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1 Introduction

Finding an optimal strategy for acting in an environment based on past interactions with that environment

is a thread that links a wide array of research fields. It is important to neuroscientists and psychologists,

for example, because it is a problem brains must be able to solve in order to adapt to new environments. It

is important to computer scientists because machines that can solve this problem robustly would be highly

useful. Consequently, its mathematical formulation, known as reinforcement learning (RL), has been a focus

of intense academic study (sometimes under other names such as “trial-and-error learning”, “neuro-dynamic

programming” or “optimal control”) since as far back as the 1950’s [1].

Many useful algorithms have been derived, often with strong theoretical guarantees, since that time.

However, most of these algorithms and their theoretical results apply only to discrete environments; not

until the relatively recent proliferation of cheap computers and robotics has it been necessary (or even

possible) to study algorithms that are capable of scaling up to the high-dimensional, continuous state spaces

most often encountered in real world problems. A recent class of algorithms, inspired by the success of

gradient-based optimization in other areas of machine learning, have recently been shown, both empirically

and theoretically, to scale gracefully to these difficult environments [2]. Such policy gradient algorithms are

the focus of this study.

To give some brief intuition, suppose we are interested in obtaining an agent that is capable of safely

driving a car. The environment constitutes the car and the surrounding world (the road, traffic signs,

pedestrians, other cars, etc). We seek a policy for acting in this environment; that is, we seek a strategy for

moving the steering wheel and pedals in response to the current state of the environment. In particular, we

seek a policy which results in high reward, where reward is assigned for events like staying in between the

lines of the road, avoiding obstacles, and getting to the goal location without causing an accident. We will

see that given an environment, it is often possible to define a function that maps each policy to the expected

reward when acting according to that policy in the environment, and that certain tricks can be used to make

this function differentiable. We can then find a policy with locally optimal performance (expected reward)

by simply following the gradient of this function. The difficult part, it turns out, is coming up with tractable

ways of computing this gradient.

This study is organized as follows. Section 2 covers the basics of Reinforcement Learning. Section 3

introduces the basics of policy gradient algorithms. Sections 4 and 5 outline a core class of policy gradient

algorithms based on the so-called “likelihood-ratio” trick. Section 6 covers algorithms which follow the

natural gradient, an alternate formulation of the concept of gradient which has several advantages over the

standard gradient. Section 7 investigates off-policy policy gradient algorithms, which allow learning about

one policy while following another. Section 8 looks at policy gradient algorithms for classes of deterministic

policies, in contrast to the stochastic policy classes handled by most other methods. Section 9 briefly covers

finite-difference methods, a largely separate class of algorithms that originated in the stochastic simulation

community. Finally, Section 10 summarizes modern improvements which build on this foundational work.

We conclude by providing a summary of policy gradient methods and briefly discussing open problems in

the field.

2 Preliminaries

2.1 Markov Decision Processes

Throughout this study an environment is modelled as a Markov Decision Processes (MDP) [3]. An MDP is

a tuple 〈S,A, T, r, d0〉. Here S is a set of states and A is a set of actions. T : S × S × A → R is a function

such that T (s′|s, a) gives the probability of transitioning to state s′ given that the current state is s and the

agent executes action a. Note that the next state is conditionally independent of all other variables given

the current state and action, which is known as the Markov property. r : S × A → R is a function such
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that r(s, a) gives the reward yielded to the agent upon taking action a in state s, and d0 is a probability

distribution over states from which the initial state is chosen.

The agent that interacts with the environment is modelled as a policy. A policy is a function π : A×S → R
where π(a|s) gives the probability that the agent chooses action a in state s. We require that π(a|s) ∈ (0, 1)

for all s and a and
∫
A
π(a|s)da = 1 so that π(·|s) is a probability distribution for all s. We require π(a|s) > 0

because it will often appear as a denominator.

Interaction between the agent and the environment proceeds in discrete time steps beginning with t = 0.

The initial state s0 is chosen according to d0. The agent then selects action a0 according to π(·|s0) and

receives a reward r(s0, a0). Next, s1 is selected according to T (·|s0, a0), after which the agent selects a1

according to π(·|s1), and so on. A sequence of H interactions τ = (s0, a0, . . . , sH−1, aH−1, sH) is called a

trajectory. For a given environment, the trajectory length or horizon H is fixed. The return associated with

a trajectory is given by R(τ) =
∑H−1
t=0 γtr(st, at). γ ∈ (0, 1] is called a discount factor and controls the

extent to which value is placed on future rewards; smaller discount factors place progressively less value on

temporally distant rewards. H is allowed to be infinite only if γ < 1, a restriction which ensures that the

return converges. Tasks with finite H are called episodic, while tasks with infinite H are called continuing.

Let J(π) be the expected return using policy π in an MDP M = 〈S,A, T, r, d0〉:

J(π) = E

[
H−1∑
t=0

γtr(st, at)

]

Now, given some fixed policy class Π, the general reinforcement learning problem is to find π∗ such that

π∗ = argmaxπ∈Π J(π). All algorithms covered in this study assume that agent does not know T or r; it must

make due with the indirect information about T and r provided by interactions with the environment.

2.2 Value and Action-value Functions

The value and action-value functions are core components of most algorithms for finding and characterizing

high-return policies when H is infinite. The value function for a policy π maps each s ∈ S to the expected

return when following π given we start in state s:

V π(s) = E

[ ∞∑
t=0

γtr(st, at)

∣∣∣∣∣s0 = s

]
= E [r(s0, a0) + γV (s1)|s0 = s]

The action-value function is defined similarly:

Qπ(s, a) = E

[ ∞∑
t=0

γtr(st, at)

∣∣∣∣∣s0 = s, a0 = a

]
= r(s, a) + γE [Q(s1, a1)|s0 = s, a0 = a]

From these definitions, a number of useful relations immediately follow. For instance, J(π) = Es∼d0 [V π(s)]

and V π(s) = Ea∼π(·|s) [Qπ(s, a)].

2.3 Temporal-Difference Learning

Temporal-difference (TD) learning is a popular way to learn value and action-value functions for a given

environment/policy combination when T and r are not known. The central idea of TD learning is improving

past predictions based on current predictions [4]. In Reinforcement Learning, we are interested in predicting

return based on the current state (when learning the value function) or the current state-action pair (when

learning the action-value function).

