a behavioral policy, respectively, in deep
actor-critic methods we use these terms differently. On-policy methods updates the policy only with samples
from the previous policy while off-policy methods use a replay buffer (note that as long as the policy does not
change “much,” we still reuse old samples in on-policy methods). We broaden this distinction as with the TD
definition, almost all deep actor-critic methods would be “on-policy.”

11.1. Surrogate Loss/Objective

We start our discussion of deep actor-critic methods with the important surrogate objective. First, why do we
need the surrogate objective in the first place? According to the policy gradient theorem (PGT) (Theorem 17),
the PG is an expectation under the discounted state distribution (27) induced by the policy 7. The discounted
state distributions implies that we have a probability 1 —~ of terminating a sequence at every transition; hence,
we waste a lot of samples! An alternative is to use the undiscounted distribution and discount the gradient, but
this just causes later gradients to be very small. Also, this approach is very difficult to implement in off-policy
settings (where we sample from a replay buffer). In deep actor-critic, we trade off the mathematical rigor of
optimizing the “correct” objective for performance and instead use a surrogate objective.

Theorem 19 (Kakade-Langford-Lemma). Let 7 and q be arbitrary policies, then J () can be expressed as

J(m) =T(q) +Eren

Z’YtAq(St, at)] (11.D

t=0
where AY is the advantage function w.r.t. ¢ and d™ is the discounted state distribution w.r.t. .

Proof. By the definition of the advantage and action-value function, we can write

A(st,a1) = Q¥(st,ar) — VU(st, ar) = By, [R(st,a1) + 9V (se51) — V(st)].
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hence, we can rewrite the expectation in (11.1) as follows:

ETNW [Z PYtAq(stv at)] = ETNﬂ' Z ’Yt (R(Stv a‘t) + Pyvq(st-i-l) - Vq(st))]

t=0 Lt=0
=Erer| Y 'R(st.00)| +Errr [Z ¥ (VU s141) — vq<st>)]
Lt=0 t=0

= ETNT( Z ’YtR(Sta at)
Lt=0

+Err [Z YV (s011) =2 V(se)
=0

By definition, the left expectation equals 7 (7). Comparing with (11.1), what remains to be shown is that the
right expectation equals —7(q):

ETNﬂ' Zwt+1vq(8t+1) - fytvq(st)
t=0

=Esynt [Vq(SO)] = _j(Q)'

=Eror [Z 'Vtvq(st) - Z'ytvq(st)
t=1 t=0

With this result and by plugging everything back in, we get the Kakade-Langford-lemma. O

Let g and ¢ be arbitrary policies, then we can apply the Kakade-Langford-lemma (Theorem 19) and write
the objective as

> A AY(st,a)

t=0

J(mg) = T(q) + Ernr = T (q) + Eguaro () amme(-| 5 [A%(s, )]

where we swapped the limits of expectation and sum. Note that this is still equivalent to the original objective,
but with a baseline policy ¢. As already discussed, it is difficult of computing the gradient of this objective
as it contains d"®. Instead, we replace d™ with the discounted state distribution w.r.t. ¢, d?. This yields the
surrogate objective:

Ly(76) = T (@) + Egndga() amme(- | 5) [AY (5, a)]

Notice that this objective is consistent in the sense that if ¢ = 7y, the surrogate objective and true objective
are equivalent and so are their gradients. As J(q) is constant w.r.t. 8, we often use the following surrogate
objective:

L(me) = Egao()anme(-|5) [A7(5, a)].

Also, we approximate the advantage function A(s,a) ~ A(s, a). We select ¢ to be the previous policy T, and mg
to be the policy we are currently optimizing, i.e., taking the gradient w.r.t. its parameter 6. Additionally, most
of the algorithms we discuss introduce another approximation by not using the discounted state distribution
d? but using the undiscounted one, u4.

11.2. Advantage Actor-Critic (A2C)

Advantage actor-critic (A2C) is the simplest deep actor-critic methods and just uses MC estimates of the value
and advantage function. Subsequently;, it just follows the gradient of the surrogate loss,

VoL(0) = Egogaamrg(-|5)[(Vologma(als))A(s, a)],
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where we use the log-ratio trick again. By replacing the d? with «? and just computing the expectation by
sampling transitions, we arrive at the A2C objective

N
1 ) . N )
VoLlp(0) = N E (Ve log g (aM \ s[’]))A(s[’], a[’]).
i=1

This estimator is similar to the PGT estimate (9.19), but are sampling from the undiscounted state distribution.
A2C is summarized in algorithm 20.

Algorithm 20: Advantage Actor-Critic (A2C)

Input: ordered transition dataset D = (s;, a;, , s,)~_, ; differentiable approximators g and V., with
parameters 6 and w

1
Output: optimized parameters € and w
// Compute Monte-Carlo advantage.

2 (next < V(SN)

3 foreachi=N,N —1,...,1do

4 if s; is terminal then

5 L Qnext < T

6 else

L Gnext < Ti + Yqnext

V'(8i) = Gnext

B A(Si, ai) — V/(Si) — Vw(si)

10 w < fit value function V,, using D and V'
// Optimize surrogate objective.

11 L(0) = % Z(s,a,.,)eb logmg(a|s)A(s,a)

12 6 + maximize £(0) w.r.t. 6

13 return 0, w

11.3. On-Policy Methods

In this section we discuss a variety of on-policy methods which, in the deep actor-critic sense, are on-policy as
they do not use a replay buffer.

