Policy Gradient Methods
for Control Applications

Novel approaches, review of previous methods, and feasibility studies

by Jan Peters
with support from Stefan Schaal, Sethu Vijaykumar, and Auke Ijspeert.






Contents

1 Introduction

2 Foundations of Policy Gradient Methods

2.1
2.2
2.3
24
2.5

Expected Return Definition . . . . . . . ... ..o
Value Functions . . . . . . . . . . . . ..
Trajectories, Transition Kernels and Stationary Distributions . . . . . . . .
Kernel-based Expected Return . . . . . . . . .. ... . ... ... . ...,
Analytical solution for the value function . . . .. .. .. ... ... ....

3 Policy Gradient Theory

3.1 Policy Gradient Theorem . . . . . . .. .. ... ... .. ... .......

3.2 Baselines . . . . . . .

3.3 Compatible Function Approximation . . . . . . . . ... ... ... .....

3.4 The Optimal Baseline . . . .. . ... ... ... ... ... .........

3.5 All-Action Algorithm . . . . . . . . . ... ... ...

3.6 Natural Gradient . . . . . . . . . .. ...
Bibliography

A Proofs for the Examples

Al

A2
A3

Linear Quadratic Regulation Examples . . . . . . . .. .. .. ... ... ..
A.1.1 Expected Return Derivation . . . . . . . ... ... ... .......
A.1.2 Value Function Derivation . . . . . . . ... .. ... ... ......
A.1.3 Advantage Function Derivation . . . . . . ... .. ... ... ....
A.1.4 Compatible Function Approximation . . . . . ... ... .. ... ..
A.1.5 All-Action Matrix Derivation . . . . . . .. .. .. .. ... .....
ATL6 o e
Discrete State- and Action Example . . . . . ... ... ... ...
All-Action Matrix . . . . . . . . ..

10
13
18
22
24

27
27
28
31
35
36
38

45






Chapter 1

Introduction

Reinforcement learning can best be described as the study of stochastic programming meth-
ods for (partially) Markovian decision processes without an analytical model of the system.
These methods are intended to find the optimal policy 7* with the maximal expected
return J(7*) in a multi-stage Markovian decision problem

7" = argmax J(mg), (1.1)

g €1l
J(m*) = J 1.2
(w7) = max J(me), (1.2)

in a goal directed manner!' (Bertsekas, 2000). In here, I denotes the space of all admissible
policies. J(mg) denotes the expected return of a particular policy mg with parameters 0. It
can can be defined as

J(ro) = Er {R(T)} = /T p(T |7) R(T)dT, (1.3)

where R (7) denotes the return of a particular trajectory 7 having a probability p (7 |mg)
given the current policy mg (for details see Chapter 2). Clearly, this stochastic programming
problem is difficult to solve since there are infinite trajectories 7, and neither all rewards
R (7T) nor all probabilities p (7 |7) are known to the learning system in the general case.

Stochastic programming offers us two different traditional approaches of solving such
problems: (a) greedy external sampling approaches, and (b) parameterized internal
sampling methods (Morton, 2001). Reinforcement learning methods which have been
introduced to date can be divided into this scheme as shown in in Figure 1.1, and Table
1.1.

Since the dawn of reinforcement learning, greedy methods dominated the field. For
applying this approach, researchers focussed on a particular kind of policies, i.e., greedy
policies

cwp () Bz
u*el ’
which are parameterized by value functions such as the state-action value function
[ee]
Q* (x,u):E{Zykrk xozx,uozu,ﬂ*}. (1.5)
k=0

Learning would proceed in the fashion that first an arbitrary initial policy m; would be
chosen. Then its value function Q§ would be estimated, and subsequently the new policy

The goal-directedness makes reinforcement learning different from Genetic algorithms as these are based
on a pure Monte-carlo search strategy.

Optimal
policy

Greedy

methods
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Figure 1.1: This figure shows how traditional reinforcement learning methods mapped onto
stochastic programming methods, i.e., greedy and policy gradient methods.

Method Actor-only Critic-only Actor-critic
Greedy Policy None Q-Learning, None
Optimization Advantage Updating,

R-Learning,

Value-Iteration
Parameterized REINFORCE, | SARSA with an Suttons & Bartos
Policy Opti- Episodic e-greedy policy in Actor Critic,
mization (= policy | REINFORCE, | discrete state and Kimuras & Kobyashis
gradient methods) | GPOMDP action spaces. Actor Critic, VAPS

Table 1.1: Dominant reinforcement learning approaches in the late 1990s. Parameterized
policy approaches can be seen as policy gradient methods as explained in Chapter 4.

. . . learn select learn
w7} could be computed. After a sufficient amount of iterations 75 — Q7 — 7 —

] seloct | learn Q% seleck w5, this approach can converge to the optimal policy just like its

model-based counterparts in dynamic programming (Bellman, 1957) such as value iteration
(Howard, 1960). However, convergence can only be guaranteed for lookup-table value
function approximation.

This approach particularly appealed to researchers due to the fact that not only Monte
Carlo methods but also temporal difference (TD) methods can be applied. These
methods use the fact that reward of an action and the value function of the two temporally
adjacent state-action pairs (x4, ;) and (X441, Us11) allows the calculation of the TD error
0; of Q™ using just two samples, e.g., in Q-learning it is given by

6t =71+ Y max Q* (xt+1,u*) — Q* (xt,ut) .
urel

Learning of the Q*-function appeared to be the “key to efficiency” (Sutton, 2000), and
an “almost supervised” (Sutton, 2000) learning problem. Furthermore, algorithms like
Q-learning were proved to converge for the discrete case with look-up table value func-
tion approximation (Sutton & Barto, 1998), and impressive applications such as playing



Backgammon on grandmaster level, and acrobat swing-ups have been presented (Sutton &
Barto, 1998).

Nevertheless, lookup table approximations suffer strongly from the curse of dimen-
sionality (Bellman, 1957), and it was obvious that a higher order of generalization was
needed. However, at the end of the 1990s when researchers turned towards continuous
approximations of large-scale value functions, the success of the greedy value function ap-
proximators was limited (Sutton & Barto, 1998; Baxter & Bartlett, 1999; Baird, 1998). No
theoretical guarantees of the performance could be obtained (Sutton, 2000). All existing
greedy methods have been shown to diverge or oscillate for at least one example (Baird,
1998) already when linear function approximation is used to approximate the value function

(obviously, more complex function approximation can result into more complex problems).

The reason for this is two-fold, and lies in the heart of the sequence of 7 leary Q7 seleck

miq steps. In the learning step w7 teary ¥, we basically obtain an estimate J,' of the

expected return J (7)) using a finite amount of n trials. The estimate can be calculated as

w _l "
Jn _nkZ:OR(Tk). (1.6)

In here, R (7;) denotes the return of the k-th trajectory 7. In order to perform the selecting

select . . .
step QF — 7}, |, we determine the maximal reward from our trial data J"*™ = maxqem Jy,

and at the same time we have determined the next policy 7}, | = argmax, .y J;;. We easily
see that the expectation of the maximum of the average reward over several trials is equal
or greater than the maximum of the expectation of one trial, i.e.,

max J) = Er {max ! ZR(’E)} > Er {maXR(’T)} = max J (). (1.7)
1=0

well well n — well well

Therefore, greedy methods are positively biased estimators of the optimal policy,
and the optimization process can be mislead due to the bias. In particular, a policy which
performs optimally on a small amount of collected data might perform poor in the com-
plete trajectory space. However, the bias decreases monotonically with the amount of data
maxrerr J; > maxger JJ; > maxger J(m). This means, we better “wait and see” (Mor-
ton, 2001), before we select a new policy. This problem is not severe for typical discrete
toy problems as we can oversample every state, and therefore we can minimize the bias for
such problems. Nevertheless, it is disastrous for learning value functions with generaliza-
tion in its function approximation as greedy methods are likely to steer the learning process
towards a wrong generalization. Still, greedy optimization methods are strongly consistent
(Morton, 2001).

Despite this interesting fact, there is also another, more intuitive explanation: the greedy

. select . . .
mapping ;] — ;| from the value function @} onto a policy 7}, | is non-smooth, and

discontinuous. Noise in the value function @)} can cause the policy 7] to change fast since
a small value function in @} change can cause a large policy change in the new policy 77,
which in turn can cause a large value function change in Q7 ;. According to Sutton (2000)
this can be described as follows:

“All the states interact and must be balanced which causes trade-off be-
tween them. [...]. A small change (or error) in the value function estimate
can cause a large, discontinuous change in the policy which in turn causes
a large change in the value function estimate.”

Greedy meth-

ods are biased

Greedy meth-
ods are not
sound with
value function
approrima-

tion
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Figure 1.2: This figure shows a simple linear quadratic regulation problem (LQR) when the
parameters are estimated from a noisy value function. The noisy value function parameters
are shown in (b) with their dotted true values. The true values change over time since
they depend on the policy parameters. In (a), we can observe how the resulting greedy and
the resulting natural gradient estimator computed from this value function are affected.
Obviously, the greedy estimator jumps around wildly while the natural gradient estimator
goes into the correct solution smoothly.

Therefore, we often cannot obtain a stable learning system. This is highly related
with the biasedness of the greedy approach: if the value function is inaccurate, the greedy
approach is biased towards an incorrect solution. This in turn cause a larger change, which
results in more noise, and more wrongly directed bias.

Conclusion 1 (Greedy methods) As we have pointed out in the previous pages, the
reason for the difficulties of reinforcement learning with function approximation is not
that we have to learn a value function but that we do greedy updates. Greedy methods are
characterized by two difficulties: (1) Both Monte Carlo and temporal difference based
greedy methods are biased as the greedy optimization step is done on a finite amount
of data, and a greedy step is therefore biased. (2) The discontinuous mapping from the
value function onto a policy also produces a discontinuous change in the value function.
Due to noise in the value function estimate, both value function and greedy policy can
jJump around wildly not reaching the optimal policy. Therefore, we have to search an
alternative to greedy methods.

Stochastic The resulting problems in greedy reinforcement learning brought researchers back to
gradients are the question whether we have taken the right stochastic programming approach (Baxter
unbiased. . .



& Bartlett, 1999; Baird, 1998; Jaakkola, Jordan, & Singh, 1994; Marbach & Tsitsiklis,
1998)2. Clearly, internal sampling methods can provide us with an unbiased estimator
of the optimal expected return, and the optimal policy: according to Robbins & Monroe
(1951), a stochastic gradient estimator given by

9J(me)

(8] =0
t+1 t T« 90

(1.8)

0=0,
is unbiased. Furthermore, the effect of noise in the value function is not as drastic as it is

illustrated in Figure 1.2 with a simple noisy learning LQR controller®. Nevertheless, the
gradient 0.J(mg)/ 00, defined by

9J(me) Ip (T |m)
s _/T o LR(T)dT, (1.9)
is difficult to obtain in practice.

Early methods of obtaining 0J(mwg)/ 00 have been studied in the reinforcement learn-
ing community at the end of the 1980s when Ronald J. Williams (Williams & Peng, 1991;
Williams, 1992) first introduced the class of “REward Increment = nonnegative Factor x
Offset Reinforcement x Characteristic Eligibility” (REINFORCE) algorithms and Vijayku-
mar Gullapalli (Gullapalli, 1991; Gullapalli, Franklin, & Benbrahim, 1994) showed how an
instance of this algorithm class, the Stochastic Real Valued (SRV) algorithm could be ap-
plied for several problems. However, while greedy methods are problematic due to the bias,
these early gradient methods were problematic due to their large variance in the gradient
estimate. This was due to the fact that they estimated the gradients from the immediate
reward of a state, i.e., neglecting most terms in equation (1.9), or from single roll-outs.
Such policy gradients estimated from immidiate rewards or single roll-outs will hardly ever
be close to the true gradient, i.e., have a large variance. Due to the large variance in the
gradient, the convergence rate of these methods was low. This in turn is the reason why
they were abandoned in the 1990s.