We first consider learning the value function. Suppose that at time t an agent is in state st, and it

executes action at according to its policy π(·|st). This yields a reward r(st, at) and causes a transition into
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a new state st+1. The agent now has access to two temporally separated predictions of the value of state s,

namely V (s) and r(st, at) + γV (st+1). The latter of these should be more accurate as it is based on more

data, so we should modify V (s) so that it is more like r(st, at) + γV (st+1). When S and A are discrete and

the value function is represented as a lookup table, we can use the equation:

Vt+1(st) = Vt(st) + βt(r(st, at) + γVt(st+1)− Vt(st)) (1)

where Vt(s) gives our estimate of V (s) at time t, the quantity inside the brackets is called the temporal-

difference error or TD error, and {βt} is a sequence of learning rates which satisfy the stochastic approxi-

mation (SA) conditions [1]:

βt > 0
∑
t

βt =∞
∑
t

β2
t <∞ (2)

A similar update can be used to learn the action-value function:

Qt+1(st, at) = Qt(st) + βt(r(st, at) + γQt(st+1, at+1)−Qt(st, at))

When S and A are continuous, V and Q cannot be represented by a lookup table as there are now un-

countably many states and action. Instead, we must use parameterized function approximators Vu and Qw,

parameterized by vectors u and w respectively. TD learning then consists of updating the parameter vectors

based on the TD error:

ut+1 = ut + βt(r(st, at) + γVut(st+1)− Vut(st))
∂Vut(st)

∂u

wt+1 = wt + βt(r(st, at) + γQwt(st+1, at+1)−Qwt(st, at))
∂Qwt(st, at)

∂w
(3)

2.4 Greedy Reinforcement Learning

Most RL algorithms operate on the principle of Generalized Policy Iteration (GPI) [1]. Such algorithms work

by repeatedly alternating between policy evaluation and policy improvement steps. The policy evaluation

step entails finding the value or action-value function for the policy currently under consideration, usually

using TD learning. The policy improvement step uses the information gleaned during the evaluation step to

find a policy that improves upon the current one.

Many of the original RL algorithms employ a greedy policy improvement step [1]. That is, they choose

a new policy which, in every state, picks the action that maximizes the action-value function of the current

policy in that state. Using this scheme, the policy for the next GPI iteration is completely determined by

the action-value function for the current GPI iteration. Consequently, we do not need to explicitly maintain

a policy; we can view it as implicitly defined by the action-value function. SARSA (state-action-reward-

state-action) is a popular algorithm along these lines [1]. Each time step, SARSA updates its estimate of the

action-value function using Equation (3), and then chooses a new action by selecting the action which has

the highest estimated Q value in the current state (possibly with a small chance of choosing other actions

to provide exploration).

When the first policy gradient algorithms came out, it was not known whether it could be guaranteed

that SARSA will eventually converge to a fixed policy when using function approximation. Hence, policy

gradient algorithms, which can be shown to converge with linear function approximation, were seen as

a major improvement. However, Perkins and Precup [5] showed that SARSA is convergent with linear

function approximation, somewhat mitigating that advantage. Fortunately, policy gradient techniques still

have the advantage of connecting RL with the wealth of gradient-based innovations coming from the field

of supervised learning (such as the natural gradient, see Section 6). Policy gradient methods also provide

increased flexibility in the range of policies that are permitted compared to greedy techniques, and provide
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a means of including prior knowledge about the environment by selecting the policy class appropriately.

2.5 Actor-Critic Algorithms

Actor-critic algorithms constitute another set of GPI algorithms [1, 6, 7]. Similar to greedy methods, actor-

critic methods use temporal-difference learning to maintain an estimate of the action-value function for the

current policy. They differ from greedy methods in how they implement their policy improvement step.

Instead of defining the policy for the next iteration implicitly in terms of the action-value function learned

on the current iteration, actor-critic algorithms represent the current policy explicitly, separate from the

action-value function. In particular, actor-critic algorithms work with policies that are parameterized by a

real-valued vector, θ, with each value for θ mapping to a policy πθ. The name “actor-critic” comes from

this dichotomy: the actor is the policy itself, and the critic is the module which maintains an estimate

of the actor’s performance, providing information that the actor can use to update itself and improve its

performance.

If state and action spaces are assumed to be discrete, then a common class of parameterized policies for

use in actor-critic architectures is the lookup table softmax (a.k.a. Gibbs or Boltzmann) [1]. Policies in this

class have the form:

πθ(a|s) =
eθ(s,a)∑
b∈A e

θ(s,b)

assuming that the parameter vector θ is used as a lookup table which can be indexed by state-action pairs.

In most actor-critic algorithms, the role of the critic is to maintain an estimate of the value function for

the actor’s current policy using temporal-difference learning. The critic’s learning is thus accomplished using

Equation (1). Different actor-critic algorithms use different techniques for updating the actor’s policy. If we

are in state s and take action a, arriving in state s′ and receiving reward r, then if s′ seems like a “good”

state, we should update θ such that the actor is more likely to choose a next time it is in state s, and vice

versa for “bad” states. Consequently, one of the earliest actor-critic algorithms used the update:

θ(s, a) = θ(s, a) + αt (r + γV (s′))

where {αt} is the actor’s learning rate sequence which satisfies the SA conditions (2). Subsequently, Sutton

[7] (which coined the term “actor-critic”) explored using the update:

θ(s, a) = θ(s, a) + αt (r + γV (s′)− V (s))

and found it to have much better performance than the original update method. An intuitive explanation

for this is that r+γV (s′)−V (s) can be regarded as an unbiased estimate of Q(s, a)−V (s). It thus matches

more closely with what we want to quantify, namely how much better it is to take action a in state s than

the other actions. Both actor and critic perform a learning update on every time step.

Actor-critic algorithms are two-time scale algorithms, which means that each of the two components

uses a different learning rate sequence ({αt} and {βt} for the actor and critic, respectively). Many actor

critic algorithms (e.g. Konda and Tsitsiklis [8]) require that the critic learn faster than the actor, and, in

particular, that αt
βt
→ 0. With this satisfied, when the actor changes its policy the critic is able to learn the

value function for the new policy quickly, allowing the actor to make its next update using (approximately)

correct information [6].

We introduce actor-critic algorithms here because many of the policy gradient algorithms we will en-

counter are in fact actor-critic algorithms. However, the policy gradient algorithms generally update the

parameters of the actor in more principled ways (i.e. following the gradient of the objective with respect to

θ), and may TD-learn different quantities in the critic.
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3 The Policy Gradient

With the preliminaries out of the way, we are finally in a position to introduce policy gradient algorithms. As

in the case of actor-critic algorithms, we will always work with policy classes parameterized by a real-valued

vector θ, i.e. Π = {πθ|θ ∈ R|θ|}.
We have established that the goal in reinforcement learning is to find the policy which yields the largest

expected return, i.e. find π∗ = argmaxπ∈Π J(π). Since each parameter value maps to a policy, we can treat

our objective function J as a function of θ instead of πθ. The RL problem is then:

θ∗ = argmaxθ J(θ)

J(π) is a differentiable function, so if πθ is a differentiable function of θ, then J(θ) is a differentiable function.