11.3.1. Trust-Region Policy Optimization (TRPO)

In trust-region actor-critic (TRPO), we essentially use the NG but optimize the policy only in a “trust region”
around the old policy where we are sure to have enough information. This idea is formalized in the following
optimization problem:
0" = argmax L(0)
0
s.t. Eswus [KL(g(a ] s) Hﬂ'g(a |s))] <e
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where we use the importance sampling surrogate objective

£(8) = E, oy [7;"(2“’ '8‘;) Al(s, a)] .

Remember that ¢ is the policy of the previous iteration and 7y is the policy we are currently optimizing. With
this approach, we get an off-policy objective, but on-policy data. The advantage is estimated using generalized
advantage estimation (GAE)

[ee]
ACAEN (5, qy) = 2(7)‘)6‘%%
=0
with the TD error 6} = ry + 7V (st21) — V(s¢).
To implement TRPO, we perform a few simplifications to make the problem tractable, assuming mg« ~ ¢:
1. approximate the KL divergence with the FIM
2. compute the NG V3¢ = F,'VqL,

3. use line search to find the optimal step size along the NG direction

However, as the FIM is high-dimensional and inverting it is not tractable for large NNs with millions of
parameters, we reformulate the calculation of the NG as a linear system Fp V" = VL. Subsequently, we
can use conjugate gradient (CG) to solve this system efficiently.

Nevertheless, computing the FIM explicitly is still costly. Instead, we can use automatic differentiation to
efficiently compute Fisher-vector products Fyx directly without computing the FIM. We do this using the
definition of the FIM and “push in” the multiplication with «:

Fox = (V@V@ KL(T('g/ || 7['9)).’13 = VGVH(KL(T('@/ ” 7[-0);1;)_

With automatic differentiation, this yields an efficient way of calculating Fypx.
The whole algorithm is summarized in algorithm 21.

Algorithm 21: Trust-Region Policy Optimization

Input: sufficiently on-policy transition dataset D = (s;, a;, 74, s5)¥,, policy approximator g, value
approximator V,,,, previous policy ¢
Output: optimized parameters € and w
1 V', A < compute using GAE of D using V,

N

L£(9) 1 Z MA(S, a) // compute surrogate objective
N ep tals)

b+« V§©L(0) //compute vanilla gradient

d< Fy s // compute with CG and Fisher-vector product

0 < line search in direction d w.r.t. objective £(0) and constraint KL(q || )

w <« fit value function using D and V'’

return 0, w

N O G~ W

71



11.3.2. Proximal Policy Optimization (PPO)

Another trust-region-based approach is proximal policy optimization (PPO). In PPO, we include the constraint
present in TRPO into the objective by clipping the importance sampling weight:

e (molals) 5
chp+5< )A s,a)|.
Ugtals) )1
This clipping prevents policy updates that deviate too much from the sampling (previous) distribution ¢ and is
therefore an implicit formulation of the KL constraint. This approach is summarized in algorithm 22.

L(0) = E; gq

Algorithm 22: Proximal Policy Optimization

Input: sufficiently on-policy transition dataset D = (s;, a;, 74, s%)¥,, policy approximator g, value
approximator V,,, previous policy ¢
Output: optimized parameters 6 and w
1 V', A < compute using GAE of D using V,
2 w < fit value function using D and V'
3 for N+ 1,2,...,N do
4 | split D into M minibatches {B,,}*_, of size N
5 form «+ 1,2,...,M do
// Maximize surrogate objective.

6 LO) < % (var)eB cnpf;(ze(gal '53)) A(s,a)
7 6 + maximize £(0) w.r.t. 0, e.g., using Adam

8 return 0, w

11.4. Off-Policy Methods

In this section we discuss a variety of off-policy methods which, in the deep actor-critic sense, are off-policy as
they use a replay buffer.

11.4.1. Deep Deterministic Policy Gradient (DDPG)

The deep deterministic policy gradient (DDPG) is based on the deterministic PGT:

Theorem 20 (Deterministic Policy Gradient Theorem). Let pg : S — A be a deterministic policy. Then the
policy gradient can be computed as

VoJo x Esdre [(Vg,u,g(s))VaQ“@(s, a)‘a:ue(s)}
where d'e is the discounted state distribution w.r.t. jig.

For Gaussian policies, the deterministic PGT is a limit case of the PGT as 2 — 0. Similar results can be
found for other classes of policies.

However, the deterministic PGT assumes knowledge of the true action-value function which we do not have.
Hence, to develop a practical algorithm, we include the following tricks:
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* use a noisy policy to estimate Q™
— Gaussian noise
- truncated Gaussian noise to respect action limits

— Ornstein-Uhlenbeck process for correlated exploration

* then update the deterministic policy parameters using the deterministic PGT

¢ use replay memory and target networks (for both actor and critic) to improve stabili
play ry and target networks (for both act d critic) t P tability

The whole approach, including these tricks, is summarized in algorithm 23.

Algorithm 23: Deep Deterministic Policy Gradient (DDPG)

Input: transition dataset D = (s;, a;, 74, s5)¥,, policy approximator T4, action-value function Qg
Output: optimized target parameters 0, w

1 sample a minibatch B from D
// Compute action-value estimate from 5.