Nevertheless, when using multiple roll-outs, the policy gradient estimate improves sig-
nificantly. In fact, roll-out gradient estimation from n > 1 trials (i.e., trajectories) can
work quite well since it is just a Monte Carlo integration algorithm over n trajectories.
Monte carlo integration converges with a rate of « 1/y/n (Morton, 2001). While this
appears a slow for low-dimensional state spaces (d ~ 1), it turns out that it is a superb
result for high-dimensional spaces (d > 1) as the convergence rate is not affected by the
dimensionality d (Morton, 2001). However, the variance in the estimate grows (linearly?)
with d (Morton, 2001). Clearly, these methods are capable of overcoming the curse of
dimensionality unlike lookup-table based greedy methods.

During the revival of policy gradient methods, Sutton et al. (2000) and Konda &
Tsitsiklis (2001, 2000, 2002) presented a general policy gradient theorem which unified
previous approaches, and comes with a compatible value function approximation. Building
on their results and Suttons unfinished paper (Sutton, McAllester, Singh, & Mansour, 2001),
we will present methods of obtaining minimum-variance estimates of the policy gradients,
i.e., optimal baselines, and the All-Action algorithm. Furthermore, it appears that all
non-greedy reinforcement learning methods shown in Table 1.1 are to some extend policy
gradient methods. Surprisingly, this includes SARSA as well as the actor-critic methods of
the beginning 1980s, we will study this in Chapter 4.

Natural gradient methods as presented by Amari (2000) have the large advantage over

2Many of the researchers did not attribute the problems associated with the greedy approach to the
policy but to the fact that we have to learn a value function.

3The analysis of this example as a whole is given in chapters 2-3. Here, we just give it as an illustration
of greedy value function based optimization.
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Figure 1.3: This figure shows different reinforcement learning methods in a bias variance
diagram. Greedy methods have little variance but a large bias. The old policy gradient
methods, i.e., REINFORCE, and episodic REINFORCE, have a huge variance in expecta-
tion. The policy gradient theorem reduces the variance in the gradients significantly due to
the usage of value functions instead of the actual return. However, in practical application,
it is used only with single actions, and states which have occured. The variance can be
improved using a an optimal baselines which reduces the variance but introduces bias. It
can further be reduced using the all-action algorithm - which still has a variance due to
the fact that the stationary distribution has to be estimated. Only the natural gradients
deliver us an unbiased minimum variance estimator.

normal gradient methods, that they are not only unbiased but also consistent, efficient,
minimum variance estimators. Kakade (2001) presented an average natural gradient for
policy gradient methods. Building on this we will relate the results of Kakade (2001) to the
all action algorithm, and extend his proof from the “average natural gradient” towards the
true natural gradient.

Conclusion 2 (Policy gradient methods) Policy gradient methods avoid the prob-
lems of greedy approach as gradient estimators are unbiased, and noise in the value
function does not have such drastic effects. Nevertheless, early gradient methods did
not become popular due to the large variance in the gradient. As we will see in this
report, optimal baselines, All-Action policy gradients, and natural gradients allow us to
obtain a minimum variance estimate of the policy gradient. Furthermore, the natural
gradient estimator is unbiased, consistent, and efficient.

The second problem of gradient methods are plateaus and local minima. While the latter
cannot be solved by current methods, we will see that the natural gradient can indeed
solve the problems of plateaus.

While supervised learning as well as unsupervised learning methods have matured to
highly efficient techniques, reinforcement learning has remained a method for solving toy-
problems despite few impressive applications. Policy gradient methods currently appear



the only choice to speed-up reinforcement learning so that it can be applied in large-scale
applications. We intend to analyze policy gradient approaches in order to bring them into an
applicable framework. We test this framework on two case studies and will HOPEFULLY
show that it outperforms greedy value function based methods?.

In this research paper, we will proceed as follows. In the second chapter, we will discuss
the foundations of policy gradient methods, i.e., the expected return of the policy, proba-
bility distributions related to policy gradient methods, and value function. In particular,
we will contribute two important results here, i.e., (i) the transformation from the trajec-
tory view used in this introduction onto a sample based view, and (ii) the condition for
value function approximations to be able to represent the value function of a reinforcement
learning problem. Fact (i) is particular powerful as it reduces a controlled Markov decision
process onto an uncontrolled Markov chain.

In the third chapter, we discuss policy gradient theory based on the works of Sutton et
al. (2000), Konda & Tsitsiklis (2001, 2000, 2002), and Kakade (2001). We will attempt to
provide the missing links in their work, and present sufficient examples to undermine our
claims.

In the fourth chapter, we will discuss several non-greedy reinforcement learning methods,
and show that all of these methods are to some extend policy gradient methods. We have
stressed this point already in the introduction, and most of the methods listed in Table 1.1
will be discussed here.

In the fifth chapter, we will study the learning of the policy compatible value function
approximation. In the sixth chapter, we will present a case study on cart-pole and other
control problems. Throughout this report, we assume the reader to be familiar with the
book “Reinforcement Learning” by Sutton and Barto (1998).

“We do not count methods based upon e-greedy policies as greedy methods. In fact, many e-greedy
methods presented in Sutton & Barto (1998) are policy gradient methods.






Chapter 2

Foundations of Policy Gradient
Methods

In reinforcement learning problems, we generally have an actor which is in a state x € X,
and takes an action u € U according to a policy or probability distribution mg (u|x) =
p(ulx,0) € [0,1]. This policy has the internal parameters 6 € R”, and p(u|x,0)
denotes the probability of taking action u in state x. Its actions modify the state x in

Reinforcement

learning

accordance to the environment which is presented in form of a probability distribution of problems

the next state p (X' [x,u), and is usually not known to the actor. For each action it receives
a reward r (x,u). Throughout this report we will deal with discrete time ¢ but continuous
states x and actions u . Furthermore, throughout this report we assume that x is fully
observable and p (X" [x,u) depends only on x, u (and not the whole preceding state-action
sequence). Therefore, we are dealing only with Markov decision problems (MDPs). The
whole setup is shown in Figure 2.1, and examples are given in Figure 2.2.

Example 1 (Linear quadratic control) Throughout this report, we will deal with the
example of controlling a linear system with a linear quadratic regulator (LQR). For
sitmplicity, we will just consider scalar actions, i.e., U = R, but high-dimensional state
spaces X = R™. This system is a Markovian decision problem and has state-transition
probability distribution of the system given by

PREPSU) =0 if % # Ax + bu,

in the noise-free case. The system matriz A € R" ", and the input vector b € R™ can be
arbitrary. Its rewards are defined as

1 1

r(x,u) = —=xT Qx — =u’ Ru,

2 2
where Q € R™ ™, and R € R are positive definite. A simple example for such a problem
is given in Figure 2.2 (a-b). This system can be controlled optimally by a linear controller
u = kg;,tx (Dorato, Abdallah, & Cerone, 1995). This controller can be represented by a
Gausstan policy

mo (ulx) =

1 1 T \2
= exp <_F (u—k x) >,

T
with the policy parameters © = [kT,a] € R® x Ry. In here, we have the controller
k € R", and the exploration rate 0 < o € R. For 0 — 0, and kK — Kop, the Gaussian

LQR problems

Gaussian pol-

icy
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return
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with policy ——
> To(UeXt)
Reward .
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X1, c) State Xi+1 t
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p(Xtﬂ |xt,u[)

Figure 2.1: The standard Markov decision reinforcement learning problem consisting of a
learning system, and the environment. The learning system is based on a policy mg (uy |X;)
which denotes the probability of taking action u; in state x;. Its parameter vector 0 is
adapted during learning. The environment consits of the state transition probabilities, and
a reward. The transition probabilities p (X471 [X¢,us) denote the probability of the next
state x441 given the current state x;, and action u;. The environment also yields a reward
7 (X¢—1,U—1) for the previous step. This figure is similar to the one of Sutton and Barto
(1998).

policy becomes the optimal controller. The parameters A, b, Q, and R are fixed parameters
of the environment — not of the policy. The optimal controller Koy is determined by the
environment.

Example 2 (Discrete state and action problems) Another, more common example,
1s a discrete action, discrete state Markov decision problem with n states, and m actions.
The state space is given by X = {x1,...,z,}, and the action space by U = {uy,..., umn}.
Here we are given a table of state transitions probabilities PY ., to describe p (¢’ |z, u) = P¥,,.
Similarly, the rewards are given in tabular form by r (x,u) = R%. An example for such a
problem is given in Figure 2.2 (c-e). A common policy for such problems is the Gibbs
policy
exp (07 ¢,.,)
Z?ll €xp (er)wui) ’

with internal parameters © € R™ ™ and features vectors §,,, € R"*"™. This policy is known
to be able to represent the optimal policy for such problems. However, its parameters might
have to take infinite values in order to generate a deterministic policy. Therefore, another
policy, i.e., a dectsion border policy, might be more appropriate

m(ulr) =

7 (s |2i) = Oriu; if j<m,
7 1= 00, if j=m.

2.1 Expected Return Definition

In general, reinforcement learning algorithms intend to derive a policy mg which maximizes
the expected return J(mg). Two formulations of this return have been given (Sutton
et al., 2000), i.e., the average-reward formulation and the start-state formulation. Let us
now define both of these cases.
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(a) Concentration Control Problem (c) Two State Problem
ui
Valve cin=0X+(1-a)Y
X
Y%A c [Z31 .@‘e’ uz
u2

(d) Transition Probabilities Table

Volume Vin PL. X X
U=ul\u=u2u=ui|uU=u
g x=x| 1.0 1 0
x'=x2 0 1 0 1

(b) Block Diagram

(e) Reward Table

+
in Vm -1
cin—> q/ —> S c I YR p—
X =X1
deC/df:CI(Cin-C) q/Vm X = X2 0 1

Figure 2.2: This figure shows two simple examples. In (a) you can see a simple, one dimen-
sional linear quadratic control problem, i.e., controlling the concentration ¢ of a substance
X (e.g., Cloride) in a basin of substance Y (e.g., water). The amount of inflow ¢;, equals
the outflow, i.e., gout = ¢in = q. By tuning the inflow concentration ¢;,, we can control the
basin concentration c¢. In (b), the block diagram and equations of the system dynamics are
given. In (c¢) you can see a simple two state, discrete action and state problem, previously
presented in (Kakade, 2002; Mahadevan, 1996). In (d) the transition probabilities PY,, and
in (e) the rewards RY are given.

Definition 1 (Expected return) The expected return J(mg) of a policy mg can be
defined in two ways. The average reward formulation is given by

We}, (21)

and the discounted start-state formulation is given by

T
J(re) = lim —~E { S (i, )

T T
e =0

T

JA/(TFQ |X0) = Th_?;OE { Zytr (xt,ut)
t=0

WQ,X()} s (22)

where v denotes the discounting factor for future rewards, and Xg the set of start states.

For analyzing the expected return in-depth, we will have to focus on a few necessary
topics. Before doing so, let us pick up our previous examples, i.e., linear quadratic control,
and the two-state problem. We will now give the expected return of both examples.