We can thus optimize this function using the standard method of (first-order) gradient ascent. Given some

initial θ0, we choose successive values of θ according to the rule:

θt+1 = θt + αt
∂J(θt)

∂θ

where {αt} satisfies the usual SA conditions (2). This leaves the question of calculating ∂J(θt)
∂θ . One approach

is to write J(θ) as an expectation over trajectories of length H:

J(θ) = Eτ∼Pπθ [R(τ)] =

∫
Pπθ (τ)R(τ)dτ

where Pπ(τ) = d0(sτ0)
∏H−1
t=0 π(aτt |sτt )T (sτt+1|sτt , aτt ). We could then attempt to differentiate straightfor-

wardly:

∂J(θ)

∂θ
=

∫
∂Pπθ (τ)

∂θ
R(τ)dτ (4)

Unfortunately, calculating this exactly would require summing/integrating over all trajectories for every

gradient computation, which is clearly infeasible (e.g. there are |S|H |A|H trajectories in the discrete case).

Even more problematically, it requires having acces to the environment model T which is usually not available.

The bulk of the research on policy gradient algorithms involves finding computationally tractable ways of

approximating this gradient.

4 REINFORCE and the Likelihood-Ratio Trick

Williams [9] was among the first to explicitly consider using gradient methods in reinforcement learning.

The product of his efforts was the REINFORCE algorithm, which is still widely used today for its simplicity

and wide applicability. REINFORCE uses what is known as the likelihood-ratio trick, combined with the

weak law of large numbers, to approximate the intractable integral in Equation (4) using sample trajectories

obtained by acting according to policy πθ, assuming we are interested in evaluating the gradient at parameter

value θ.

We begin by deriving two identities that will be used repeatedly throughout the remainder of the study.

Both are elementary, but it will be useful to state them explicitly. The first follows from simple properties

of derivatives:
∂ log f(θ)

∂θ
=

1

f(θ)

∂f(θ)

∂θ

where log denotes the natural logarithm and f is a function such that both f and log f are differentiable.
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The second identity is:

∂ logPπθ (τ)

∂θ
=

∂

∂θ

(
log

(
d0(sτ0)

H−1∏
t=0

T (sτt+1|sτt , aτt )πθ(a
τ
t |sτt )

))

=
∂

∂θ

(
log d0(sτ0) +

H−1∑
t=0

log T (sτt+1|sτt , aτt ) +

H−1∑
t=0

log πθ(a
τ
t |sτt )

)

=

H−1∑
t=0

∂ log πθ(a
τ
t |sτt )

∂θ

where the last equality uses the fact that neither T nor d0 depends on θ. We can now use the likelihood-ratio

trick to turn Equation (4), the naive expression of the gradient of J(θ), into an expression that can be

estimated using sampled trajectories:

∂J(θ)

∂θ
=

∫
∂Pπθ (τ)

∂θ
R(τ)dτ

=

∫
Pπθ (τ)

Pπθ (τ)

∂Pπθ (τ)

∂θ
R(τ)dτ (5)

=

∫
Pπθ (τ)

∂ logPθ(τ)

∂θ
R(τ)dτ (6)

=

∫
Pπθ (τ)

(
H−1∑
t=0

∂ log πθ(a
τ
t |sτt )

∂θ

)
R(τ)dτ (7)

= Eτ∼Pπθ

[(
H−1∑
t=0

∂ log πθ(a
τ
t |sτt )

∂θ

)(
H−1∑
t=0

γtr(sτt , a
τ
t )

)]
(8)

Line (5) is the likelihood-ratio trick itself and lines (6) and (7) follow from applying identities 1 and 2,

respectively. We can now use the weak law of large numbers to estimate this expectation from trajectories

sampled following policy πθ:

∂J(θ)

∂θ
≈ 1

N

N∑
i=1

(
H−1∑
t=0

∂ log πθ(a
τi
t |s

τi
t )

∂θ

)(
H−1∑
t=0

γtr(sτit , a
τi
t )

)
where τi ∼ Pπθ (9)

All quantities in this estimator are readily available since we observe the reward r(s, a) as we interact with

the environment, and we have assumed that πθ is a differentiable function of θ.

We note that, in principle, the likelihood-ratio trick can be applied using a sampling distribution P other

than Pπθ . However, one must choose P with care because, as we will see in Section 7, the variance of gradient

estimator can grow quickly as P and Pπθ diverge.

5 The Policy Gradient Theorem

The Policy Gradient Theorem (PGT) improves upon the REINFORCE algorithm in a number of ways. For

one, it applies to infinite-horizon problems, unlike REINFORCE. Furthermore, PGT takes advantage of

the fact that actions only affect rewards encountered at later times (not earlier ones) to obtain a gradient

estimator with lower variance. This can be derived formally from the REINFORCE gradient expression. We
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first note that we can rearrange (8) to obtain:

∂J(θ)

∂θ
= Eτ∼Pπθ

[
H−1∑
k=0

H−1∑
`=0

∂ log πθ(a
τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k)

]
(10)

=

H−1∑
k=0

H−1∑
`=0

Eτ∼Pπθ

[
∂ log πθ(a

τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k)

]
Now we consider terms of this expression wherein k < ` (meaning the action comes after the reward):

Eτ∼Pπθ

[
∂ log πθ(a

τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k)

]
= Eτk:`

[
∂ log πθ(a

τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k)

]
=

∫
Pπθ (τk:`)

∂ log πθ(a
τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k) dτk:`

=

∫
πθ(a`|s`)T (s`|s`−1, a`−1)Pπθ (τk:`−1)

∂ log πθ(a
τ
` |sτ` )

∂θ
γkr(sτk, a

τ
k) dτk:`

=

∫
T (s`|s`−1, a`−1)Pπθ (τk:`−1)γkr(sτk, a

τ
k)

(∫
πθ(a`|s`)

∂ log πθ(a
τ
` |sτ` )

∂θ
da`

)
ds` dτk:`−1

But notice that making using of identity 1, we have:∫
πθ(a`|s`)

∂ log πθ(a
τ
` |sτ` )

∂θ
da` =

∫
∂πθ(a

τ
` |sτ` )

∂θ
da` =

∂

∂θ

(∫
πθ(a

τ
` |sτ` )da`

)
=

∂

∂θ
(1) = 0

Thus, all terms in Equation (10) wherein k < ` have mean 0, and we get:

∂J(θ)

∂θ
= Eτ∼Pπθ

[
H−1∑
`=0

∂ log πθ(a
τ
` |sτ` )

∂θ

(
H−1∑
k=`

γkr(sτk, a
τ
k)

)]
This can be used once again with the weak law of large numbers to derive an estimator with lower variance

than the one given to us by REINFORCE. However, we can also go one further and derive an algorithm

that is more appropriate for infinite-horizon problems. Assume H =∞. Let dπθ` (s) be the probability that

the agent is in state s after acting according to policy πθ for ` steps. Then dπθ (s) = (1 − γ)
∑∞
`=0 γ