2 foreach (s,a,r,s') € B do

3 if s’ is terminal then
4 L (dnext — 0
5 else

L Qnext < QLZ: (8/7 Mé(sl))
7 Q'(s,a) < 7 + Yanext

8 w <« fit action-value function Q,, using D and Q’
// Maximize the surrogate objective.
9 L(8) ¢ 151 s, yen Qu (5, 10 (5))
10 6 + maximize £(0) w.r.t. 0, e.g., using Adam
// Mix target and current parameters.
16070+ (1—-1)0
12w Tw+(1-71w
13 return é, w

11.4.2. Twin Delayed DDPG (TD3)

Despite all tricks, the DDPG still has three major issues:
1. the action-value function is often overestimated which may lead to divergence

2. the gradient estimate might have high variance as the current value estimate might not have converged
to Qe

3. deterministic policies tend to overfit to peaks in the value function which are often due to poor estimates
rather than the environment

All of these issue arise from the action-value function being an estimate and not the true value function! Twin
Delayed DDPG (TD3) tackles these issues by adding some minor modifications to DDPG, namely:
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1. train two value functions and using their minimum (twin); tackles the overestimation
2. delay policy updates and only update after a fixed amount of steps (delayed); tackles gradient variance
3. add noise to compute the next value; tackles overfitting

The whole approach is summarized in algorithm 24.

Algorithm 24: Twin Delayed DDPG (TD3)
Input: transition dataset D = (s;, a;, 4, ) f\il, policy approximator 7y, action-value functions Qg,,
ie{0,1}
Output: optimized target parameters 0, w
1 sample a minibatch B from D
// Compute action-value estimate from .
2 foreach (s,a,r,s') € B do
if s’ is terminal then
L Gnext +~0

5 else

// Add noise and clip to match action bounds.
Onext < :ué(sl)

e ~ N(0,02)

Eclip clipirg: (¢)

Qnoisy <= @+ €clip

10 Qclip < Chpaiia: (anoisy)

O ®© N O

11 | Gnext < min Q&:,‘ (S/, aclip)

12 | Q/(Sa a’) —rt Yqnext

13 w « fit action-value functions Q,,,, i € {0,1} using D and @’
14 if policy update should take place then

// Maximize the surrogate objective.

15 ﬁ(o) — fé‘Z(sm.’,)eB Qwo (87/1’9(8))

16 0 < maximize £(6) w.r.t. 6, e.g., using Adam

17 else
// Do not change the policy parameters.
18 | 0« 6

// Mix target and current parameters.
19 0 70+ (1—1)0
20 W; %Twi—{—(l —T)L:Ji fori c {0,1}
21 return 0, &;, i € {0,1}

11.4.3. Soft Actor-Critic (SAC)

Opposed to DDPG (and TD3), soft actor-critic (SAC) uses a stochastic policy mg(a|s) with the following
objective:
J“0) =T (0) + aH]mg],
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where H(mg] = —Ey g6 () ammg(-| 5) [log mg(a | )] is the policy’s (expected) entropy and « is a hyper-parameter.
As this objective is very difficult to optimize, SAC uses the surrogate objective
Ea(g) = Eswuq,afwrg(~ | s) [Qﬂe(sa a) —alog 779(a ‘ S)] : (11.2)

This objective equals the expectation of the soft value function

Vo7crg (8) = anﬂ(- |'s) [QWG (81 CL) -G IOg o ((1 | S)]

under the undiscounted state distribution u4. But this surrogate objective is still an expectation w.r.t. the
actions (opposed to DDPG and TD3 where the action was deterministic and just “plugged in”)! Hence, its
gradient is hard to compute. Instead of using the usual log-ratio trick, SAC used the reparametrization trick
(see subsection 2.2.6) which exhibits less variance. Let gg(s; €) be the reparameterized policy, i.e., a = go(s;€),
with € ~ p(-) being the noise. We can then rewrite the objective (11.2) as

L (0) = ESNuq,a~W9(~ | s) [Qﬁe (57 a’) — alogmg (CL | 8)] = ESNU‘I,ENP [Qﬂ—e (57 90(5; 5)) — alogmg (99(8; 6) | S)}
(11.3)
and we can readily compute its gradient by applying the chain rule. So far, the objective (11.3) depends
on the hyper-parameter o which is very difficult to optimize. Instead, it would be easier to specify a target
entropy H and selecting o accordingly. Hence, SAC automatically tunes o by solving

o = argmin L(a) = By ya,amumg(-| s) [—alog mo(a|s) — aH].
(0%
Also, SAC used squashed Gaussian policies, i.e., the actions are pushed through a tanh after sampling to
ensure they lie in [—1,+41]. The mean and covariance of the Gaussian itself are the policy and are therefore
state-dependent.

11.5. Wrap-Up

* difficulties of the PGT in practice
* simplification in deep RL using surrogate objectives

* on-policy methods using samples from the current policy
— A2C, the simplest extension
— TRPO, optimizing the policy inside a trust-region

— PPO, a simpler way to the trust-region approach
* using CG for computing the NG in large NNs

* off-policy methods using a replay memory
— DDPG, using the deterministic PGT
- TD3, ensuring more robust gradient estimates by avoiding overfitting and overestimation

— SAC, extending the deterministic approach to stochastic policies using reparametrization

* Additional reading material:

— Paper: “Approximately Optimal Approximate Reinforcement Learning” (Kakade and Langford,
2002), Lemma 6.1
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Algorithm 25: Soft Actor-Critic (SAC)

Input: transition dataset D = (s;, a;, 7, s;) 1, policy approximator 7, action-value function Qg,,

ie{0,1}
Output: optimized target parameters 6, &;, i € {0,1}
1 sample a minibatch B from D
// Minimize the entropy objective.
2 L{a) =% > (s.ansyes —logmgals) — ol
3 « < minimize £(«a) wW.r.t. o
// Compute soft action-value estimate from 5.