Example 3 (Linear quadratic control) We will take up the linear quadratic requlation LQR expected
problem from Ezxample 1, page 9, with the same Gaussian policy mg. The return of the return
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Figure 2.3: This figure shows the average reward in the discounted start-state formulation
for both (a) the one-dimensional linear quadratic control (LQR) problem with a Gaussian
policy, and (b) the the two-state problem with a decision border policy. In the LQR problem
(a) the parameters of the system are A=b= R =@ =1, v = 0.95, and the parameters of
the Gaussian policy mg(u|z) are @ = [k, o]” are shown on the axes. In the two state problem
(b), we define the policy parameters 0,4, = 01, 03,4, = 1—02, Oy, = 1—02, and 0,,,,,, = 65.
Furthermore, we also use a discount factor of v = 0.95 in this problem. The optimal
solutions 0" of both problems are 87 g = [—0.6037,0]” for (a), and 0% y,giate = [1,0]7 for
(b) are indicated by the rectangles.

policy in the average reward formulation is given by

776}7

T—oo T

T
J(re) = lim ~E { S ()

if the system is stable. The Ricatti matriz P € R™ ™ is the positive definite solution of the
modified Ricatti equation P = Q + vyATPA — kb PA — ATPbk! + kb” Pbk” + kRK'.
Similarly, the return of the policy in the discounted start-state formulation is given by

T
J’Y(Tre ’{XQ}) = Th_I)I;OE { Z’ytr (xt7ut) ﬂ-eux()} )
t=0
1 1 1
= —=xIPoxg — = —— (R+bTP.b) o2,

21—~

The Ricatti matriz P, € R™ " is changed in comparison to the average reward case in order
to take the discount factor into account. It is the positive definite solution of the modified
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Ricatti equation P, = Q + yATP,A — kb P A — YATP,bk” + 7kb” P, bk” + kRK".
In here, we assume a special case, i.e., the case where we are always starting from state
xo € X. The expected return in average reward formulation for the concentration control
LQR problem from Figure 2.2 (a-c) is given in Figure 2.8 (a). Alternatively, we could
assume a bounded start-state set with an initial probability distribution. The proof of this
example can be found in appendiz Section A.1.1, page 47.

Example 4 (Discrete state and action spaces) Similarly, we can study finite discrete
state- and action-space problems from Example 2, page 10. In this case, we have to gen-

erate a state transition matriz P = [P;;] € R™ ™ where the matriz entries P;; are de-
fined by Py = >3 p (@i |vj,we) m(uk z5) = 200 Prte,m (uk |zj).  The state-reward
vector R = [R;] € R™ so that the average reward for all actions in this state becomes

Ry = 3700 r (g, we) m(ug |wy) = 3001 REFm (up |zj).  Furthermore, if we assume that
each state x; € Xg has the probability p(x;) of being a start-state, we can combine these in
the start-state vector S = [S;] € R™ so that S; = p(x;). Using these vectors, we are given
the expected return of the policy in discounted start-state formulation by

N
J(mo |Xp) = 1\}E>nooE {Z’ytr (x4, up) WQ,XQ} ,
v 1
= lim_ ST ;fytPtR = lim_ ST —~P) ' (1-+VPY)R,
= ST (I1—~P)'R,

The average return for the undiscounted case cannot easily be determined analytically at
this stage. We will later return to it after introducing transition kernels and stationary
distributions. An example for such a problem is given in Figure 2.2 (c-e), and the expected
return is shown in Figure 2.3 (b). This also is an example for theorem 2 in Section 2.4,
page 22.

We will return to the expected return of the policy at later stages of this report. In
order to treat the topic of estimating the average reward properly, we have to discuss further
topics: value functions, trajectories, and transition kernels.

2.2 Value Functions

Since the dawn of reinforcement learning when Bellman derived the dynamic programming
algorithms (Bellman, 1957), value functions have been an important tool for reinforcement

learning. In average reward formulation, the state value function V7™ (x) is defined as function
the accumulated difference from the expected return in the steps following the visit x. V™o (x)

In discounted formulation, the state value function V7 (x) is defined as the accumulated
discounted rewards in all the steps after visiting x.

Discrete prob-

lems expected

return

State

value

The state value function V™ (x) can be seen as a potential function of the state-space X State-action
similar to the potential in classical electrodynamics, and vector analysis. The state-action wvalue function
value function Q™ (x,u) is its counterpart in the state-action space X x U. We will now Q™ (x,u)

shortly define, and discuss value functions.
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Definition 2 (Value functions) The state-action value function Q™ (x,u) for
the average reward case is given by

T
Q™ (x,u) = lim E{ZT(Xt,Ut) —J(mo)| X0 =X, upg = u,ﬂe} ; (2.3)
T—o00 =0
and the state value function V7™ (x) is given by
T
V™ (x) = lim E {Zr (x¢,1z) — J(mg)| X0 = x,ﬂe} : (2.4)
T—o00 —o
according to (Sutton € Barto, 1998). The state-action value function for the dis-
counted start-state case is given by
T
QWs (qu) = lim F { thr (xt,ut) X0 =X,Up =1U, 7T9} s (2.5)
T—oo part
and the state value function is given by
T
V™ (x) = lim E b (xp,ug) | X0 = X 2.6
( ) T1—r>I<l)o {;’YT( ty t) 0 77T9}7 ( )
according to (Sutton & Barto, 1998).
The classical example for a value function is linear quadratic regulation, i.e., Example
1, page 9. Here we easily see that the basis functions of the value functions are quadratic,
which allows us to derive the value functions. They are discussed in Example 5, and shown
in Figure 2.4 (a-b).

LQR  walue Example 5 (Linear quadratic control) In the context of Gaussian policy linear quadratic

functions requlation as in Exzample 1, page 9, we have the state-action value function of

1 Q+ATPA  ATPOL X
Uy — _ T
Q™ (u) = =5 [ 7, “][ b’ PA R+bTPbHu

and the state value function of

} + % (R+b"Pb) o?,

1
V7o (x) = —ixTPx,
for the average reward case. Similarly, we have the state-action value function of

T T
o Ly Q+7ATP.A  7ATPb X
Q" ()= —5[xf, ] { Y P, A R44b7Pb | | u

LY (RiTPb) 02

21—~

and the state value function of
T L 7 11 T 2
VT (x) = —=x' Pyx — ——— (R+7b"' Pyb) 07,

2 21—
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(a) LOQR state—action value function o 16b) LOR state value function
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Figure 2.4: This figures shows both (a) the state-action value function Q7 (x,u) and (b)
the state value function V™ (x) of an one-dimensional linear quadratic control problem
with a Gaussian policy. The parameters of the system are A=b=R=0Q =1, v = 0.95,
and the parameters of the Gaussian policy mg(u|z) are © = [k, 0]’ with k = —0.5, and
o=0.1.

for the start-state case. P and P, are defined as in Example 3, page 11 in both cases. For
a proof of both cases, see in the appendix, Section A.1.2, page 47. The value functions for
discounted start-state case LQR are plotted in Figure 2.4 (a-b).

Due to the assumption, that our process and our policy are both Markovian, the value
functions of both cases have a defining relation between the values at different states. This
relation can be expressed in form of the Poisson equation for the average reward case,
and in form of the Bellman equation for the discounted start-state case. These equations
are given in the definition below.

Definition 3 (Poisson- & Bellman equations) The Poisson equation states,
that

Ve (x) = /{U o (W) (r(x,u)—,](ﬂe)+ /X p |u,x)V(x’)dx’> du,  (27)

Q™ (x,11) = r(x, 1) — J(me) + /X p (¢ fu,x) V() (2.8)

for the average reward formulation, and the Bellman equation states that

VTe (x) = /Uwe (ux) <r(x,u) +7/Xp (x' [u,x) V(x’)dx’> du, (2.9)

Q™ (x,11) = r(x,u) + /X p (¢ fu,x) V), (2.10)

Bellman
and  Poisson

equations



16 Foundations of Policy Gradient Methods

for the discounted formulation.

Please note that this definition is extended to the continuous case. This is not common
in the literature, but futile once we introduce function approximation or handle continuous
state-action tasks such as robot control or linear quadratic regulation.

Again, we can visualize these equations using a simple example which is limited to dis-
crete states, and discrete actions. The general case with continuous actions is not straight-
forward as only few techniques exist for solving integral equations such as the Bellman
or Poisson equation. In linear quadratic regulation (LQR) problems, the Bellman equa-
tions can only be solved due to the assumption that V7 (x) = —%xTPx, and subsequently
showing that the integral equation has a solution given these value functions.

Discrete Bell- Example 6 (Discrete state and action spaces) Similarly, we can easily determine value
man equation  function for discrete problems using the Bellman equations

Vi=> me(ukle:) [ RE+7D PLV; | = Ri+7)_ PyVj,
k=1 =1 =1

using the definitions from Ezample 4, page 13, and denoting V. = [V;] € R™ with V; =
Ve (x;). As we have a vector-matriz equation V.= R 4+ ~PV, we can solve it directly and
obtain V = (I —yP)~'R, see (Russel & Norvig, 1995). Alternatively, we can use the policy
evaluation algorithm in order to obtain the state values of discrete states (Sutton € Barto,
1998). The same can be done for the average reward case when knowing the expected reward.

Apart from the previously described value functions, we still have one further value

Advantage function, i.e., the advantage function A™ (x,u) as presented in (Baird, 1993). Other

function researchers call this function the Bellman error function (Jaakkola et al., 1994), and we

A™e (x,u) could think of it also as the expected TD(0) error of one particular action u taken in state
X.

Definition 4 (Advantage function) The advantage function A™ (x,u) of a pol-
icy mo (X, 1) is given by

AT (x,u) = Q™ (x,u) — V7™ (x). (2.11)

Its Bellman equation for the discounted case is given by
V7 (x) + A™ (x,u) = r(x,u) +7/Xp (x' Ju,x) V(x')dx/, (2.12)

and its Poisson equation for the average reward case by

V7 (x) + A™ (x,u) = r(x,u) — J(mg) + /Xp (' [u,x) V(x')dx'. (2.13)
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LQR advantage function

Advantage function A™(x,u)

=10 -10

Action u Statex
Figure 2.5: This figures shows the advantage function A7 (x,u) of an one-dimensional
linear quadratic control problem with a Gaussian policy. Note that this function is no
longer convex like the previous value functions. The parameters of the system are again
A=B=R=Q =1, v=0.95, and the parameters of the Gaussian policy mg(u|z) are
0 = [k,o]" with k = —0.5, and o = 0.1.

The advantage function A™ (x,u) contains all information which is necessary to decide
which is the optimal action since U = argmax .oy @™ (x,u*) = argmax,.cy A™ (x,u*).
Unlike the state value function, and the state-action value function, the advantage function
A7e (x,u) has no state dependent offset as it is mean-zero [;;mg (u|x) A™ (x,u)du = 0.
Therefore the advantage function A™ (x,u) is not a potential function unlike the state value
function V™ (x), and the state-action value @™ (x,u) function. In order to get a closer
look, let us discuss the advantage function of our linear quadratic regulation example with
a Gaussian policy.

Example 7 (Linear quadratic control) The advantage function A™ (x,u) for LQR with LQR  advan-
a Gaussian policy mg as in Example 1, page 9, is given by tage function

A™ (x,u) = —% [xT, u]|H [ Z ] +%(R+bTPb) o2,

with
o | ~2xb"PA -k (b'Pb+R)K"  ATPb
a b"PA R+b"Pb |’

for the average reward case. For the discounted start-state it is given by

A" (x,u) = —% [xT, u |H [ Z } +%(R+’bePyb) o?

with
—27kb"P,A — 1k (b"P, b+ R) kKT 7ATP.b

H= :
Y PA R+~b"P,b



18

Foundations of Policy Gradient Methods

Note, that both definition do not differ except for the constant v, and become the same for
v — 1 since limy_1 P, = P. Therefore the advantage function is a more general value
function than the previously used ones. The discounted start-state value function for our
example problem is plotted in Figure 2.5. For a derivation see appendiz, Section A.1.3, page
51.