`dπθ` (s)

is the long term discounted distribution over states when following policy πθ. Now:

∂J(θ)

∂θ
= Eτ∼Pπθ

[ ∞∑
`=0

∂ log πθ(a
τ
` |sτ` )

∂θ

( ∞∑
k=`

γkr(sτk, a
τ
k)

)]

= Eτ∼Pπθ

[ ∞∑
`=0

∂ log πθ(a
τ
` |sτ` )

∂θ
γ`

( ∞∑
k=`

γk−`r(sτk, a
τ
k)

)]

= Eτ∼Pπθ

[ ∞∑
`=0

∂ log πθ(a
τ
` |sτ` )

∂θ
γ`Q(s`, a`)

]

=

∞∑
`=0

E(s`,a`)∼Pπθ

[
∂ log πθ(a`|s`)

∂θ
γ`Q(s`, a`)

]

=

∞∑
`=0

∫
S

∫
A

γ`dπθ` (s)πθ(a|s)
∂ log πθ(a|s)

∂θ
Q(s, a) da ds

∝
∫
S

dπθ (s)

∫
A

∂πθ(a|s)
∂θ

Q(s, a) da ds (11)
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This is the content of the Policy Gradient Theorem [10], and Konda and Tsitsiklis [8] arrived at a similar

result independently.

5.1 Compatible Function Approximation

The formula for the policy gradient given by the PGT requires the action-value function Q(s, a) to be

known, which will typically not be the case; it will usually have to be estimated from experience. If working

in a continuous state space, function approximation will be necessary. In general, function approximation

introduces a source of error, and it is possible that this error could bias our gradient estimates when our

approximation f(s, a) is substituted for Q(s, a) in Equation (11).

Fortunately, it can be shown that function approximators that are linear in ∂ log πθ(a|s)
∂θ are compatible

with the PGT, in the sense that they will not bias the gradient estimates [8, 10]. In particular, let us define

fw(s, a) = wT ∂ log π(s|a)
∂θ and choose w satisfying∫

S

dπθ (s)

∫
A

πθ(s, a)[Qπθ (s, a)− fw(s, a)]
∂fw(s, a)

∂w
da ds = 0

which implies that w (locally) minimizes the mean squared error 1
2

∫
S
dπθ (s)

∫
A
πθ(s, a) (Q(s, a)− fw(s, a))

2
dads.

Then it can be shown that:

∂J(θ)

∂θ
=

∫
S

dπθ (s)

∫
A

∂πθ(a|s)
∂θ

fw(s, a) da ds (12)

We can now derive a gradient based actor-critic algorithm [8]. We assume the critic learns using Equation

(3) with fw(s, a) substituted for Qw(s, a). In the average reward case, the actor is assumed to update its

parameters according to:

θt+1 = θt + αtΓ(w)fw(st, at)
∂ log πθ(at|st)

∂θ

where Γ(w) is a normalizing function. See Konda and Tsitsiklis [8] for more details.

One caveat is that the restriction that ∂ log πθ(a|s)
∂θ be used as features for fw(s, a) restricts fw(s, a) to

have mean 0 for all states, since:

Ea∼πθ(·|s) [fw(s, a)] = wTEa∼πθ(·|s)

[
∂ log πθ(a|s)

∂θ

]
= wT

(∫
A

πθ(a|s)
∂ log πθ(a|s)

∂θ
da

)
= wT

(∫
A

∂πθ(a|s)
∂θ

da

)
= wT

∂

∂θ

(∫
A

πθ(a|s)da
)

= 0

It is possible to directly use fw(s, a) to approximate Q(s, a), though this 0 mean restriction can make

this task difficult since Q(s, a) will generally not be 0 mean [11]. An alternative is to make fw(s, a) an

approximation of the advantage function, which does have 0 mean:

A(s, a) = Q(s, a)− Ea∼π(·|s)[Q(s, a)] = Q(s, a)− V (s)

Sutton et al. [10] provide additional results showing that if fw(s, a) is used to approximate A(s, a) instead

of Q(s, a), then Equation (12) still holds. Estimating A(s, a) using temporal-difference learning is more

involved than doing the same for Q(s, a) since it also requires simultaneously estimating the value function;

such an algorithm can be found in Peters and Schaal [11], but is beyond the scope of this study.
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6 The Natural Policy Gradient

One drawback of standard policy gradient algorithms is that the gradient direction, the direction of steepest

ascent of the objective function, is dependent on the parameterization of the policy.

6.1 Motivation

Formally, in finding the gradient of J(θ) with respect to θ, we are finding a vector dθ such that J(θ+ dθ) is

maximized, under the restriction that ‖dθ‖2p = ε for ε a small positive constant. This means that the value

of the gradient is dependent on the domain space of J(θ), and, in particular, which norm ‖ · ‖p is used in

that space. The standard gradient that we have used thus far uses the Euclidean norm ‖dθ‖2 =
√
dθT dθ,

and one consequence of this is that the standard gradient direction is dependent on how our policies are

parameterized; it is said to be non-covariant [12]. More concretely, suppose we have two policy classes Π1

and Π2 which contain the same set of policies, but are related to their parameter spaces in different ways.

For two policies πθ1 ∈ Π1 and πθ2 ∈ Π2 which induce the same distribution over trajectories (that is, they

are the same policy), it will often happen that ∂J1(θ1)
∂θ and ∂J2(θ2)

∂θ point in different directions (i.e. moving

in the direction of ∂J1(θ1)
∂θ yields a different set of effective policies than moving in the direction of ∂J2(θ2)

∂θ ).

It is thus difficult to stand by the standard gradient as the “direction of steepest ascent” [13].

The key to solving the non-covariance problem is to use a norm in the domain space which only takes

into account the differences between the distributions over trajectories Pπθ and Pπθ+dθ , and disregards the

distance between the parameter vectors θ and θ + dθ, which is dependent on the parameterization. This

makes sense when we recall that our objective function is:

J(θ) =
∑
τ

Pπθ (τ)R(τ)

The value of the objective function for a policy is completely determined by the probability distribution

over trajectories that the policy induces, and it is therefore the size of the change to this distribution which

should be taken into account when measuring the size of a policy perturbation dθ.

6.2 Derivation

The natural gradient was first introduced into the machine learning literature by Amari [14] for the case

of supervised learning. It was subsequently applied to derive an improved policy gradient algorithm for

infinite-horizon average reward reinforcement learning by Kakade [12] (average reward is an alternative to

discounted reward for infinite-horizon problems). Bagnell and Schneider [13] put this algorithm on firm

theoretical ground (it was originally suggested as a heuristic), and extended it to finite-horizon and infinite-

horizon discounted problems. Here we present the derivation for finite-horizon problems. The usual way to

derive the natural gradient uses Riemannian probability manifolds and the methods of information geometry

[15], which we do not have the space to develop here. Instead, we present a shorter derivation based on a

second-order Taylor approximation to the KL-divergence between distributions over trajectories.