4 foreach (s,a,r,s') € Bdo
5 if s’ is terminal then
L Qnext < 0
7 else
L a' ~me(-|s)
9 next < min; Qg, (s, a’) —logmg(a’ | s')
10 | Q'(s,a) < 7+ Yqnext

11 wj; < fit action-value functions Q,,,, i € {0,1} using D and @’
// Maximize the surrogate objective.
12 £(0) <0
13 foreach (s,a,r,s') € B do
// Use the reparametrization trick.
14 e~ p()
15 a' < go(s;e)
16 | L(0)« L(O)+ ﬁ(@wo(s, d) — alogmg(d|s))
17 0 < maximize £(0) w.r.t. 6
// Mix target and current parameters.
18 6 70+ (1—7)0
19 w; « Tw; + (1 —7)w;, i € {0,1}
20 return 0, &;, i € {0,1}
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Paper:
Paper:
Paper:
Paper:
Paper:
Paper:

“Asynchronous Methods for Deep Reinforcement Learning” (Mnih et al., 2016)

“Trust Region Policy Optimization” (Schulman et al., 2015)

“Proximal Policy Optimization Algorithms” (Schulman et al., 2017)

“Continuous Control with Deep Reinforcement Learning” (Lillicrap et al., 2015)
“Addressing Function Approximation Error in Actor-Critic Methods” (Fujimoto et al., 2018)

“Soft Actor-Critic Algorithms and Applications” (Haarnoja et al., 2018)
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12. Frontiers

In this chapter we go over some frontier, limits, and unsolved problems of RL. These are a great place to start
research!

12.1. Partial Observability

So far, all problems worked with full observable MDPs. That is, the state s of an environment was visible to the
agent at all times. In POMDPs, this is not the case and they are thus extremely hard! Instead, we can only
observe observable z € Z that depend on the actual state. The formal definition is:

Definition 30 (Partially Observable Markov Decision Process). A partially observable Markov decision process is
atuple (S, A, Z, P,Q, R, v,.) with the (finite) set of discrete-time states S; € S, n := |S]|, (finite) set of actions
Ay € A, (finite) set of observations Z; € Z, transition matrix P%, = P(s'|s,a), observation probabilities
Q¢ P(z|s,a), reward function R : S x A : (s,a) — R(s,a), discount factor v € [0, 1], and the initial state
distribution ¢; = P(Sp = ¢). We call r; = R(s;) the immediate reward at time step ¢.

Remark 9. A MDP is a POMDP with Z = S and P(z = s| s,a) = 1.

To handle POMDPs, a common approach are beliefs. For each state s, the agent computes and maintains a
belief b(s) which is the probability of being in state s. This belief is usually updated as

b(s") + nP(z| 5, a) Z P(s'|s,a)b(s)
seS
with
ni=-—=——- P(z]b,a) = Z P(z]5,a) ZP(S/ | s,a)b(s).
s'eS seS

Using belief states, we can transform a POMDP into a MDP and, for instance, solve it with the well-known
methods for MDPs.
In practice, POMDPs are solved in a variety of ways:

* Using observers to recover the state and solve the MDP

* Bayesian RL
“Bayesian Reinforcement Learning in Continuous POMDPs with Application to Robot Navigation” (Ross
et al., 2008)

* MC tree search, the partially observable MC planning (POMCP) approach
“Monte-Carlo Planning in Large POMDPs” (Silver and Veness, 2010)

* Recurrent NNs
“Deep Recurrent Q-Learning for Partially Observable MDPs” (Hausknecht and Stone, 2015)

?

For further reading on this topic, see “Planning and Acting in Partially Observable Stochastic Domains’
(Kaelbling et al., 1998).

78



12.2. Hierarchical Control

In a semi-Markov decision process (SMDP), the actions are temporally extended, i.e., taking an action a may
effect a (random) number of time steps rather than just the next. We model this in the MDP framework by
extending the transition probability to P(s’, N | s,a) which is the probability of reaching state s’ in N steps
after taking action « in state s and by extending the reward function to R(s,a, N) where N is the number of
time steps that occurred in the transition.

In hierarchical control we use an upper-level policy to select a coarse action and a lower-level policy to
execute it. This topic is extremely relevant in robotics where we often have real-time constraints. Some
frameworks for hierarchical control are:

* Max-Q

decomposes the original task into a task graph

root node is the original task

each node of the graph is a sub-task

sink nodes are atomic actions

each sub-task is defined by a sub-task policy

each sub-task defines a pseudo-reward function

* Hierarchy of Abstract Machines (HAM)

defines a set of stochastic finite state machines

each state machine evolves using its internal state and the MDP state

each machine can invoke other actions, take an atomic action, or make a stochastic choice

combining HAM and MDP induces an SMDP where the actions are the choice nodes

* Options

extend the MDP with temporally extended actions

agent may choose between an option or an atomic action

options taken induce an SMDP on the original MDP

opposed to Max-Q and HAM, this approach still yields optimal policies in the MDP

From all these approaches, the options framework is the widely used one. Its simplest version is using Markovian
options:

Definition 31 (Markovian Option). A Markovian option is a tuple (I, 7, 5) where I C § is input set, i.e., the
set of states where the option can be activated, 7 : S x A — R is a probabilistic policy over atomic actions,
and §: § — [0, 1] is the termination probability in each state.