2.3 Trajectories, Transition Kernels and Stationary Distri-
butions

As we are discussing Markov Chains, we can use a variety of statistical tools which long
have been neglected in the area of reinforcement learning: transition kernels, and station-
ary distributions. Let us now assume that we are interested in sequences of states and
actions of length n starting at an initial state-action pair Xy, Uy, and ending at state
X,. The space of all such sequences of length n, we will refer to them as trajectories,
is defined by T, = (X,U)" x X. A single trajectory in 7" € T, can be defined as

Probability of T" = [X0,U0,X1,U1,X2, U2, ..., Xp_1,Up_1,X,]. The probability p (7" |xg) of such a se-

a trajectory

Transition

quence 7" € T,, given the start state x( is obvious from our problem statement

n—1

p(T"x0) = [ p(xerr xe,ue) (e ). (2.14)
t=0

Furthermore, the probability p (7"™) of the whole trajectory 7" as a whole is defined by
p(T™) =p(T"|x1)p(x1). Let us now consider the case that we are just interested in the
probability p (x, [x1,1n) = K}, (x1,X5) of reaching state x,, given that we started in state
X1 in exactly n steps. This probablhty can be calculated by integrating out all actions, and
intermediary states 7" = [ug, X1, U1, X2, Ug, ..., Xp_1,U,_1] € U x (X, V)"~ 1. We then can

kernel inter- calculate the probability of going from X to x,, in exactly n steps, i.e.,

pretation

K7 (X0,xn) = / P (T" xo) dT™,

/ / / / / H p Xt+1 |xt,ut) (ut |Xt ) duodxldul A dxn_ldun_l.
U

t=0

From the equation above, we see that we can define this term recursively by integrating
out a single variable at a time. In order to do this we have to isolate variables and replace
terms. By reordering the variables, we get

K}r‘ X0,Xn) / / </ P (Xeg1 |Xe,wg ) T (W \xt)dut>dx1...dxn_1,
Xi=o

Krg (xt,%t41)

/ /HKwe (Xt Xp41) dx1 .. dxp, 1.

Xi=0




2.3 Trajectories, Transition Kernels and Stationary Distributions 19

We define the term in the parentheses to be the transition kernel K, (x¢,X¢4+1) of the
Markov process. If we further reorder the equations, we get

Kz, (xo,xn):/ / / Kry (x0,%1) Ky (X1,%2) dX1 Ky (X2,X3) dX2 ... Ky (Xp—1,%p) dXp—1.
X X JX

K72re (X07X2)

K3 (x0,x3)

K;rle (XO 7XTL)

This gives us a recursive definition of the n-step transition kernels Transition
n+1 n— 1 // 7 " kernel  defini-
K (x,x) /K (x,x") Kry (X", x) dx”, tion

with K} (x,%') = Kry (x,X/).

Definition 5 (Transition kernels) Given a policy mg (W|x), and the system transi-
tion probabilities p (X' |x,u), we can define a transition kernel K., (z,2') as

Kry (x,X') = / p (X' [x,u) mo (u|x) du. (2.15)
U
The n-step transition kernels is given by
K (x,x') = /XKﬁe_l (x,x") Kry (x",x") ax", (2.16)

with K}, (x,X") = Kry (x,X").

Having these definitions, we have reduced our controlled Markov decision problem
to an uncontrolled Markov chain. For uncontrolled Markov chains, a variety of nice
properties are given. We will list the most important ones here without attempting to give
a complete list.

Komolgorov-Chapman equation. In order to get from one state x to another state x’ Komolgorov-
in n + m steps, the agent has to pass through an intermediary state x”. This gives us the Chapman
Komolgorov-Chapman equation equation

K7™ (x,x') / no(x"x) ax”.

This appears trivial from our previous discussion, and a proof for it is given in (Berger &
Casella, 2002).

Stationary distribution or invariant measure. For a stable Markov chain, a station- Stationary
ary distribution or an invariant measure v™® (x) exists for which the equation distribution

= / Kry (x,x") v (x') dx’
X

holds (Berger & Casella, 2002).
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Convergence
to stationary

distribution

Resolvent ker-

nel

Average state

distribution

Law of W. Doeblin. If a Markov chain is stable, irreducible, recurrent and aperiodic,
we have
v (x) = lim [ K7 (x,x)p(x')dx/,
n—oo X
independent of the start-state distribution p(x’). See (Grimmett & Stirzaker, 2001) for
details.

Resolvent kernel. Associated with this kernel, we have a resolvent kernel K., (x,x’)
given by

Kyrg (x,X) Z YKL (

Obviously, a stationary distribution v7 (x) can also (does always?) exist for this ker-
nel (Robert & Casella, 1999). These two kernels are connected by > 7% K\ (x,x') =

Zn o K7y (x,X'), if a stationary distribution v (x) exists (Berger & Casella, 2002).

Statlonary distributions are a complicated topic as they do not exist for every Markov
Chain (e.g., most importantly, they do not exist for physical control problems if the initial
policy is instable). Furthermore they are hard to infer if the state space is continuous.
Therefore we introduce average state distribution d™® (x) which becomes the stationary

distribution if it exists.

Definition 6 (Average state distribution) The average state distribution is given
by

d™ (x) = lim l/Xp(xo)z:Kfre (x0,%) dxo, (2.17)

where p(xg) denotes the start-state distribution. If the conditions of the law of W.
Doeblin are fulfilled, it becomes the stationary distribution, i.e., d™® (x) = v™ (x).

The discounted average state distribution is given by

K’Wre (X(),X)

dm (x) = /X ploo) =2 20X g, (2.18)

In the policy gradient literature d™ (x), and dZ® (x) are often referred to as stationary
distributions. For d™® (x), and d7j° (x), this is not a necessary but a sufficient condition. This
makes an essential difference as a stationary distribution cannot exits for an unstable task.
However, many tasks learned by humans, e.g., standing, walking, grasping, etc., are initially
unstable. Therefore, we could not apply the theorems based on the stationary distribution
in such tasks. Using our average state distribution instead, these tasks generalize.

Let us now close this section after another example which we use to bring light into the
complicated story. In this Example 8 we analytically discuss the stationary distribution
V™ (z;), and the average state distribution for the discounted case d° (z;) of the discrete
state and action.
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Example 8 (Discrete state and action problems) (a) Clearly in Example 2 (page 10),
and Ezample 4 (page 13), we are already given the kernel of a discrete state and action prob-
lem, i.e., Kry (xi,2;) = Pjj. In vector-matriz notation, we can now rewrite the definition
of a stationary distribution to v.= Pv with v = [1;] € R™. When solving for v, we get
the equation (I — P)v = 0. We realize, that v is an eigenvector of the transition matriz P.
Furthermore, we see that if the law of W. Doeblin is fulfilled, we get v = lim,,_,, P"S, i.e.,
a fast numerical approzimation of the stationary distribution v.

(b) In case, that a stationary distribution exists, we obviously have d™® (x;) = v;. If
it does not exist, we still get a not stationary average state distribution d™® (z;) = d; by
summing up d = % SN PIS, where d = [d;] € R"™. We will later see that we can also use
this measure for policy gradient methods where a stationary distribution does not exist.

(c) The second revelation comes from looking at Example J again. We see that we used
the resolvent of the transition kernel already in there. It is given by Kz, (x4, 25) = Kij with
K= [K;] € R™", and K = (1 —~) N ~'PL. It is clear ¥ = KS/ (1 — ) = [d]] € R,
and dZ® (z;) = dj .

What is the meaning of average state distributions for our applications? It has major
importance. Let us assume that we have a temporal sequence 7™ € T,, of length n given

by 7™ = [x1,U1,X2, U2, X3, U3, ..., Xp_1,Uy_1,Xy,], and a function
n—1
FOTY) = flxw).
=0

This trajectory has the same probability p (7" |x() as stated in equation 2.14. We intend
to evaluate the expectation Ezn {f (7")} = anp (T™|xg) f(T™)dT™ of this function for
such a sequence of length n. We get

Ere {f (T" x0)} = /T p(T" xo) f (T7) dT™,

n—1
_ /T S0 (T" Ixo) f (%, w)dT™,

n t=0

:/Z:Kﬂe (xo,x)/Uw(u\x)f(x,u)dudx.

When obtaining the average for all trajectories from all starting states with infinite length,
we can derive for the average reward case f (7") = 1 Z?:_(]l (x¢,uy), that

n—1
lim Er {% Z f(xt,ut)} = lim l p(x0)Ern {f (T" |x0)} dxo,
t=0

n—00 n—oo N Jx

= Jim [ [ ST KL o) [ 7 (i) fix ujdudnae

neen t=0 U

i L o .
= lim Xp(xo)/XZ:K7r9 (x0,%) dxo/U (ulx) f(x,u)dudx,

n—oo n
t=0

_ / i (x) / 7 (wlx) f(x, w)dudx,
X U
= Ed"re o {f(x,u)} .

Averages  in
trajectory and

sample view
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For the discounted case, i.e., f(7") = 2?2—01 Y f(xe, 1), we get

Er {Z’th(xtaut)} = lim XP(XO)ETn {f (T" [x1)} dx,

t=0
= lim XQ /
Kyr ;
= [0 / Koy 00 [ 7 wlx) £ ),
X x 1= U

_ / 0o (x) / 7 (wx) f(x, w)dudx,
X U
- Edﬂe ST Y {f(X,U)} .

We can conclude this in the sequence summation theorem.

th (xo, )/w(u[x)f(x,u)dudxdxo,
U

Theorem 1 (Sequence Summation Theorem) For the average reward case, the
relation between trajectories, and samples for a function f(T") = %Z?:_(]l (x¢, 1)
18 given by

—1
nlergoET{ ;%f X, Uy) } = /Xd“e (x)/Uﬂ(u Ix) f(x,u)dudx. (2.19)

For the start-state case, with a function f(T™) = Z?:_ol Y f(x¢,ut), we have

ET{thf(xt,ut)} = /Xdi;e (x)/Uw(u Ix) f(x,u)dudx. (2.20)

t=0

This theorem becomes already quite practical in order to calculate the expected return
as well as to derive the Fisher information matrix for natural gradient learning. The tran-
sitions kernel view in general allows us to bring reinforcement learning to a higher degree
of theoretical foundation. We will see both in the next section.

2.4 Kernel-based Expected Return

Let us now return to the expected return, and apply our newly derived knowledge here.
The expected return is then given by the theorem below.

Theorem 2 (Expected Return) The expected return is given by

J(mg) :/Xd’re(x)/[uﬂe (ulx)r(x,u) dudx, (2.21)

both in average reward, and start-state formulation.
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Proof. The proof is rather simple, we just set f (x,u) = r (x,u), and apply the sequence
summation theorem. We directly get this result, and therefore have obtained the expected
return. m
Clearly, we now have a sample-based representation of the average reward. If a station-
ary distribution v™® (x) exists, and the start-state distribution p(x) equals the stationary
distribution, i.e., p(xp) = ™ (x), we can show the equivalance of both the average reward
and the discounted reward case:
Lemma 1 (Connection between both formulations) The expected return of the av-
erage reward case is connected to the discounted start-state case
J(me) = (1 —=7) Jy (me [X, 07 (X)), (2.22)
if a stationary distribution v™® (x) exists, and the start-state distribution p(xg) equals the
stationary distribution, i.e., p(xg) = v™® (x).
Proof. We have by definition
1 (o 5.0 () = [ 7 GV (v a.
X
_ / V70 (x) / o (W[x) <r(x,u) +y / p (X fu,x) Vo (x’)dx’> du dx.
X U X
Since d™® (x) = v™@ (x), we see that
T, (mo .07 () = | 4700 [ 7o (ulx)rx.wau dx
—1—7/ vre (x)/we (u |x)/p(x’ lu,x) V™ (x')dx'du dx,
X U X
=J (7o) + ’y/ v (X) Ve (x')ax’,
X
= J(mo) +7Jy (me [X, 070 (x)) .
We can solve this and get
J (ra) = (1 =) J; (o X, ™ ()
which clearly proves our theorem. m
This theorem was first presented by Jaakola, Singh & Jordan (1994) in a slighly different
context. Baxter & Bartlett (2000) draw the slighly incorrect solution from it that this would
be the case for arbitrary start-state distributions. We can see from Example 3, and Example
9, that this extension is not true.
Lemma 1 allows us to draw an interesting conclusion: since the start-state distribution Connection
does not matter for v — 1, we immediately see from Lemma 1, that fory —1
7 (mo) = lim (1) 7, (o %o, (223)

for arbitrary start-state spaces and distributions if a stationary distribution v (x) exists.
The following example shows how that works for LQR.