We have stated that we would like to define a norm in the domain of J(θ) which only takes into account

the distributions over trajectories induced by the policies. One well known measure of the difference between

two distributions is the KL divergence, which, for two distributions P and Q, is defined as:

KL(P ||Q) = −
∫
P (τ) log

Q(τ)

P (τ)
dτ

Ideally, we would like to use the KL-divergence to define a norm measuring the size of the perturbation

dθ, but which only takes into account the difference between the probability distributions Pθ and Pθ+dθ.

Unfortunately, the KL-divergence between Pθ and Pθ+dθ cannot be used as such a norm, because it will not

in general satisfy the scalar multiplication requirement of norms. One alternate possibility is to use a second
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order approximation to the KL-divergence. Define the function Dθ(θ
′) = KL(Pπθ ||Pπθ′ ), and consider the

second-order Taylor approximation of Dθ about θ:

D̃θ(θ
′) = Dθ(θ) +

∂Dθ

∂θ′
(θ)(θ′ − θ) +

1

2
(θ′ − θ)T ∂

2Dθ

∂θ′2
(θ)(θ′ − θ)

The KL divergence of a distribution with itself is 0, so Dθ(θ) = KL(Pπθ ||Pπθ ) = 0. Another basic fact is

that the global minimum of Dθ(θ
′) is θ, and since the gradient of a function is 0 at its global minima, we

have ∂Dθ
∂θ′ (θ) = 0. Thus, letting G(θ) = ∂2Dθ

∂θ′2 (θ), we have:

K̃L(Pθ||Pθ′) = D̃θ(θ
′) = (θ′ − θ)TG(θ)(θ′ − θ) = dθTG(θ)dθ

It can be shown that G(θ) is the well-known Fisher information matrix of the probability distribution Pπθ :

G(θ) = Eτ∼Pπθ

[
∂ logPπθ (τ)

∂θ

∂ logPπθ (τ)

∂θ

T
]

We restrict ourselves now to cases where G(θ) is positive definite (pathological cases wherein G(θ) is singular

and thus only positive semi-definite are possible), and thus ‖dθ‖G(θ) =
√
dθTG(θ)dθ is a valid norm. This

norm, which takes into account only differences between induced distributions instead of differences between

parameter vectors, is the norm used to define the natural gradient in lieu of the Euclidean norm. The fact

that the norm is dependent on θ is not an issue as it is only used locally.

There is one final result we need in order to derive an algorithm based on the natural policy gradient,

which is how to calculate the gradient using this alternate norm. Denoting the natural gradient as ∂̂J(θ)
∂θ , a

Lagrange multiplier argument [13] can be used to show that:

∂̂J(θ)

∂θ
= G(θ)−1 ∂J(θ)

∂θ
(13)

This result allows the derivation of an algorithm for episodic MDPs which ascends the natural gradient [13].

To estimate the natural gradient at a point θ, we estimate the standard gradient using a REINFORCE-style

estimator, and simultaneously estimate the Fisher information matrix G(θ) from the trajectories sampled

as part of the gradient estimation. Finally, we perform the calculation in Equation (13). This algorithm

has been shown to learn dramatically faster than the standard gradient [13]. In particular, it eliminates the

problem of “plateaus”, which are large regions of parameter space wherein the standard gradient is nearly

0, causing standard gradient ascent to progress extremely slowly.

6.3 Natural Actor-Critic

Peters and Schaal [11] develop the Natural Actor-Critic (NAC) algorithm, which does not require the Fisher

information matrix to be explicitly estimated. Here we present the version appropriate for infinite horizon

problems, and in the next section we present the episodic version. First note that for infinite-horizon

discounted reward problems, the Fisher information matrix at a point θ is equal to the integral of the Fisher

information matrices of the action distributions for each state (i.e. πθ(·|s)) weighted by the discounted

reward distribution dπθ [13]. That is:

G(θ) =

∫
S

dπθ (s)Gπθ(·|s)(θ) ds =

∫
S

dπθ (s)

∫
A

πθ(a|s)
∂ log πθ(a|s)

∂θ

∂ log πθ(a|s)
∂θ

T

da ds

We now use an interesting result that was proved (but not directly used in an algorithm) by Kakade [12].

The result relates to compatible function approximation from our discussion of the Policy Gradient Theorem,

and states:
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Theorem 1. Kakade [12]. Assume a vector w ∈ R|θ| is such that fw(s, a) = wT ∂ log πθ(s,a)
∂θ minimizes

ε(w; θ) =

∫
S

dπ(s)

∫
A

πθ(a|s) (fw(s, a)−Q(s, a; θ))
2
da ds

Then ∂̂J(θ)
∂θ = w.

That is, the weight vector of a compatible function approximator (as defined in the section on PGT)

is the natural gradient. The proof of Theorem 1 is straightforward. We start from the Policy Gradient

Theorem with compatible function approximation:

∂J(θ)

∂θ
=

∫
S

dπθ (s)

∫
A

∂πθ(a|s)
∂θ

fw(s, a) da ds

=

∫
S

dπθ (s)

∫
A

πθ(a|s)
∂ log πθ(a|s)

∂θ
fw(s, a) ds ds

=

∫
S

dπθ (s)

∫
A

πθ(a|s)
∂ log πθ(a|s)

∂θ

(
∂ log πθ(a|s)

∂θ

T

w

)
da ds

=

(∫
S

dπθ (s)

∫
A

πθ(a|s)
∂ log πθ(a|s)

∂θ

∂ log πθ(a|s)
∂θ

T

da ds

)
w

= G(θ)w

But we also know that:

∂̂J(θ)

∂θ
= G(θ)−1 ∂J(θ)

∂θ
= G(θ)−1G(θ)w = w

�
Similar to the situation with PGT, this result still holds if fw(s, a) approximates the advantage function

A(s, a) instead of Q(s, a), and approximating A(s, a) can be done more easily since both fw(s, a) and A(s, a)

have mean 0 because of the restriction on the features used by fw(s, a). Thus NAC simply learns a vector

w such that fw(s, a) approximates A(s, a) using TD learning, and then moves θ in the direction of w. The

algorithm for TD learning the advantage function, which is more involved than TD learning the value or

action-value function, can be found in Peters and Schaal [11].