We often assume that {s € S : 3(s) < 1} C I, i.e., we can start an option in all states where it can continue.
Options therefore only need to be defined on the input set. Primitive (atomic) actions a can also be modeled
as options with I = S, (s) = 1 for all s € S, and 7(s) = for all s € S. We can therefore define policies about
options that also include primitive actions. We can also define non-Markovian options where the termination
probability does not depend on the current state only!
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For options, we can develop similar algorithms as for classical MDPs. Let T, be the termination time step of
the option o, we have the option reward and option transition function

To—1 [e’s)
R(st,0) = Er, Z ’YtR(SHk,(ltJrk)] P(s'|s,0) = Z ’YTOP(S/,To)a
t=0 To=1

where P(s',T,) is the probability of reaching s’ in T, time steps following o. Similarly, we have the Bellman
optimality equations

VA(s) = max {R(s,o) +vEy [Vo(s') | s]}

OEOS
Qb (s,a) = R(s,0) +vEy [maxyco, Qo (s, 0) | 5]

where O, := {0 : s € I,} are the available options in state s. Using these equations, we can derive similar
algorithms to SARSA and Q-learning for options, but these algorithms will only update the option value
functions in the end and will not exploit intermediate information. With intra-option learning, we can update
the values for multiple options at every time step; see “Intra-Option Learning about Temporally Abstract
Actions” (Sutton et al., 1998).

For further reading on this topic, see:

* “Hierarchical Reinforcement Learning with the Max-Q Value Function Decomposition” (Dietterich, 2000)
* “Reinforcement Learning with Hierarchies of Machines” (Parr and Russel, 1997)

* “Between MDPs and Semi-MDPs: A Framework for Temporal Abstract in Reinforcement Learning”
(Sutton et al., 1999).

12.3. Markov Decision Processed Without Reward

In MDPs without rewards, no reward signal is provided to the agent and the agent cannot “simply” optimize
an objective function. Instead, the objective has to be defined differently. One option is to use an intrinsic
reward, of which we have seen some examples in section 10.3.

In inverse RL, we assume that the environment has a reward, but it is unknown. The task of the agent is
therefore to recover the original reward function from demonstrations. These demonstrations are assumed to
be optimal w.r.t. the original reward function, whatever it might be. Most approaches assume that the agent
has limited access to demo-trajectories, but may interact freely with the environment. However, inverse RL is
inherently ill-posed! A policy can be optimal for infinite distinct reward functions! In general, two reward
functions R and R’ are equivalent if R/(s,a,s’) = R(s,a,s’) + v¢(s') — ¢(s) for any ¢. Some solutions are
to use just linear approximations of R or to use the maximum-entropy framework where the optimal policy
is always proportional to exp (s, a). Hence, fixing the ambiguity can be done by introducing an “indirect”
relationship between the reward and the policy.

For further reading on these topics, see:

¢ Intrinsic Reward

- “Developmental Robotics, Optimal Artificial Curiosity, Creativity, Music, and the Fine Arts” (Schmid-
huber, 2006)

- “Empowerment: An Introduction” (Salge et al., 2014)

- “Unifying Count-Based Exploration and Intrinsic Motivation” (Bellemare et al., 2016)
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* Inverse RL
— “Apprenticeship Learning via Inverse Reinforcement Learning” (Abbeel and Ng, 2004)

- “Maximum Entropy Inverse Reinforcement Learning” (Ziebart et al., 2008)

12.4. Model-Based Reinforcement Learning

All of this course covered model-free RL (except for DP which uses a known model). In model-based RL. (MBRL),
we learn a model of the environment and its transitions. We can then use this model to efficiently solve the
task. Two (policy search) approaches for this are probabilistic inference for learning control (PILCO) and
guided policy search (GPS).

In order to apply planning methods, we still have to learn the model. Common approaches are:

¢ Maximum Likelihood Estimation

* Bayesian

— “Deep Reinforcement Learning in a Handful of Trials using Probabilistic Dynamics Models” (Chua
et al., 2018)

— “When to Trust Your Model: Model-Based Policy Optimization” (Janner, 2019)

* Decision-Aware Model Learning
— “Value-Aware Model Learning for Reinforcement Learning” (Fahramand et al., 2017)
“The Predictron: End-to-End Learning and Planning” (Silver et al., 2017)
— “Value Prediction Network” (Oh et al., 2017)
“Reinforcement Learning with Misspecified Model Classes” (Joseph et al., 2013)

¢ Distribution Mismatch
— “Self-Correcting Models for Model-Based Reinforcement Learning” (Talvitie, 2017)
— “Model Regularization for Stable Sample Rollouts” (Talvitie, 2014)

— “Improving Multi-Step Prediction of Learning Time Series Models” (Venkatraman et al, 2015)

12.5. Wrap-Up

* partial observability
— definition of POMDPs and belief states
— updating belief states

* hierarchical RL
— SMDPs
— the three hierarchical RL framework: MAX-Q, HAM, and options framework

— extension of (optimal) value functions to the options framework

* learning without reward

81



definition of an MDP without reward

intrinsic motivation and usefulness combined with standard RL

inverse RL and its basic scheme

why inverse RL is ill-posed

* MBRL
— how MBRL uses the model
— types of planners that can be used
- key issues of MBRL
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A. Self-Test Questions

A.1. Questions

A.1.1. Introduction

1. Why is RL crucial for AI?

2. Why are all other approaches probably doomed?
3. What are the basic characteristics of RL?

4. How can RL problems be classified?
5

. What are the core components of RL algorithms?

A.1.2. Markov Decision Processes

1. What is a MRP?
. What is a MDP?
. What is a value function and how to compute it?
. What is an optimal policy?

. What is the Bellman equation and how to compute it?