Example 9 (Linear quadratic control) We study the expected return of linear quadratic
requlation problems as in Example 3, page 11, with the same Gaussian policy mg. In this

LQR expected
return connec-

tion
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tion

case, a stationary distribution v™® (x) exists if and only if the system is stable. For a stable
LQR system, we have lim,_,1 P, = P < oo. We can insert the expected return from Example
3 into equation(2.23), and get

Plyi_)ml(l — ) Jy (me [{x0}),

L1

: 1 T T

. 1

= P]yl_)rnl <— (I—7) 57(%1])7760 3 (R + ’beP-yb) O'2> ,
1

=5 (R+ b’ Pb) o?

= J(ﬂ'e).

This is exactly the solution we obtained in Example 3.

It is clear from Example 9 that the relation does not hold not for all v € [0, 1).

2.5 Analytical solution for the value function

Similarly interesting, we can also get a transition kernel-based view on the value function
for the discounted case. We can reformulate the Bellman equation by

VTe (x) = /Uwe (ulx) (r(x,u) +7/p(x’ lu,x) Ve (x’)dx’) du,
=" +7/Kﬂe (x,x") Ve (x")dx/,

by defining the state average reward 770 (x) = [;;7e (W|x)r(x,u)du. This is an Fredholm
integral equation of the second kind. In many cases, these equations cannot be solved.

However, for the case
1

\/fx fx Kry (x,X) dx/dx’

the solution is given by a Neumann series (Bronstein, Semendjajew, Musiol, & Miihlig,
1995). Since Kr, (x,X') is a probability, we have [y [ Kz, (x,X’) dx'dx = 1, and know that
this method can be applied if v < 1. The solution is

v <

V7e (x / th (x,x") 7™ (x)dx/,
Xi=0

/X th ’)/{U o (u[x)r(x', u)dudx’.

t=0

/ Komo (X, X) /U o (u[x') r(x’, u)dudx’.

We therefore know that V™ (x) does always exist, and can always be approximated in the
discounted case. This solution fits well into the sequence summation theorem. Furthermore,
we can derive the same for the average reward case from the Poisson equation if 77 (x) —
J(mg) is bounded by a real number.

We also see that if we learn models for p (x’|u,x), and 7(x’,u), we can analytically
determine the value function V™ (x), and do not need to learn it. However, determining
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all integrals is a non-trivial task for non-discrete problems. Let us assume, we have the
analytical models of p (X' [u,x) ~ p (¥’ |u,x), and 7#(x’,u) ~ r(x’,u). In this case, we can
test whether our approximator of V™ (x) ~ V™ (x) can ever stably approximate V™ (x).
For this we have to plug all these functions into the Bellman equation (or alternatively the
Poisson equation), and show that

770 ) = [ mo i) (Fxow) 40 [ 506 fux) V) ) du

holds. If we do model-based reinforcement learning, we can usually directly calculate the
value function from the analytical models. It is fairly obvious, that for many general func-
tion approximation methods used for Ve (x), e.g., tile-coding or multi-layer perceptrons,
this equations will not hold. However, for nearest neighbor, or locally weighted regression
architectures, it might very well hold. This agrees with Sutton & Bartos (1998) observation
that these methods are usually more applicable in reinforcement learning. However, we also
see that

uecl

V* (x) = max <r(x,u) + v/Xp (x" Ju,x) V*(x’)dx’> ,

is a very difficult integral equation. In fact, this integral equation usually has only few
solutions, and becomes unsolvable for most approximators of V* (x). This can also be seen
as a reason why greedy methods fail with function approximation.






Chapter 3

Policy Gradient Theory

The essential idea of policy gradient methods in general is to follow the gradient of the

average reward in parameter space to a locally optimal solution. This can be expressed as

9J(me)
00

041 =0+

, (3.1)
0=0,

where a; denotes a learning rate. Obviously, the main problem for policy gradient methods
is to obtain the policy gradient 90.J(mg)/ 06 in parameter space. Furthermore, we will see
that the standard policy gradient is often not efficient as it gets stuck in local minima.
This chapter deals with these problems. We will first present the policy gradient theorem
with continuous spaces and actions, and then show how the policy gradient estimate can
be improved using a baseline. Furthermore, we will present the compatible function ap-
proximation introduced by Sutton et al. (2000), and Konda & Tsitsiklis (2001, 2000, 2002).
We will show it cannot represent the state-action value function but only the advantage
function of the policy, and illustrate this with several examples. We will derive the optimal
baseline using the compatible function approximation. Subsequently, we will show how an
All-Action algorithm makes baselines obsolete. Finally, we will prove that Kakade’s “av-
erage natural gradient” is in fact the true natural gradient, and the whole reinforcement
learning problem boils down to learning the compatible function approximation.

3.1 Policy Gradient Theorem

The policy gradient theorem was first derived for the average-reward formulation by Policy gradi-
Marbach and Tsitsiklis (1998). Subsequently, Sutton et al. (2000) showed the same for the ent theorem
discounted start-state case. Both authors have shown the theorem for discrete state and

action spaces as well as discrete time. We will now present the theorem for continuous state

and action spaces.

Theorem 3 (Policy gradient theorem) For any continuous Markov decision prob-
lem in average reward and discounted start-state formulation, the policy gradient can
be expressed as

Ore) L | 070 (W) o () . (3.2)
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Figure 3.1: This figure shows the policy gradients for both (a) the one dimensional LQR
problems, and (b) the two-state problem. It is obvious in both figures that the large plateaus
in the expected return landscape cause major problems for the policy gradient approach.

Proof. The proof can be found in the Appendix. In Section 77, we have a proof based
on the second summation theorem which is more general. In Section 77, we modify for the
continuous case (Sutton et al., 2000). m

In Figure 3.1, the policy gradient of our two standard examples from the last chapter
is shown. Clearly, in both cases the policy gradient suffers significantly from the large
plateaus around the optimal solutions, and therefore might be get stuck in suboptimal
solutions. Furthermore, in Figure 3.1 (b), we realize that paths along the gradient lead out
of the admissible parameters area.

3.2 Baselines

Obviously, any method which increases the speed of convergence to the locally optimal
solution is desirable. Already Williams (1991, 1992) noticed that a baseline b™® (x) enhances
the convergence speed of policy gradient methods when we have to estimate the gradient.
Here, we will now show that we can add arbitrary baselines without affecting the expectation
of the policy gradient.

Theorem 4 (Baselines) FEven when an arbitrary baseline b™® (x) is subtracted from
the state-action value function Q™ (x,u), the policy gradient remains the same in ex-
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Figure 3.2: This figure shows the effects of baselines on the policy gradient estimates for the
two state problem. The blue arrows show the resulting gradient while the red arrows show
the gradient components contributed by single actions. The red arrows in (a) are scaled
down by 1/10, i.e., the resulting gradient length is roughly 1/10th of the single components.
Furthermore, all different actions lead to gradients in other directions which cancel out only
in expectation. In practice, the estimate will always be noisy. In (b), both the resulting
gradient as well as its component are shown on the same scale. As all components point
into the right directions, the resulting gradient estimate will have a reduced variance, and

increased accuracy. The size of gradient components is always smaller than the resulting
gradient.

pectation, 1.e.,

8J6(7979) — / d™e (X) %g‘x) (Qﬂe (x,u) — pTe (X)) dUdX, (33)
X U
_ [ e Ome (U[x) g
_/Xd (x)/IU 90 Q™ (x,u) dudx. (3.4)

Proof. Since mg (u[x) is a probability distribution, we have [;mo (u|x)du = 1, this

implies that
0 [ Ome(ulx), 0.

Subsequently, we use this in order to modify the previous theorem

% = /de? (x) /U W (Q® (x,u) — b™ (x)) dudx,
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Figure 3.3: In this figure, we compare the performance on the same learning problem with
and without a baseline. The red, jagged curves represent the performance with no baseline,
i.e., b™ (z) = 0. The green, smooth curves represent the perfromance with a baseline of
b™e () = V™ (). An approximate of the policy gradient is obtained using a single roll-out,
i.e., a trajectory of length 7" = 100 steps. After one roll-out, we do one offline update of the
parameters using a learning rate a; = o7 -1075. Please note that despite this successful trial,
many trials from other starting positions lead to suboptimal solutions. This can be seen as
part of the exploration- exploitation dilemma. In (a), we see the trajectory in parameter
space; in (b), and (c), the parameters are plotted versus time. We use the analytical value
functions Q™ (x,u), and V7 (z) for the updates.

B o Ome (U]x) o e Ome (u]x)
_/Xd (x)/ﬁjiae Q™ (x,u)du—1b (x)/lui86 dudx,

=0

I S Ome (ulx) oo
= /X dm (x) /U eaieQ (x,u) dudx.

Clearly this proves our theorem. m

However, the important question is what is the optimal baseline? We will address this
question in a following section. In Figure 3.2 (a), we can see how a simple baseline b™® (x) =
Ve (x) affects the performance of the learning system. Furthermore, in Figure 3.3 (a-b),
we can see the reason for this: the gradient contributions for each state and action are
calculated. The gradients components for different actions point in various directions if no
baseline (i.e., b™® (x) = 0) is used as can be seen in Figure 3.3 (a). However, using a baseline
b™e (x) = V™ (x), the components of all actions are aligned in a similar direction.

From the baseline theorem, we can directly see that the policy gradient 0.J(mg) /00
does not use the whole information included in the state-action value function Q™ (x,u).
Let us split it into the advantage function A™ (x,u), and the state value function V7 (x),
ie, Q™ (x,u) = A™ (x,u) + V7 (x). In this case, it is clear that

8J8(ge) _ /Xdﬁe (x) /U % (A™ (x,u) + V™ (x)) dudx, (3.5)
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B o Ome (W[X)
_/Xd (x)/UeaTA (x,u) dudx, (3.6)

since V™ (x) is not a function of u. This makes clear that all information in V7 (x) is not
necessary for determining the policy gradient, i.e., it is redundant.

3.3 Compatible Function Approximation

Clearly, we have to represent at least the advantage function A™ (x,u) or the whole state-

action value function Q7 (x,u), in order to calculate the policy gradient. In (Sutton et al.,

2000), the following derivation of a compatible function approximation is given. For Compatible
this we have to find a function approximator fi, g=e (x,u) which represents it so that the function ap-
squared error between these two is minimal, i.e., prozimation

E? = / d™ (x) / To (W]x) (Q™ (X,u) — fivy.qme (x,u))zdudx — min.
X U

The following theorem provides us with the necessary conditions for this equivalence.