Peters and Schaal [11] also present an episodic version of their algorithm called episodic Natural Actor

Critic (eNAC) which is quite straightforward. For an H-length trajectory sampled using policy πθ, it can

be shown that:

H−1∑
t=0

γtA(st, at) = V (s0) +

H−1∑
t=0

γtr(st, at)

This should also be true if A(st, at) is replaced by fw(st, at). Thus, to calculate the natural gradient at a

parameter vector θ, eNAC simply samples some number of trajectories N using the current policy πθ, and

then solves for w in the linear regression problem:(
H−1∑
t=0

γt
∂ log πθ(a

τi
t |s

τi
t )

∂θ

)T
w = V (sτi0 ) +

H−1∑
t=0

γtr(sτit , a
τi
t ) where τi ∼ Pπθ

The one requirement is that the initial state s0 be deterministic, so that V (s0) can be treated as the bias

term of the linear regression problem. There are |θ|+ 1 unknowns, so if N = |θ|+ 1 trajectories are sampled

then the regression problem should have a well-defined solution. In this case, the runtime of eNAC is similar

to that of the original natural gradient algorithm which explicitly estimates the Fisher information matrix,
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since both algorithms require an inversion of a square matrix with side-length ≈ |θ|. Although, Peters and

Schaal [11] did not compare the performance of eNAC to that of the original algorithm, a subsequent study

in a slightly different setting [16] found NAC/eNAC-style algorithms to converge more quickly and to be less

sensitive to hyperparameters than algorithms which explicitly estimate the Fisher information matrix.

7 Off-Policy Policy Gradient

The finite-horizon policy gradient algorithms we have seen so far, such as REINFORCE and eNAC, require

new trajectories to be sampled for each new policy candidate. As soon as we move to a new policy candidate

(e.g. by taking a step in the direction of the gradient), samples drawn using previous candidates are effectively

thrown away. Clearly this is wasteful, as those samples, combined with knowledge about the policies with

which they were sampled, contain valuable information about the environment that we should be able to

leverage. Fortunately, this situation can be remedied using importance sampling.

Importance sampling is a well-understood technique for estimating an expectation with respect to one

distribution using samples from another distribution [17]. Suppose we have two distributions P and Q over

some set X , and we are interested in estimating the quantity EX∼P [f(X)]. Importance sampling relies on

the observation that:

EX∼P [f(X)] =

∫
x

P (x)f(x)dx =

∫
x

Q(x)
P (x)

Q(x)
f(x)dx ≈ 1

N

N∑
i=1

P (xi)

Q(xi)
f(xi) where xi ∼ Q (14)

Unfortunately, this estimator can have high variance if the distributions P and Q are very different because

the ratio P (x)/Q(x) can vary wildly.

A common method for correcting this is to use weighted importance sampling [18], which uses the

estimator:

EX∼P [f(X)] ≈
N∑
i=1

P (xi)

Q(xi)
f(xi)

/
N∑
i=1

P (xi)

Q(xi)
where xi ∼ Q (15)

Though this estimator is biased, it has lower variance because the denominator cancels out variance in the

numerator, and many authors have found the tradeoff to be worthwhile [18, 19]. For a concrete example of

the difference between estimators in Equations (14) and (15), consider the case where f(x) = C, a constant

function. In this case, the weighted estimator always yields C as its estimate, regardless of how much data

is used, whereas there are no guarantees for the unweighted version.

For our purposes P is replaced by the Pπθ , Q is replaced by the distribution Pπ induced by an exploratory

policy π, and f(τ) =
∂ logPπθ (τ)

∂θ R(τ). Modifying the REINFORCE estimator (Equation (9)) appropriately,

we obtain:

∂J(θ)

∂θ
≈

N∑
i=1

Pπθ (τi)

Pπ(τi)

(
H−1∑
t=0

∂ log πθ(a
τi
t |s

τi
t )

∂θ

)(
H−1∑
t=0

γtr(sτit , a
τi
t )

)/
N∑
i=1

Pπθ (τi)

Pπ(τi)
where τi ∼ Pπ

=

N∑
i=1

πθ(a
τi |sτi)

π(aτi |sτi)

(
H−1∑
t=0

∂ log πθ(a
τi
t |s

τi
t )

∂θ

)(
H−1∑
t=0

γtr(sτit , a
τi
t )

)/
N∑
i=1

πθ(a
τi |sτi)

π(aτi |sτi)
where τi ∼ Pπ

where π(aτ |sτ ) =
∏H−1
t=0 π(aτt |sτt ).

Using the weighted version of the estimator is especially important because Glynn [20] shows that

V ar [Pπθ (τ)/Pπ(τ)] > e
Hϕ
2 − 1, where ϕ is a measure of the difference between the distributions Pπ and

Pπθ related to the KL divergence (more correctly, is it the KL-divergence of the steady-state edge-traversal

distributions). Thus the variance of Pπθ (τ)/Pπ(τ) grows exponentially as P and Pπθ diverge, which is likely

to cause the variance in the gradient estimates to grow quickly as well.
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With this expression for the gradient, many algorithms are now possible. For instance, we can collect

an initial batch of trajectories using some exploratory policy. Then for any given policy, the importance-

sampled gradient estimated using those samples is a deterministic function, which we can then optimize

straightforwardly. An algorithm of this flavor was discussed in Peshkin and Shelton [19]. Alternatively, we

could progressively build up a dataset of trajectories, gathering a small number of new trajectories using

each new candidate policy. On the i-th iteration of this algorithm, the exploratory policy is a mixture of all

past candidate policies, i.e. πi(a
τ |sτ ) = 1

i−1

∑i−1
j=1 πθj (a

τ |sτ ). Tang and Abbeel [21] present an algorithm

based on this idea. Degris et al. [22] present on Off-Policy Policy Gradient Theorem, which they use to derive

the Off-Policy Actor-Critic algorithm appropriate for infinite-horizon settings. This algorithm can optimize

a policy πθ while following a fixed exploratory distribution π.

8 Deterministic Policy Gradient

All algorithms that we have encountered so far have assumed differentiable, stochastic policies, which map

states to probability distributions over actions. However, deterministic policies, which simply map each state

to an action, are also possible and are widely used throughout the general reinforcement learning literature.

Formally, a deterministic policy µ is a function from states to actions: µ : S → A. As usual we will work

with parameterized policy classes Π = {µθ|θ ∈ R|θ|}.
It is possible to define a policy gradient for deterministic policies. However, unlike stochastic policy

gradients, the deterministic policy gradient requires that the action space be continuous. This is because

we will need to calculate the gradient of µθ(s) with respect to θ for some state s. Thus the mapping from

parameter space to A defined by µθ(s) for a fixed s must be a differentiable function, which requires that A

be continuous. In environments where this requirement is satisfied, Silver et al. [23] provide a deterministic

policy gradient theorem, which allows them to derive policy gradient algorithms that have many advantages

over their stochastic counterparts. In order to circumvent the primary drawback of deterministic policies,

namely their lack of exploration, the authors use techniques from the off-policy policy gradients, learning

about and optimizing a deterministic policy while acting according to an stochastic exploratory policy.