. What is the Bellman optimality equation?

2

3

4

5

6. What is the Bellman expectation equation?

7

8. RoLe: What is an MDP, a policy, a value function, a state-action value function?
9

. RoLe: What is the Bellman equation?

A.1.3. Dynamic Programming

1. What is DP?
2. How to compute optimal policies and value functions for environments with known dynamics?
3. How to approximate value functions with unknown dynamics?

4. What are the differences, advantages, and disadvantages of DP methods compared to MC and TD
methods?
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5.

RoLe: What is policy evaluation, policy improvement, PI, and VI?

6. RoLe: What are the main difference between PI vs. VI?

A.1.4. Monte-Carlo Methods

1.

2.

How to approximate value functions with unknown dynamics?

What are the differences, advantages, and disadvantages of MC methods compared to DP and TD
methods?

A.1.5. Temporal Difference Learning

1.

2.

N o Pk

What are eligibility traces?

How to compute TD(\)?

. What are the differences, advantages, and disadvantages of TD methods compared to DP and MC

methods?

RoLe: What is TD learning? How to derive it?

RoLe: What does on- and off-policy mean?

Sutton (6.11): Why is Q-learning considered an off-policy control method?

Sutton (6.12): Suppose action selection is greedy. Is Q-learning then exactly the same algorithm as
SARSA? Will they make exactly the same action selections and weight updates?

A.1.6. Tabular Reinforcement Learning

1.
2
3
4
5
6.
7
8
9

10.
11.

What is the difference between on- and off-policy learning?

. What is the relation of model-free control to generalized PI?
. What are the sufficient conditions for an effective exploration strategy?
. How can e-greedy be used for exploration?

. What is SARSA and how is it used to do on-policy control?

How to perform off-policy learning with importance sampling?

. How to perform off-policy learning with Q-learning without importance sampling?
. What are the relationships of the Bellman equations and the TD targets?

. RoLe: What is the difference between Q-learning and SARSA?

RoLe: When do value function methods work well?

Sutton (2.1): In e-greedy action selection, for the case of two actions and ¢ = 0.5, what is the probability
that the greedy action is selected?
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A.1.7. Function Approximation

1.

10.

2
3
4
5
6.
7
8
9

What are continuous problems in RL?

. Why do we need function approximation?
. How can function approximation be used in RL?
. What are the consequences of using function approximation in RL?

. What are the challenges of off-policy training with function approximation?

RoLe: What are the problems of DP?

. RoLe: Can we use function approximation?
. RoLe: How do batch methods work?

. RoLe: How to derive LSTD?

RoLe: Why do value function methods often fail for high-dimensional continuous actions?

A.1.8. Policy Search

1.
2
3
4
5
6.
7
8
9

10.
11.
12.

What are the differences between value-based, policy search, and actor-critic methods?

. Why is exploration important in policy search? Why do we use Gaussian policies?
. What are the three big approaches for computing policy gradients? What is there core idea?
. How can we use the FIM to compute the NG?

. What is the PGT and its connection to value-based and actor-critic methods?

How to derive the eNAC algorithm?

. RoLe: How do finite difference gradient estimators work?
. RoLe: What are likelihood-ratio gradient estimators?

. RoLe: Why do baselines lower the variance of the gradient estimate?

RoLe: Why is the FIM so important? How does it relate to the KL?
RoLe: What is the NG? Why is the NG invariant to reparametrization?

RoLe: What is the CFA? How is it connected to the NG?
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A.1.9. Deep Value-Function Methods

1.

2
3
4.
5
6

What is the curse of dimensionality? How does it affect RL?

. How can deep learning methods be used in RL?

. What are the problems of deep RL and what are some techniques to address them?

What is the DQN algorithm?

. How to enhance DQN by improving function estimation and use of samples?

. How can we combine techniques from deep learning with DQN to improve key problems of RL, e.g.,

exploration?

A.1.10. Deep Actor-Critic

1.

2
3
4.
5

What are the difficulties of using PGT in practice?

. How does deep RL simplify the problem using surrogate objectives?

. What are the three big on-policy approaches we discussed and what are their core features?

How can we compute the NG for large NNs?

. What are the three big off-policy approaches we discussed and what are their core features?

A.1.11. Frontiers

1.

10.
11.

12.

2
3
4
5
6.
7
8
9

What are POMDPs?

. What are belief states and how to update them?
. What is an SMDP?
. What are the three big frameworks for hierarchical RL and what are their core features?

. How to extend the concept of (optimal) value functions to the option framework?

What is an MDP without rewards?

. What is intrinsic motivation and why is it useful in RL in general?
. What is inverse RL? What is the basic scheme of it?

. Why is inverse RL ill-posed?

What is a model and how does MBRL exploit it?
What type of planner can we select in MBRL?

What are the key issues of MBRL?
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A.2. Answers

A.2.1. Introduction

1.

We can frame (almost) all ML and AI problems in the RL framework. Also, as RL. models how humans
actually learn, it is essential for creating human-like robots and intelligence.

. Because they need supervision and are only capable of describing/predicting data and not to perform

actions before something happens.

. No supervision, only a reward; no immediate feedback, only delayed rewards; no i.i.d.-assumptions as

the data is temporally correlated; the agent’s actions effect future data

If our actions have no effect on the world’s state and we have no model, we are talking about bandits. If
we have a model, we are in the realm of decision theory. If our actions can change the state and we have
no model, we have RL and if we have one, optimal control or planning.