Theorem 5 (Compatible basis functions) If a function approzimator
fwe.0me (X, 1) satisfies the compatibility

Ofwg gre W) 1 Img (ux) (3.7)
owe T me(ulx) 90 :

and, after convergence, (2) the error minimization
E? = / d™ (x) / T (W]x) (Q™ (X, 1) — fu,.Qmo (x,u))zdudx — min, (3.8)
X U

we can replace Q™ (X, u) by fi,.gme (X, U) so that we get

aja(ge) = /X ™ (x) /U wae,m (x, u)dudx. (3.9)

Proof. Assume that a function approximator fulfills the conditions (3.7), and (3.8). By
differentiating the error by the function approximation parameters wg, we learn that this
is only the case for

8E2 8 Wp, e iy
Fwg = /Xd” (x) /Uwe (ulx) ‘}0876@ (Q™ (x,u) — frvg,0me (x,u)) dudx = 0.

We can substitute for 0 fu,, ore /00 using equation (3.7), and obtain

/ d™ (x) % (Q™ (x,u) — fivg,0me (X, 1)) dudx = 0.
X U

By splitting the integral, we obtain

7o Ome (WIX) _ [ o Ome (ux) i
/Xd (x)/{U 50 Q (x,u)dudx_/xd (x)/{U 50 fwe,0me (X, u)dudx.
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This implies

00 00
which proves the theorem. m
From equation (3.7) it becomes clear that we do can derive the class of all compatible
function approximators easily. All we need to do is to integrate these basis functions up in
the function approximators parameter space.

0J(me) :/de(x)/UMfWB,Qws (x,u)dudx,

Theorem 6 (Compatible function approximation) A policy compatible function
approximator of the advantage function A™ (x,u) is given by

T

and of the state-action value function Q™ (x,u) by

1 87‘1’9 (u |X
o (U|x) 00

) T
Jwe,qme (X, u) = ) we + C™ (x), (3.11)

where C™@(x) represents unknown basis function. We will refer to fi, ave (X, 1) as
fwe (X, 1) from now on.

Proof. We integrate the basis functions over wg, and get

B 1 9o (ulx)
N e TR
B 1 Omg (u|x) T o
‘murx)( 00 > weot CT ).

This is a compatible function approximator. Using the previously derived result for the
integral of the derivative of the policy mg (W|x), i.e., [;dmg (u|x) /06 du = 0,we see that
the state value function equals

T
er(x):/Uyre(u|x)fw9(X,u)du: Uw

This implies that for fi,, gme (X,u) = Q™ (x,u) ,with Q™ (x,u) = A™ (x,u) + V7 (x),we
also have

du wo + C™ (x) = O™ (x).

o B 1 Omg (u|x) T B
A (X,u) - To (u ‘X) < 90 > Wo = fwe,ATre (X,U),

VT (x) = C™ (x).

This concludes the theorem. m

We clearly see the weakness of the state-action value function approximator fi, g=e (X,u),
i.e., we have to learn an additional function C™@ (x) = V™ (x) in order to learn wg, although
this function disappears in expectation of the gradient. However, it is not clear how we
could learn fy,, ave (X, u) directly from the data. We will study this in-depth in the Chap-
ter ??. From now on, we will focus on the advantage function approximator fy, (x,u) =
fwe,Ame (x,u), and show for our previous examples how it fits in.
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Example 10 (Gaussian policy) In order to derive the policy compatible function approz- Gaussian pol-
imation for our Gaussian policy (Example 1, page 9), we have to calculate the gradients of icy compatible

the policy with respect to its parameters: function  ap-
aﬂe wlx 1 proximation
% = o (x,u) (u— KT%)x,
T:ﬂ'e(x,u) —_+g(u—k )
which gives us the full gradient
Omg (ux) 2 17
—58 o (X, u) [ L (u—¥"x)xT, —L4 L (u—k"x) ]
By integrating in function approximation parameter space, we can obtain
1 87‘(9 (u ’X)
X, u) = dwy,
fiva (%) /ﬂg(u\x) 00 0
T
—wh | L (KN, Lk (w-KTx)|
L7 Lor 1 1 1 2 T T,)\2
= ;wlux— U—k xwlx—wg— +w2—3 (u —2uk’ x + (k x) > )
zwr{L — was3 L kT 013w2 U o
(3.12)
In here, we use wg = [Wip,wg]T. By this, we have obtained the compatible function ap-

prozimator.

Example 11 (Gibbs policy) Similarly, we can do the same for the Gibbs policy (Example Gibbs  policy
2, page 10). The derivative of the log-policy with respect to 0, would be given by compatible

function  ap-

1 o (ui|z;)  Ologm (uj|xj)

m(u; |xj) 00 - 96 prozimation
-3 <9T¢< ) —log (Zexp (070 (! |:c>>>>,
u' €U
= ¢ (ulz) =Y 7 (W) ¢ (v |z).

u'€lU
This implies

. =7 (ug|zy) if k=iANl=j
1 om(uiley) (g o) i k=iAl#j
m(uilz;) 08k 0 if k#i

The compatible function approzimation is given by fuw, (z,u) = dlog (u; |z;)/ 00Twe.

Example 12 (Decision border policy) Similarly, we can do the same for the decision Decision
border policy (Exzample 2, page 10). Here we have border  policy

) ] ) compatible
. 5 L Q%i if k=iAl= J 7& m function  ap-
™ (u, ‘xj) _ if k=iNj=m roximation
ju (Uz |5L'y) aekl 1 Zh 1 Okn p

if ki

The compatible function approzimation is given by fyw, (z,u) = dlog (u; |z;)/ 00T we.
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These example show very clearly how such a compatible function approximator can be
obtained. We will now show that for both cases it can indeed represent the advantage
function.

Example 13 (Linear quadratic control with Gaussian policies) Let us pick up Ex-
ample 1, page 9. We will now show that the advantage function A™ (x,u) of linear quadratic
control (Example 7, page 17) can be represented by the compatible function approximator
fwe (@, u) from Ezample 10, page 353. From Ezample 10, we know that the advantage for
LQR under policy g is given by

A (x,u)=—=[xT, u]H [ Z ] + % (R +b"Pb) o2, (3.13)

in the start-state formulation. We intend to show that the advantage function A™ (x,u)
from Example 7 can be represented by the compatible function approzimation fyw, (z,u)
from Example 10, i.e., A™ (x,u) = fy, (z,u). For this we compare all terms of A™® (x,u),
equation (3.12), and fy, (x,u), equation (3.13), respectively. This gives us
—kw{ +uwps k! gwi —kway ] 1
LT oy LK Lw 2
21 253 o3 W2
1 1
—wa— =g (R +~b"P,b) o?

using we = [wlT,wg]T. This means that we have five equations which have to be satisfied
by we. If we solve these, we obtain a unique solution

w; = —k (R++9b"P,b) 0? — yATP,bo?,
1 T 3
w2 =—3 (R—|—7b Pﬁ,b) o
which satisfies all five equations. Clearly, this shows that the advantage can be represented
in the compatible function approximator. It is clear from this and the previous example that

the same is true for the average reward case as it only differs by having v = 1 as we have
seen in Example 7.

Example 14 (Discrete actions & state spaces with Gibbs policies) Let us pick up
Ezample 2, page 10. Similarly, we can directly obtain the same result for deterministic
environments, i.e., Pr, € {0,1}. In this case, we can show that

AT (3, uj) = Q™ (i, uz) — V7™ (24)

= 7‘(5171'7 uj) + Z'Vpgkavﬂe (l'k) — Ve (332)

k=1
= (L= (uj |;)) (T(ﬂfz‘,uj) + ZvPﬁfEkV’re (:nk)>
k=1
=D (upe) ( r(wi, up) +ny7>g;;ckwe m)
h#j
= (1 - (u] ‘wl)) Qﬂ’s (wlauj) - ZW(U}L ‘.Z'Z) Qﬂe (%’,Uh)
h#j
dlogm (u; |z;) "
:% [Wl...(i—l)m} Qwe(ﬂfi,ul), e Q”e(:Ei,un), W(i—l—l)m---nm

Ologm (u; |x; T
_ g@(gﬂ )We-

]T
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Therefore it can also be represented by a policy compatible function approximator, and we
know that wg = [Q™ (x1,u1), ..., Q™0 (T, up)].

Furthermore, we can show that the state-action value function cannot be represented
without further basis function. For linear quadratic control with Gaussian basis functions,
we can even obtain the basis functions.

Example 15 (Compatible Q-function approximation) 7o undermine this claim, we
reexamine our Gaussian policy LQR control example (Example 1, page 9). If we could
represent fiy, (X, u) = Q™0 (x,u), we would have

1 1
T v T 2
—?,Uz;:—im (R+’7b Pfyb)O' s

—kw{ +wi LKk fwi —kwik ] 1] Q+1ATP, A 4ATPb

wl —wl LK Ll 2 7bTP,A R+ABTPL |7

wn the discounted start-state formulation. Without further derivation, we see that this is not
the case as there are more open parameters in this formulation than in the representation and
there is mo relationship among them. Furthermore, the relation between the rightmost lower
elements of the matriz and the relation of the constant addition are clearly a contradiction.
However, using additional basis functions

1 1 1
e 2

T 2
: 21— (B0 Prb) 0%,

O™ (x) = V™ (x) =
we could represent it. The same holds true for the average reward formulation where exactly
the same problem occurs.

The discussion in the previous section has shown fairly well that we are only interested in
advantage functions. In this section, we have seen, that we can only represent the advantage
functions without further basis functions. Furthermore, we have a compatible approximator
with linear constants as parameters. We will use this now to obtain three major results,
i.e., the optimal baseline, the all-action algorithm, and the natural gradient!.

3.4 The Optimal Baseline

Already for REINFORCE;, researchers (Williams, 1992; Gullapalli et al., 1994; Dayan, 1990)
asked themselves the question what might be the optimal baseline ™ (x). Similarly, this
question has arisen again due to refocusing on policy gradient methods, and researchers have
started investigating this topic again (Berny, 2000; Greensmith, Bartlett, & Baxter, 2001;
Weaver & Tao, 2001a, 2001b). For REINFORCE mostly the average return of the policy
b™e (x) = J (m), or the state value-function b (x) = V7@ (x) has been used. Nevertheless,
already Dayan (1990) was able to show that these baselines are suboptimal for a simple two-
state MDP. Berny (2000) was the first to show that the optimal baseline for REINFORCE
and related algorithms must minimize the variance of the gradient. Such an optimal
baseline can be denoted by

Ome (u|x)
00

b™ (x) = min Var
b(x)

1
(ﬁe o (fuvo (1) — b<x>>) |

Tt would be interesting to show that we can derive from the linear parameterization of the policy that
the advantage function always has the form of the compatible approximator.

State-action
value func-
tions need
additional ba-

sis functions

Optimal base-

line

Minimum
variance

baselines
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Using the compatible function approximation, we can try to search the optimal baseline
b™e (x) for approximation the policy gradient with a minimal variance. Instead of deriving
this result here, we will present it straight ahead and refer the interested reader to the
Appendix, Section 77, page 77.

Theorem 7 (Optimal baseline) The optimal baseline b™ (x) which minimizes the
variance . e (1)
o (U |X _
Var {773 (ulx) 6(99 (fwe (x,u) — b7 (x))} — min, (3.14)

s given by

_ Omg (u|x) Ome (U|x) dme (u|x)” 1
b™e (x) = F ;! / r="9 du, 3.15

where
B 1 Ome (u|x) dme (ufx)”
Fo (X) _/Uﬂe s ( 989 989 )du (3.16)

denotes a matriz of point X for policy mg with parameters ©.

Obviously, all integrals can be evaluated analytically, and therefore we have an algebraic
function with no unknown components except for the policy compatible function approxi-
mation parameters Wg in here.

The matrix Fg (x) is of greater interest: Kakade (2001) calls Fg (x) a point Fisher in-
formation matrix, and we will later discuss the background of this. However, already for
simple examples, Fg (x) can be non-invertible (see Example 16).

The reader might wonder why we do not discuss this theorem in a similar depth as
previous ones. The reason for this is two-fold. First, we will see in the next section that we
can make baselines obsolete using a simple trick, the All-Action Algorithm. Second, there
might be infinitely many optimal baselines since Fg (x) is not generally invertible.