Let µθ : S → A be a deterministic policy parameterized by a real-valued vector θ, µθ(s) giving the

action chosen by the policy in state s. The intuition for the deterministic policy gradient runs as follows.

Recall our discussion of Generalized Policy Iteration algorithms for reinforcement learning, which alternate

between policy evaluation and policy improvement steps. During policy evaluation Q(s, a), the action-value

function for the current policy, is estimated. During policy improvement, one approach is to alter the policy

so as to choose the action in each state which has the largest action-value. However, if the action space is

continuous, improving the policy in this way requires solving maxθ Q(s, µθ(s)) for each state s, a non-trivial

global optimization. An alternative is to take only a single step in the direction of the gradient of Q with

respect to θ, given by ∂Q(s,µθ(s))
∂θ = ∂µθ(s)

∂θ
∂Q(s,µθ(s))
∂µθ(s) using the chain rule. This is the core of the deterministic

policy gradient; assuming Q is differentiable, we move θ in the direction of the gradient of Q with respect

to θ. To account for multiple states, we simply average over states, weighting them by their long-term

distribution. Thus, the Deterministic Policy Gradient Theorem (DPGT) [23] states:

∂J(θ)

∂θ
=

∫
S

dµ(s)
∂µθ(s)

∂θ

∂Q(s, µθ(s))

∂µθ(s)
ds

Unlike the original PGT, this expression does not require integrating over actions, which means it can be es-

timated with fewer samples [23]. Interestingly, the authors also show that if we begin with a stochastic policy

and progressively make it more deterministic by lowering its variance, then the limit of the gradient agrees

with the DPGT. The authors also provide an notion of deterministic compatible function approximation,

and show how to combine their algorithm with the Off-Policy Actor-Critic [22] to arrive at an algorithm with

the advantages of both deterministic policies (fewer samples required for gradient estimates) and stochastic

policies (sufficient exploration).
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8.1 PEGASUS

The PEGASUS algorithm [24] is an alternative approach for maximizing J(θ) over deterministic policy classes

in finite-horizon environments. The first step of PEGASUS is to transform the MDP M = 〈S,A, T, r, d0〉
into an equivalent MDP M ′ = 〈S′, A′, T ′, r′, d′0〉 in which all transitions are deterministic. Equivalent here

means that every policy achieves the same average return in M ′ as it does in M ; that is for every policy π,

JM (π) = JM ′(π). Thus if we find a (locally) optimal policy for M ′, it is also a (locally) optimal policy for

M . As we shall, the deterministic transitions can make it easier to optimize JM ′ than JM .

PEGASUS derives M ′ from M in an interesting way. First, it assumes that the environment’s relationship

to the random number generator is known to the agent. More formally, we assume that st+1 = g(st, at, p),

where g is a known deterministic function, and p is a vector of length k <∞ with each element distributed

according to U(0, 1), representing the draws from the random number generator. The state space S′ of M ′

is defined as S′ = S × [0, 1]∞. That is, S′ is obtained by taking every state in S and augmenting it with

every possible infinite-length vector with elements in [0, 1]. We set A′ = A and r′ = r. T ′ is defined by

the following procedure. Given some state (st, pt) ∈ S′ and an action at chosen by the agent, the next

state is determined by (st+1, pt+1) = (g(st, at, p
0:k
t ), pk:∞

t ). Since g is a deterministic function, all transitions

in M ′ are consequently deterministic. The only aspect of M ′ that remains random is the choice of initial

state: the original portion has the same initial distribution as in M , and each element of the infinite vector is

distributed U(0, 1). The overall effect of the transformation is to “move” all randomness from the transitions

into the selection of the initial state.

The point of all this is that it can be easier to optimize θ for M ′ than for M . Consider the following

algorithm. For some positive integer N , sample N copies of the initial state of M ′, (s1, . . . , sN ). Given an

initial state and a deterministic policy, the transitions in M ′ are completely determined. Thus we can define

the function τ ′ mapping from elements of S′ and parameter values θ to trajectories. The sampled initial

states now define a deterministic function from policy parameters θ to an estimate of the return of πθ in M ′:

ĴM ′(θ) =
1

N

N∑
i=1

R(τ ′(si, θ))

The weak law of large numbers dictates that ĴM ′(θ) is an unbiased estimate of JM ′(θ) =
∫
S′ d
′
0(s)R(τ(s, θ))ds.

We can maximize this deterministic function using any off-the-shelf optimization algorithm, such as gradient

ascent with numerically computed derivatives. The main drawback of PEGASUS is the restriction that g

be known. Many systems, in particular most physically realized systems, will not meet these requirements,

and therefore its applicability is limited.

9 Finite Difference Methods

The problem of optimizing stochastic functions was first studied in the stochastic simulation community,

beginning at least as far back as 1951 [25]. One product of these efforts is a class of algorithms known as finite-

difference methods. These algorithms are similar to the popular finite-difference methods for numerically

approximating gradients of deterministic functions, and are quite separate from the likelihood-ratio-based

techniques we have seen so far. One advantage of most finite-difference algorithms is that they treat the

stochastic function to be optimized as a black box. For example, they require only the return R(τ) from a

sampled trajectory τ , and do not need knowledge of the states and actions traversed by the trajectory.

Similar to the likelihood-ratio-based techniques, finite-difference methods operate by following the gra-

dient of the objective function. They differ in their methods for estimating the gradient. In general, in

order to approximate ∂J(θ′)
∂θ , finite-difference methods generate some number of perturbations of θ′, obtain

an estimate of J at each perturbation by sampling and averaging, and fit a hyperplane to the data obtained

in this way. This constitutes a local (because the perturbations are small) linear approximation of J [2],
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which is exactly the definition of the gradient.

The original finite difference algorithm, known as the Kiefer-Wolfowitz (KW) method generates 2|θ|
perturbations for each gradient computation, one perturbation in both positive and negative directions

along each coordinate axis (see Kiefer and Wolfowitz [26] for the 1-D case, Blum [27] for the N-D case). The

gradient can then be estimated as:

∂J(θ)

∂θ
≈ 1

2c

[
J̃(θ′ + ce1)− J̃(θ′ − ce1), . . . , J̃(θ′ + ce|θ|)− J̃(θ′ − ce|θ|)

]T
where J̃(θ) is the empirically estimated expected reward when acting according to πθ, c is a small positive

constant, and ei is the unit vector in the direction of the i-th coordinate axis.

KW can be inefficient because of the large number of sample trajectories required for each gradient

computation (at least 2|θ|). Simultaneous Perturbation for Stochastic Approximation (SPSA) [28] is an

algorithm which improves upon KW by generating just 2 perturbations and 2 samples trajectories per

gradient evaluation. The perturbations are chosen randomly each iteration, with each dimension of the

perturbation chosen from a symmetric Bernoulli distribution. This algorithm is named for the fact that it

simultaneously changes all dimensions of θ to obtain perturbations, instead of one at a time as in KW. Under

certain regularity conditions, SPSA can be rigorously shown to achieve better performance than KW for the

same total number of sample trajectories.