. model learning, optimal control and planning, and performance evaluation

A.2.2. Markov Decision Processes

1.
2.

\O

A stochastic process fulfilling the Markov property where every transition yields a reward.

A MRP where the transitions can be affected by taking actions.

. The value function V' (s) of an MRP is the expected return V'(s) = E[J;] and we can compute it by solving

the Bellman equation.

. The optimal policy of an MDP is the policy 7* whose value function V™ equals the optimal value function

V.

. The Bellman equation for an MRP decomposes the value function as V'(s) = R(s) + vE[V (s) | s] with

the matrix-vector-form V' = R + vPV. This is a linear equation we can directly use to compute the
value function of an MRP.

. The Bellman expectation equation decomposes the state/action value function for an MDP as V" (s) =

E, [R(s,a) +V7™(s) | s] and Q™ (s,a) = R(s,a) + vE, [Q”(s’, a) | s, a].

. The Bellman optimality equation decomposes the optimal state/action value function for an MDP as

V*(s) = max, Q*(s,a) = maxq R(s,a)+vEy [V*(s') | 5,a] and Q*(s,a) = R(s,a)+7Ey [V*(s') | s,a] =
R(s,a) +~Ey [maxa/ Q*(s',d") | s, a]

. An MDP is an abstract model for decisions based on a stochastic process fulfilling the Markov chain.

A policy is a prescription for the actions to take based on the current state. The state-value function
describes how “good” a given state is under a given policy and the action-value function describes how
“good” a given state-action-pair is under a given policy. “Good” is defined in terms of the expected
return.

The Bellman equation decomposes the value functions in a recursive manner.
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A.2.3. Dynamic Programming

1.

DP is based on the Bellman principle of optimality that a sequence of actions is optimal if for any action
taken, the remaining sequence constitutes an optimal sequence. With this principle, we can start solving
problems from the end and work backwards to the “beginning of time.”

Using either VI or PI.

. We can use MC methods or TD learning, where MC is the simplest approach.

DP methods are guaranteed to converge to the optimal solution, but they need a transition model
to work. Both MC and TD methods do not require such a model and are therefore more suitable for
real-world tasks. However, they are less efficient.

Policy evaluation estimate the value function of an MDP given a policy and policy improvement finds a
better policy given an MDP and a value function; PI executed these iteratively and finds the optimal
policy and optimal value function while VI combines them into a single step and just finds the optimal
value function.

PI is more efficient but slightly harder to implement than VI, and VI performs a lot of redundant
max-operations.

A.2.4. Monte-Carlo Methods

1.
2.

By computing explicit rollouts and computing the total return, we can estimate the value function.

MC is able to estimate the value function of an environment with unknown dynamics opposed to DP.
Compared to TD, MC methods are only capable of learning from complete sequences, making them
unsuitable for continuing problems. Also, their estimates have large variance but are unbiased!

A.2.5. Temporal Difference Learning

1.

Eligibility traces provide a tractable approach for using multiple n-step returns by weighing the impor-
tance of states. For this, they combine recency and frequency heuristics.

. In every time step, update the eligibility traces and subsequently the value function for every states,

weighing the TD error according to the credit assigned by the eligibility trace.

TD methods can learn from incomplete sequences (opposed to MC) methods with unknown transition
dynamics (opposed to DP). While the TD target has less variance than the MC target, it is biased due to
bootstrapping.

TD learning uses bootstrapping (i.e., the current estimate of the value function to get a better estimate) for
computing the TD target. We can derive it from “smoothed” MC estimates V (s;)  V (s¢) +a(J; —V (s¢))
and plug in the estimation J; &~ ry11 + V(S¢41)-

on-policy: optimize the current policy while following from the same; off-policy: follow a behavioral
policy and optimize a different one

. The data is sampled from a behavioral policy while the action for computing the TD target is sampled

from the current (greedy) policy.

. Yes. If both the behavioral and the actual policy are greedy, Q-learning is equivalent to SARSA.
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A.2.6. Tabular Reinforcement Learning

1. on-policy learning learns “on the job,” following the current policy; off-policy learning learns “by looking
over someone’s shoulder,” following a behavioral policy

2. By splitting up policy evaluation and policy improvement, we can plug in an arbitrary value function
estimation strategy into PI, yielding generalized PI.

3. All states must be visited an infinite number of times (in the limit) and the policies have to converge to
a greedy one. This is a so-called GLIE sequence.

4. With probability ¢, choose a random policy and with probability 1 — ¢, choose the greedy one. With a
decaying ¢, e.g., ¢ = 1/k, MC is GLIE.

5. SARSA uses TD learning with action-value functions and uses the next action for computing the TD
target.

6. In MC, we can just use a behavioral policy for calculating the rollouts and then use importance sampling;
we can do the same in TD, but have less variance as we only have one random transition.

7. Sample the data using a behavioral policy and use a greedy policy for choosing the “query action.”

8. (iterative) policy evaluation corresponds to “vanilla” TD learning; policy iteration with the action-value
function corresponds to SARSA; value iteration with the action-value function corresponds to Q-learning

9. Q-learning is an off-policy method, SARSA is on-policy
10. When the state-action space is not too large and can be filled sufficiently well with samples.

11. W.lo.g., leta; be the greedy action and ay the other. We then have P(a; | greedy) = 1 and P(az | uniform) =
1/2. Hence, P(a;) = P(a1 | greedy)P(greedy) + P(a; | uniform)P(uniform) =1-12+1/2-12=3/4

A.2.7. Function Approximation

1. pole balancing, future pendulum, ball-in-cap, ...
2. For continuous or high-dimensional discrete problems, storing values in tables is intractable.