3.5 All-Action Algorithm

We have seen in the last section, that we can obtain optimal baselines. However, these
appeared to be rather impractical as there might be infinitely many solutions for them.
This poses the question whether we might be able to make them obsolete. Luckily, this is
the case as Sutton already noticed in (Sutton et al., 2001) where he indicates that there is
an all-action algorithm.

Theorem 8 (All-action algorithm) The all-action form of the policy gradient does
not require any baselines. It is given in the form

9J(me)

55 :/Xd’re(x)Fe (x) wodx, (3.17)
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where

ujx) 00 00

can be derived analytically.

Fo (x) = /U We(l <87T9 (ufx) Imo (u MT) du (3.18)

Proof. We can obtain this directly from the baseline theorem

aJa(ge) — /Xdﬂe (x) /U % (fwe (%, 1) — b7 (x)) dudx,

[ e Ome (U ]x) 1 e (ulx)” o
= [ [ TR <We(u|x) Q) o b <x>>dudx,

e 1 Ome(ulx)dme (ulx)”
- /Xd o) /We W) @8 g Wl
:/d”" (x)Fg (x) Wwedx.

X

This clearly proves the theorem. m

Furthermore, if we define the all-action matrix F(0) = [, d™ (x)Fg (x)dx, we can All-action

express the policy gradient by

9J(me)

0 :/Xd”e(x)]:e (x)wadx =F(0)wg.

Therefore, we can get a minimum variance estimate already if we have just estimated the

average state density d™ (x), and the parameters wg with sufficient exactness.

be estimated.

Conclusion 3 (Baselines) In order to obtain a minimum variance estimate of the
policy gradient 0J(mg) /00, we do not need any baselines b™@ (x). Only the All-Action-
Matriz F(0), and the policy compatible function approximation parameters weg have to

Nevertheless, F(0) is difficult to estimate from the data even given Fg (x). In practice it
usually requires a large amount of trials. Furthermore, the problems with plateaus remain.

In Section 3.6, we will see that both problems can be avoided.

Example 16 (Gaussian all-action matrix) A simple example where the matriz Fg (X) Gaussian all-

is easy to determine is our Gaussian policy (Example 1, page 3). Here, we have

& 01 x) 01 x)T
Fe(x):/ o (1 x) ogg%(U\) Ogg%(U\)

00 alogwalong dlogm Olog
— ok ok ok do
_ﬁ/‘ WQ(U|X) abgwabng dlogm Olog du’

do ok do do

du,

action matrix
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Figure 3.4: This figure compares the natural gradient to the policy gradient. In (a), the
policy gradient, and in (b) the natural gradient of the LQR problem with a Gaussian policy
is shown. The LQR again had the parameters A =b =R = Q = 1, and v = 0.95. The
natural gradient had to be normalized to be nicely visible. In (c), the policy gradient, and
in (d) the natural gradient of the two state problem with a decision border policy. The
natural gradient of the two-state problem has not been normalized. The discount factor of
the two-state problem is v = 0.95.

Clearly, this matriz is not generally invertable since xx* is of rank 1. For a proof of this,
please refer to appendiz, Section A.1.5, page 53.

3.6 Natural Gradient

Natural gradients have received a lot of attention lately (Amari, 2000) as they improve
the performance of stochastic gradient estimators significantly: they are unbiased, have a
minimum variance, and do not get stuck in plateaus. In natural gradient methods, the
gradient multiplied with the inverse of the Fisher information matrix M (0) is used as
a new, more efficient gradient, i.e.,

9J(me)
00
A particular advantage of natural gradients is that plateaus are significantly less severe.
Since we have large plateaus already for the most simple problems (see Figure 3.1) this is
particularly helpful. However, local minima cannot be avoided by these methods.
Kakade (2001) shows that on the average, the Fisher information matrix M (0) can
become our previously introduced all-action matrix F(0), i.e., F(0) — M (0) for many

VJ(me) =M™ (0)
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(a) Trajectory in parameter space for LQR (c) Exploitation vs time
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Figure 3.5: This figure shows the performance of natural gradients in comparison to policy
gradients. In (a), you can see the performance in terms of a trajectory in the parameters
space. In (a), and (b), you can see the parameters over time. To make the performance
differences obvious, a large learning rate of v = o - 1073 was taken. For such learning rates,
there is practically no case where the optimal solution is being found by the policy gradient
algorithm in this problem unless the exploration rate is being fixed. The natural gradient,
however, converges to the optimal solution with no problem.

trials. This opens the question whether this can be the case in general From (Berger &
Casella, 2002), we know that for an estimation problem of J(mg) fT T)dT, the
Fisher information matrix is given by

M(0) = By {810521;(’]') 8103]9)(’]')T}7

if Vary {J(me)} < oo, and dJ(mg) /00 = [ R(T)dp(T)/00 dT by the Cramér-Rao in-
equality. We can derive

op(T) 0
= — ( ) (t| t—1, Yt— )7T( t— | t— ) )
90 20 (pxo J:llpx Xi—1, U1 Up—1 [X-1 )

o0 8 o0
= | p(xo0) (t\t—7t—)>—< W(t—’t—)>a
(pxot:1pxx1u1 86t];[l W X1
= (p(xo) p (% \xt_l,ut_1)> <Hw(ut_1 \xt_1)>
t t=1

8

1
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' i Olog T (Wy—1 [x4—1)
00 ’

t=1

dlogp(T) i Ologm (u_1]x¢-1)
oo 00

t=1

We can differentiate dlogp (7) /00 again, and we get

9 logp (T) f: 9?log mo (W1 [X¢—1)

08> = 06

From (Casella & Berger, 1999), we know that for any probability density function p (y) the

rule [, p (y) dlogp (y) /08- dlogp (y) Jo0 T dy = — Jyp(y)9*logp (y) /96* dy holds. Using
this rule and the sequence summation theorem, we can easily derive

M(0) = By {alo%g(’f) 8105;);919)(’]')T}’

& logp (T)
= _ET { 892 } )

> 82 log To (ut_l |Xt_1)
- {Z 00° ’

t=1

Ologmg (U|x) dlogm ulx)?
:Ed%{ o (u ) Dlog mo (1 x) }:F(e).

The all-action Therefore, we know that M (0) = F(0) is the Fisher information matrix in general (for
matriz is the average reward formulation). This proof extends Kakade’s (2001) statement, who
the Fisher showed that F(0) is the average of the Fisher information matrix. Using the relation
information 320 o Kt (%,X') = 752 3707 o Kl (%, X'), we see that the same is true for the start-state

matriz case, if a stationary distribution v™® (x) exists?.
If we now compute the natural gradient using the all-action gradient estimate, we get
~ oJ
Vo) = M~ (8) 21T _ M1 (6)F (6) wo = wo.

as shown by Kakade (2001) when assuming that it is just the average Fisher information
matrix. This allows us to draw the conclusion for Chapter 3.

Conclusion 4 (Policy gradient methods) In order to do policy gradient learning,
we do not need to estimate the stationary distribution d™® (x) nor the Fisher information
matriz F(0). The only parameter we need to estimate from the trials is the vector wg.

Due to conclusion 4, we know that the optimal way of policy gradient learning is to first
approximate Wg, and then use it as a parameter update. We will refer to this algorithm

2(an we make the start-state Fisher information matrix case more clear? I am not confident with it.
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as natural gradient learning (NGL). As we have not yet derived a method how to learn
fwe (X, ut), we will for now refer to it as a black box LEARN.

Algorithm 1 (Natural gradient learning NGL)
Initialize Op € R" arbitrarily.
Initialize update counter T'=0.
Initialize episode counter h =0.
Repeat (Updates)
Start at state xg € Xg from distribution p(Xq).
Repeat (Sample gathering)
Initialize time t =0.
Repeat (Episode)
Draw w; € U from distribution me, (U [x:).
Observe reward 7 (X¢, W), and next state Xiiq.
Upda,te fWeT (xt,ut) using LEARN(xt,ut,r(xt,ut) ,Xt_;,_l,h,T, t)
Increment t =1+ 1.
Until episode ends.
Increment episode counter h=h+1.
Until wg, converges.
Update O711 = O + UWo, -
Increment T'=T +1.
Until O converges.

We will analyze the estimation of wg (i.e., different approaches for LEARN) in Chapter
77, page 7?. Before doing so, we will review a few of the previously introduced reinforcement
learning methods, and relate them to previous policy gradient methods in Chapter ??7. Let
us now conclude this section by showing that if the learning system converges, it converges
to the optimal solution of the time-discrete LQR problem.

Example 17 (Natural gradients for LQR) From Ezample 13 (page 34), we know weg
of a Gaussian policy in linear quadratic regulation problems from FEzxample 1 (page 9).
Therefore, we have analytically determined the natural gradients of the Gaussian policy
for LQR, given by

- wi ] [ =k (R+~b"Pb) o —7ATPbo?
B —1 (R+~b"PDb) o? ’

for simplicity, we write P instead of P.. Asking the question of convergence, we can deter-
mine the fizpoints in parameter space of the difference equation 0yy1 = 0y + aV.J (mg), i-e.,
the points where V.J (mg) = 0. Clearly, we have

0=k (R+~b"Pb) + AT Pb,
— k= — (R+b"Pb) ' 1ATPY,
0= % (R+~b"Pb) o?,

— 0 =0.

LQR natural

gradient
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(a) Natural Gradient vs Greedy in LQR1 Qkk2 space) (b—d) Parameters over time
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Figure 3.6: This figure shows the performance of natural gradients in comparison to the
greedy approach. The value function V™ (x) has mean-zero Gaussian distributed errors. In
(a), you can see that the greedy learner goes straight close to the optimal solution, and then
jumps around close to the optimum due to the noise in the value function. The natural
gradient learner follows the straight path of the first greedy step, and subsequently turns
towards the optimal solution. Probably better recognizeable in (b-d), the natural gradient
is hardly affected by the noise of the system while the greedy approach is highly affected.
In here, we use a learning rate of ay = 0.1 -.J~ ! (7g) for the natural gradient. The region
of stable solution, i.e., the flat plateau in the middle, can be recognized well. The instable
solutions are behind all three edges.

This happens to be the optimal solution for time-discrete LQR problems. However, con-
vergence can be achieved by o = 0 alone. Furthermore, from the literature (Bertsekas,
2000), we know the dynamic programming update algorithm for deterministic LQR, i.e.,

ki1 = — (R+’bePtb)_l ’yATPtb. Let us compare this rule to the natural gradient up-
date 0,11 = 0, + ,V.J (o) = 0 + aywe, with O, = [K¢,04]. For this we heuristically
assume a learning rate of oy = —o 2 (R+’bePtb)_1. This learning rate also equals

ap = 2th2_1 = 2J7 1 (mg). It turns out that the two update rules for K; are identical for
this learning rate oy, i.e.,
kit1 =k +awy
=k — oy (k(R+~b"P;b) of +7ATPbo}),
— Kk — 0 2 (R+0"Pb) " (ki (R+~b7Pb) o + 7ATPbo?)
— Kk —k — (R+~7b7P,b) " 4ATP;b,
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— — (R++b"P;b) ' yATP,b,

Oi41 = O + w2

=0y — at% (R + bePtb) Uf’,

1
=01 —0;? (R+7b"Pb) ' 2 (R+7b7Pb) o],
1
=0t — §O-t7
1
= ?O'().