9.1 Policy Gradient with Parameter-based Exploration

A relatively recent algorithm called Policy Gradient with Parameter-based Exploration (PGPE) [29] can be

seen as both extending the SPSA algorithm and connecting finite-difference algorithms with likelihood-ratio

methods. While not precisely a finite-difference algorithm, PGPE can be derived from SPSA in four simple

steps.

The first step is to change our interpretation of SPSA’s perturbation procedure. Suppose we have some

candidate parameter value θ. Instead of regarding πθ as our policy, and SPSA as perturbing that policy to

find a gradient, we can regard the perturbation process as part of the policy, resulting in a new policy that

is a mixture of each of the policies obtainable by perturbing θ . When we use this mixture policy to sample

a trajectory, we first generate a perturbation θ + ∆θ and then follow πθ+∆θ for the entire trajectory. We

can view the mixture policy as being parameterized by the value θ from which perturbations are generated.

Our goal is now to find the optimal parameters for this mixture policy.

The second step is to change the way in which perturbations are generated, using a normal distribution

centered on θ instead of a symmetric Bernoulli distribution as in SPSA. The third step is to add additional

parameters to the parameterization of the mixture policy. In particular, we add parameters controlling

the variance of the normal distributions that generate perturbations. This gives the algorithm control over

exploration; the algorithm can increase the variance when it needs to explore more, and vice versa.

The final step is to change the way that the gradient is calculated. Now that we have switched to treating

the perturbations as part of a mixture policy and included the variance of the perturbations as parameters,

it is no longer clear that the finite-difference method would be computing the gradient of the objective with

respect to the parameters of the mixture. Consequently, the authors of PGPE use a likelihood-ratio based

method for calculating the gradient.

PGPE usually requires policy classes which have the property that the policies are deterministic other

than the random selection of parameters at the beginning of the trajectory. This gives PGPE an important

advantage over more standard likelihood-ratio based algorithms like REINFORCE. For REINFORCE, we

typically optimize over stochastic policies, which is important in order to provide sufficient exploration.

However, that stochasticity is also largely responsible for the variance in the gradient estimates, as random

draws are taken on every time step. In contrast, PGPE policies make just a single random draw at the

beginning of the trajectory. This can significantly reduce the variance in the gradient estimates while
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retaining the ability to explore. This advantage is reflected in the experimental results in Sehnke et al. [29]

where PGPE is shown outperforming both REINFORCE and episodic Natural Actor-Critic on two difficult

example tasks.

10 Recent Advances

Many significant advances have been made in recent years based on the foundational work described above.

In large part, these algorithms still operate by searching directly in parameter space for good policies, but in

most cases have developed more sophisticated ways of improving the current policy than following a gradient.

The Relative Entropy Policy Search algorithm [30] improves upon natural gradient algorithms by being

more explicit about the central idea behind natural gradient, which is to find the perturbation ∆θ of the cur-

rent parameter θ which gives the largest increase in reward while changing the distribution over trajectories

the least. Instead of formulating the problem using gradient techniques, which are only valid locally, Peters

et al. [30] formulate their problem as an explicit optimization problem, attempting to maximize reward while

restricting the KL divergence between the distributions induced by the old policy and the new one to some

fixed upper limit. This allows them to potentially take larger steps away from the current policy than natural

gradient, which lets them utilize the off-policy sample re-use techniques discussed in Section 7. (Note that

they bound the KL-divergence between the steady-state edge traversal distributions, which is what Glynn

gives his lower bound on the variance in terms of).

Guided Policy Search [31] uses off-policy techniques to deal with the problem of exploration. They first

use a well-studied reinforcement learning technique called Differential Dynamic Programming (DDP) to

obtain a time-dependent policy (with a parameterization that cannot be chosen by the user). They then

obtain sample trajectories from this policy, which they use to initialize an off-policy policy gradient algorithm

that has many similarities to the one used in Tang and Abbeel [21], which we discussed in Section 7. These

high-quality initial sample trajectories serve to guide the policy search algorithm to regions of high-reward.

The authors provide empirical demonstrations showing that this guidance significantly improves learning

speeds. The only drawback is that DDP requires a model of the environment.

Expectation-maximization (EM) [32] is a popular statistical inference algorithm, solving the problem of

finding a parameter vector θ which maximizes the log-likelihood logP (X|θ) of some observed data X. Several

recent algorithms have turned to EM-based techniques to perform policy search. Such algorithms transform

the reinforcement learning problem into an inference problem of maximizing the log-likelihood logP (O|θ)
with respect to θ, where O is binary a “optimality” random variable that depends on the trajectory. Usually,

we define P (O = 1|τ) ∝ eR(τ) so that optimality is much more likely for high-reward trajectories. We first

assume we have observed O = 1, and then using standard variational techniques, we decompose logP (O|θ)
as:

logP (O|θ) =

∫
q(τ) log

P (O, τ |θ)
q(τ)

dτ −
∫
q(τ)

P (τ |O, θ)
q(τ)

dτ = L(q, θ) +KL(q||P (·|O, θ))

for some variational distribution over trajectories q. We then alternate between minimizing the KL divergence

term with respect to q and maximizing L with respect to θ, both of which cause L, a lower bound on

logP (O|θ), to increase [32]. Usually one or both of these steps will only be approximately optimized, and

different algorithms implement different ways of performing each optimization, most of which are sampled-

based [33, 34, 35].

11 Conclusion

Throughout this study we have looked at a wide range of policy gradient algorithms for finding high quality

policies in high-dimensional, continuous environments. The REINFORCE algorithm showed us how to
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approximate the gradient from samples in finite-horizon environments, and a related technique based on the

Policy Gradient Theorem allowed us to derive a policy gradient actor-critic algorithm suitable for infinite-

horizon problems. Next, we reformulated the notion of gradient to give us an alternate definition of policy

gradient which always gives the same direction in policy space regardless of how the policy is parameterized,

and saw how to derive algorithms based on this alternate gradient definition. We then summarized progress

on off-policy policy gradient techniques, which use importance sampling to yield algorithms that make

better use of each sample trajectory, and are thus more sample-efficient. The following section looked at

approximating the policy gradient when optimizing over classes of deterministic policies, and showed that the

gradient can be estimated using fewer samples in such cases because integrating over actions is not required.

We then moved on to finite-difference policy gradient algorithms, which are inspired by a technique for

numerically approximating gradients of deterministic functions. Finally, we briefly summarized state-of-the-

art policy gradient techniques that have progressed beyond the earlier foundational work.
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