3. We can approximate the value functions or the policies. Of course, we could also learn a dynamics model
but this is out of scope.

4. It is much harder to formulate convergence guarantees and we may even have divergence. This is
especially true when using the deadly triad.

5. When using off-policy training combined with bootstrapping, our method is prone to be unstable. This
(function approximation, bootstrapping, and off-policy) is known as the deadly triad of RL.

6. We cannot compute everything and even though DP is polynomial in the number of states and actions,
the number of states and actions is exponential in their dimensionality.

7. Yes, for instance with semi-gradient methods.

8. collect a bunch of data and optimize in one run
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9.

10.

use linear function approximation in TD learning, plug them in, compute the gradient, formulate the
fixed-point equation, and solve using linear least squares

Because the state-action space cannot be filled up sufficiently.

A.2.8. Policy Search

1.

10.

11.

12.

Value-based methods recover the policy from a value function, policy search directly learns the policy,
and actor-critic methods combine the two.

. We need to see where we can do something good. Gaussian policies are a nice way of introducing

randomness by just learning the mean and covariance. The policy is then able to control exploration
theirself.

. finite differences (just use the finite differences, duh), least-squares-based finite difference (use random

perturbations and a second-order Taylor approximation to build a linear system of equation we can
solve using linear least squares), and log-ratio (use a fancy log-identity to get an expectation of the
gradient of the log-policy)

. Approximate the KL divergence using the FIM and solve the resulting system using Lagrangian multipliers.

. The PGT connects policy gradients and value function methods by showing that the policy can be

written in terms of an expectation over the action-value function w.r.t. the discounted state distribution.
Actor-critic methods use this objective in a simplified way to combine the power of value function
methods with policy search methods.

. Combine the CFA and NG while using the advantage function as the CFA. This yields a linear system of

equations of which the solution is the eNAC gradient.

. Perturb the parameters one by one and use finite differences for each parameter. This has brutally high

variance!

. They use the log-ratio trick L f(z) = f(z)-L log f(z) to compute the gradient as an expectation of the

gradient of the log-policy. The logarithm also simplifies the trajectory distribution a lot as almost all
factors are constant w.r.t. the policy parameters.

. Because they are control variates for the gradient estimate.

The FIM is the second-order approximation of the KL and makes the policy invariant to its parametriza-
tion.

Using the KL/FIM, the NG takes steps in the policy space rather than parameter space and is therefore
invariant to reparametrization.

The CFA are the functions we can use to approximate the action-value function in the PGT. It is the
“forward” projection using the FIM.
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A.2.9. Deep Value-Function Methods

1.

Due to the curse of dimensionality, we need exponentially many samples to fill the state-space as the
number of states grows exponentially. It affects RL as we are often concerned with high-dimensional
states (e.g., images).

. To approximate the policy or value functions (cf. function approximation).

. distribution shift might lead to catastrophic forgetting — use a replay memory; instability due to function

approximation — use a target network and copy the weights from time to time; inefficiency due to too
many samples — use minibatches; unstable optimization — use reward clipping

A deep version of Q-learning which uses a deep NN for the action-value function.

. overestimation of values — double Q-learning, uses the current network for selecting the action and the

target for evaluating it; inefficient use of replay memory — prioritized replay memory, biases sampling
towards transitions with a large TD error; impossible to recover V' and A — dueling DQN, splits the
output of the network into a V' and A part; exploration — noisy DQN, adds noise to the linear layers of
the network; return might be extremely stochastic — distributional/categorical DQN, models the return
distribution explicitly

. using noisy DQN or intrinsic rewards (e.g., count-based, curiosity-based, and ensemble-based explo-

ration)

A.2.10. Deep Actor-Critic

1.
2.

Hard to optimize as its an expectation w.r.t. the discounted state distribution.

Use the undiscounted state distribution w.r.t. another behavioral policy ¢ instead of .

. A2C, the simplest actor-critic methods using the surrogate objective without major modifications; TRPO,

extends A2C by constraining the updates into a trust-region around the current policy; and PPO, simplifies
TRPO by implicitly including the constraint into the objective by clipping an importance-sampling weight

using CG and the efficient FIM-vector product

. DDPG, uses the deterministic PGT with an estimate of the action-value function; TD3, extends DDPG

by solving its three major problems (overestimation of values — keep two value networks and use the
min (“twin”), unstable policy updates — only update from time to time (“delay”), and overfitting to
action-value spikes — add regularization noise); and SAC, extends TD3 to stochastic policies and adds
an entropy constraint

A.2.11. Frontiers

1.
2.
3,
4.

An MDP where we cannot observe the full state.
A belief state is the probability of being in some state.
An SMDP is a process where an action can affect multiple time steps.

MAX-Q, HAM, and Options
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10.

11.
12.

. Replace the actions with options, everything else stays roughly the same.
. An MDP which might have a reward, but we have no access to it.

. Intrinsic motivation is a reward that comes from the agent itself and is not extrinsic. It can be helpful to

improve exploration, e.g., count- or curiosity-based exploration.

. In inverse RL, we want to learn the reward function given demonstrations that are optimal w.r.t. this

reward.

. Inverse RL is ill-posed as there is an infinite number of reward functions a trajectory can be optimal to.

A model mimics the transition dynamics of the environment; MBRL exploits it by predicting what effects
actions might have.

e.g., PILCO or GPS

overfitting to the model, complexity of the model, ...
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