Clearly, the natural gradient update is in general collinear to a dynamic programming update, LQR dynamic
and for this specific learning rate they even become equal. This shows that the most famous programming
example for dynamic programming in optimal control is in fact also an example for natural and  natural
gradient learning®. Its performance can be seen in figure 3.6. gradient
learning  are

equivalent

3The part with the learning rate has to be explored more deeply...should we generally use a; = J~* (79)?
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Appendix A

Proofs for the Examples

A.1 Linear Quadratic Regulation Examples

A.1.1 Expected Return Derivation
Average Reward Case

Start-State Case

A.1.2 Value Function Derivation
Average Reward Case

Start-State Case

In this appendix section, we derive the result that the state value function of the Gaussian
policy

o (ulx) = \/2;7 exp (—% (u— ka)2> (A1)

for a given discrete-time LQR problem with matrices A, b, R, and Q can be defined as

’ L7 11 T 2
o — —xTp : P
VTe (x) 5X x+21_7(R+7b b)o

for the discrete-time, undiscounted start-state case where P is the solution of
P = [Q+~ATPA +7kb"PA +7ATPbK” + 7kb" Pbk” + kRK'].

Similarly, we have the state-action value function

R 1 Q+~ATPA  HATPL x
o — T
Q" (i) =5 [ %, ”][ YbTPA  R4+b7Pb | | u
17 T 2
+21_7(R+fyb Pb) o2

Proof. In order to obtain the value function, we have solve the Bellman equation for the
undiscounted case of this specific problem, i.e.,

Ve (x¢) = /UWG(XuU)QWQ (x¢,u) du.

As this becomes a nonlinear, vectorized Fredholm integral equation of second kind with a
scalar value function, this is difficult to solve. However, we can rewrite our system equation
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Proofs for the Examples

to

Xir1 = AXy + bug,
= Ax; + b (u; +wy),
= Ax; + bu; + bwy,
= Ax; + bkTx + buwy,

where w; are ‘errors’ which have a zero mean and are drawn from a mean-zero Gaussian
distribution

( ,| ) 1 w?
=uw'lmg) = xp | —— | .
plw=1wme \/2%026 P 202

The expectations of the ‘errors’ w; are given by

w=F {wt} = 0,
W = E {ww;} = %

This slight change in problem notation causes a large change in the difficulty of derivation
since the structure of the value function for this problem is well-known (7). It is given by
Stengel (?) as

~ 1
Ve (Xt) = §X?PX,§ + v,
with
vy = Avg + YUy,
for the discrete-time case. For the continuous time case, a similar formulation with
integrals is given in (7).
In order to do this, we have to define a state function V™ (x) so that we can solve the

upper equation. Instead of defining V7 (x) directly, we define Qo (x¢, ug) first and use it
to derive the policy value function.

Q" (xy,u) = E {7” (Xt u) + V™ (Xp41) + vt+1} ,

1
(X?th + Ru2) + 5’}’ (Axt + bU)T P (Axt + bu) + Vgy1-

N =

We have to integrate over the policy:
7m0 (x,) = / ro(xe, W)O™ (x, w) du,
U
= / mo(X¢, u) (r (x¢, u) + V™ (Ax; + bu) + vt+1> du,
U
L 7 L, 9
= we(xt,u) =X th + —Ru
U 2 2
1
+ 5"}/ (Axt + bu)T P (Axt + bu) + ’Y’Ut_:,_1> du.

Clearly, we can integrate the first term to

1 1
/ we(xt,u)gxtTthdu = éfoxt.
U
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The second term can be derived using integrals from Bronstein et al. (1995) if we assume
that U =R, i.e.,

/ To(Xt, u) lRuzalu
R

/ \/2_2 <— (u — kat) > %Ru2du,
o
1 T, \?2 2
/ \/_\/_ <——2 (u—k xt) )R X du,
Z(\/io'l}—kTXt)z
:% =—v2
— % / % exp (—v®) R (\/iav - kat>2 du,
/ exp R (20 — 2V200kTx; + (kat)2> du,
~ 20°R1 o o R2V3oKTx, 1 [ 5
= ﬁ§/exp(—v)vdv—T§/exp(—v)vdv
=72 =0
Kx:)” T
§R(\/_xt) / eXp( vz) dv,
=Vr
- %Rcf? + 1R (Kx;)?
= %Ra + 5% TKRK ;.

The integral [, mo (X, u) (AXx; + bu)” P (Ax, + bu) du can be split into pieces and subse-
quently solved to

/Rwe(xt, w)xI ATPAxdu = xI ATPAX,,

/R mo(xs, u)ubT PAx;du = xI kb PAX,,

/R 7o(xs, w)x, AT Pbudu = xT ATPbk x,,

/R 7o(xs, u)ubT Pbudu = bTPbo? + xI kbTPbkx,,

which gives us a full integral of

1
: / ro(xe, 1) (Axs + bu)T P (Ax; + bu) du,
R

1
=3 (x{ ATPAx; + x{ kb" PAx; + x" ATPbkx; + b"Pbo? + x{ kb" Pbk’x; + x{ kRkx,) .
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Similarly, we get
/ mo(Xe, u)vrr1du = vey .
R

Let us now determine the unknown parameters P and v;y1. By coefficient comparison, this
gives us the equation

xI'Px, = 5xf [Q + ATPA + kb”PA + ATPbk” + kb"Pbk” + kRK'] x,,

= [Q +7ATPA + 7kb"PA + yATPbK + 1kb" Pbk” + kRK”|
which we have to solve for P, and
v = % (R+ VbTPb) 0% + Vv,
vp = Av + Y4,
Av = % (R + vbTPb) o?
which gives us Av. We can clearly derive from
v = Av + Y1
= Av 4+ Av + vpyo
= Av+7Av+...—|—7tf_tAv—|—vtf

=ty—t

= 1’7_77A'U+'Utf
1+,th—t+1

1
<R - ibePb> o® + v,
Since the final state is the end of any trajectory we have v;, = 0. This gives us

11+ ,th —t+1
T
T2 1y
We now have all components of the value function for this policy for state x; at time ¢ for
the undiscounted start-state case, i.e.,

(R++b"Pb) o*

11 _|_,.th —t+1
21—
Clearly, the undiscounted formulation would not always exist as it grows with time. For
ty — 00, we get

- 1
V™ (x;) = =x{ Px; + (R+~b"PDb) o

) 1 11
Ve () = 5% Pxut 5 (R +7b7Pb) o?

Similarly, we have

Q™ (x1,w) = B {r (xi,u) + 7V (xi4) + 70141 }

1 1
5 (x{ Qx; + Ru?) + 57 (Ax; +bu)" P (Ax, + bu) + yue1,
- Q+ 'yAT PA  ~ATPDL Xy

=3 [ Xt ut ] T T
2 vb'PA R++b"Pb
1 7
2

tor (R 767 Pb) o2

1—
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A.1.3 Advantage Function Derivation
Average Reward Case
Start-State Case
In this appendix section, we derive the result that advantage function for linear quadratic
regulation (LQR) problems under policy mg is given by
™ L7 x 1 T 2
A e(x,u):g[x , u]H . —§(R+'yb Pb) o2,

with
H_ —297kb"PA — 7k (b"Pb + R) k" 7ATPD
B 7o PA R+~b"Pb |’
for the start-state case.
Proof. We have by definition

A7 (x,u) =7 (x,u) + V™ (Ax 4+ bu) — V7™ (x),
= Q™ (x,u) - V™ (x),

This gives us

i 1 2Q +vATPA  ~HATPD Xy
S T e e B i S A
1 T o 1 7 11 T 2
ST (9 P —xTPx, — = (2 Pb) o2,
+21_7(R—|—7b b)o 5Xi Pxi 21_7(3‘1‘713 b)o

We can now simplify the terms. Let us start with the outer constant, i.e.,

1o (2R +7b"Pb) o? — L (2R +~b"Pb) o2,

21—~ 21—~
ly—1 T 2

— 177 2R+ 4bTPb
21—y ZRATOTPD)

1
=5 2R+ YbTPb) 0.
Since %x;l’xt does not contain any u’s, we can move it into the matrix, i.e.,
Ho | Qt7A"PA 4ATPL T [P 0O
- bIPA R+4bTPL 0 0

_[Q+~1ATPA-P ;ATPD
vbTPA R+~b"Pb

Therefore, we have to simplify the upper-left element by
Q +~ATPA - P,
= Q +7ATPA - [Q +7ATPA + 7kb? PA + yATPbK” + 1kbT Pbk’ + kRK'],
= —7kb"PA — yATPbK — 7kb? Pbk” — kRKT,
= —27kbTPA — 7 kb PbKk! — kKRK'.
The last step is only possible due the symmetry of the formulation, i.e.,

FATPOK! = k! = 4kv! = 4kbTPA.
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By reinserting this element into matrix H we get
H_ —297kb"PA — 7k (b"Pb + R) kT 4ATPb
a Y PA R+b"Pb

This has proved our example. m

A.1.4 Compatible Function Approximation

Let us now show that the expected TD(0) advantage can be represented by the compatible
function approximation at least for this problem. We analyze all terms

1 1
—wy— = —5 (R+7b"Pb) o
1
wy =5 (R+ 76" Pb) o*
Let us now look this into our main equation

—kwl'L +wy Lkk” Iwi L —kwld ] 1 —29kb"PA -~k (b"Pb+R) kT ~7ATPb
! T2 Yo PA R+~b"Pb

iwl ? — 'UJQ?kT o3 w2
This gives us three equations due to the symmetry of both matrices:
1 1
kw1 7 Hwr— kkT —~vkb"PA — 57k (b"Pb + R) k",
1 1 1 1
—wi— — kup— = —7ATPDb
2W1 2 w2 P B Y )
1 1 1
—wy = =R+ -7bPb.
B2 gl gy
Clearly, the third of these equations is equivalent with our previous one. So we just have
to analyze the other two.

11 1
SWi—g — ks — —fyATPb
1 1
W1—2 = 2k'l,U2—3 + ’}/ATPb,
g g
1
=k (R+~b"Pb) o’ — + yATPD,
g
wi =k (R +~b7Pb) 02 + yATPbo?.

Let us now simplify the right side of the last missing equation:and reinsert it into the
equation (, i.e., due to symmetry). We now want to see whether it does not contradict
the previous equations. Therefore we insert the parameters into the left side of the last
equation:

1
kw1 7 +wr— kkT

=k (k (R+~b7Pb) +~ATPH)" a2i + = (R ++b"Pb) o —kkT

= —kk” (R +9b"Pb) — 7kbPA + = (R + bePb) kK7,
= —%k (R +7b”Pb) k' — 7kb” PA,

_ l _ T T T

=5 (-k(R+1b"Pb) k" — 29kb"PA).

Clearly, this shows that the expected TD(0) advantage can be represented in the compatible
function approximator.
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A.1.5 All-Action Matrix Derivation
53
A.1.6

A.2 Discrete State- and Action Example
A.3 All-Action Matrix

Double k-equation: The double k-equation is solved here

o0

/ 1 87T(x,u)87r(x,u)d
Tu) Ok Ok o

—0o0

()

= — R R
/\/27702€Xp< 2v>v o oo
—00

(o]
= exp [ —=v* | v*—=dw,
/ V2mo p( 2 > o
—00

XTqdj
=— (A.2)
Single k, single o-equation: The single &, single o-equation is solved here
/ 1 on(x,u) Om(x,u) du
w(x,u) 0o Ok; ’
= / 5 exp< 5Y > O_v(v 1) O_du,
Ji 1 L 9\ 2j 2
= exp [ —=v* | —=v (v° — 1) dv,
/ o < 2 > o ( )
=0. (A.3)
Double o-equation: The double o-equation is solved here
/ om(x,u) du,
m(x, u) Jo
7 1\N1,, 21
= / 5 exp( 2v > S (v 1) Udu,
Y 1\1, ., o
= exp | —=v° | — (v* — 1) dv,
/ 2ro p( 2 > o ( )
2

ag



