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ABSTRACT

NOVEL DEEP REINFORCEMENT LEARNING
ALGORITHMS FOR CONTINUOUS CONTROL

Baturay Saglam
M.S. in Electrical and Electronics Engineering
Advisor: Stileyman Serdar Kozat
June 2023

Continuous control deep reinforcement learning (RL) algorithms are capable of
learning complex and high-dimensional policies directly from raw sensory inputs.
However, they often face challenges related to sample efficiency and exploration,
which limit their practicality for real-world applications. In light of this, we in-
troduce two novel techniques that enhance the performance of continuous control
deep RL algorithms by refining their experience replay and exploration mecha-
nisms. The first technique introduces a novel framework for sampling experiences
in actor-critic methods. Specifically designed to stabilize and prevent divergence
caused by Prioritized Experience Replay (PER), our framework effectively trains
both actor and critic networks by striking a balance between temporal-difference
error and policy gradient. Through both theoretical analysis and empirical in-
vestigations, we demonstrate that our framework is effective in improving the
performance of continuous control deep RL algorithms. The second technique
encompasses a directed exploration strategy that relies on intrinsic motivation.
Drawing inspiration from established theories on animal motivational systems and
adapting them to the actor-critic setting, our strategy showcases its effectiveness
by generating exploratory behaviors that are both informative and diverse. It
achieves this by maximizing the error of the value function and unifying the ex-
isting intrinsic exploration objectives in the literature. We evaluate the presented
methods on various continuous control benchmarks and demonstrate that they
outperform state-of-the-art methods while achieving new levels of performance in
deep RL.

Keywords: deep reinforcement learning, continuous control, off-policy learning,
exploitation-exploration.
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OZET

SUREKLI KONTROL ICIN YENI DERIN
PEKISTIRMELI OGRENME ALGORITMALARI

Baturay Saglam
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Danigmani: Siilleyman Serdar Kozat
Haziran 2023

Strekli kontrol altinda derin pekigtirmeli 6grenme algoritmalari, ham duyusal
girdilerden dogrudan karmagik ve yiiksek boyutlu politikalar 6grenebilme kap-
asitesine sahiptir. Ancak, genellikle 6rnekleme verimliligi ve kesif ile ilgili zor-
luklarla karsilagirlar, bu da gercek diinya gorevleri i¢in uygulanabilinirliklerini
simirlar.  Bu baglamda, stirekli kontrol altinda derin pekistirmeli 6grenme al-
goritmalarmm performansim gelistiren iki yeni teknik sunuyoruz. Ilk teknik,
aktor-elestirmen metotlarinda deneyleri 6rneklemek icin yeni bir yaklagim sun-
maktadir.  Oncelikli Deneyim Tekrar algoritmasi tarafindan neden olunan
kararsizlik ve ayrigmayi onlemek ve stabilize etmek icin 6zel olarak tasarlanan
teknigimiz, zamansal-fark hatasi ve politika gradyan arasinda denge saglayarak
hem aktor hem de elegtirmen aglarini etkili bir gekilde egitebilmektedir. Teorik
analizler ve deneysel caligmalar, yontemimizin siirekli kontrol altinda derin
pekistirmeli 6grenme algoritmalarinin performansini iyilegtirmede etkili oldugunu
gostermektedir. Tkinei teknik, icsel motivasyona dayali yonlendirilmis bir kesif
stratejisini icermektedir. Hayvan motivasyon sistemleri tizerine kurulu kuramlar-
dan esinlenerek ve bunlar siirekli kontrol ortamina adapte ederek, stratejimiz, bil-
gilendirici ve cesitlilik gosteren kesif davraniglar: olusturmada etkinligini sergile-
mektedir. Bunun, deger fonksiyonunun hatasini maksimize ederek ve mevcut lit-
eratiirde bulunan igsel kesgif hedeflerini birlestirerek gerceklestigini gosteriyoruz.
Sunulan yontemleri cesitli siirekli kontrol testlerinde degerlendiriyor ve derin
pekistirmeli 0grenmede yeni performans seviyelerine ulasarak mevcut en iyi

yontemleri geride biraktigimizi gosteriyoruz.

Anahtar sozcukler: derin pekigtirmeli 6grenme, siirekli kontrol, politika-disi

ogrenme, somiirii-kesif.
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Chapter 1

Introduction

1.1 Preliminaries

Reinforcement learning (RL) is a branch of machine learning that focuses on how
agents can learn to interact with their environment and maximize a reward signal.
RL has shown promising results in various domains such as decision-making in
wireless communication systems [1]. However, many real-world problems involve
continuous and high-dimensional action spaces, where the agent can choose any
value within a range for each action dimension. For instance, controlling a robot
arm or a car requires specifying the torque or the steering angle continuously.
These problems pose significant challenges for RL algorithms, as they have to
deal with the curse of dimensionality and the exploration-exploitation trade-off.
In this thesis, we propose two novel techniques that improve the performance
of continuous control deep RL algorithms by refining (i) the use of previously

collected data (ii) and the exploration strategy of the agent.

Off-policy deep RL enables agents to learn from their previous experiences by
storing them in a buffer, the experience replay memory [2], and reusing them
multiple times to update their policies. Although uniform sampling from the

buffer was initially proposed for the experience replay, various sampling methods



have been developed to improve the data efficiency by assigning priority scores

to the experiences [3, 4, 5, 6, 7.

The idea of priority-based non-uniform sampling in deep RL originates from
a technique known as Prioritized Experience Replay (PER) [3], which samples
experiences with high temporal-difference (TD) error more frequently, allowing
for faster learning and reward propagation by focusing on the most crucial data.
While PER is intuitively motivated for learning in discrete action spaces, many
empirical studies have shown that it significantly degrades the performance of
continuous control algorithms, resulting in suboptimal or random behavior |8,
4, 5, 7). However, such poor performance lacks a solid theoretical explanation.
Therefore, our first technique aims to investigate and provide insights into why
continuous control deep RL algorithms are ineffective when combined with PER.
Based on this analysis, we also propose novel modifications to PER to enhance

its empirical performance, as the first technique introduced in this study.

The trade-off between exploration and exploitation is a longstanding and fun-
damental challenge in conventional RL and modern deep RL. The main goal of
exploration is to ensure that agents collect a diverse set of experiences to avoid
adopting a premature behavior. If the exploration is insufficient (i.e., exploita-
tion), agents may miss actions that yield high rewards and converge to a local
optimum. In contrast, if the exploration is excessive, agents may waste time
and resources by trying many suboptimal actions without effectively using the
collected experiences. However, designing an effective and efficient exploration
strategy is not trivial as it cannot be inferred from the reward function of the un-
derlying Markov decision process (MDP), and high-dimensional state and action

spaces increase the time and resources required for exploration [9].

Although the existing exploration strategies have demonstrated good perfor-
mance, they have several limitations especially when applied to continuous control
deep RL algorithms [10]. First, the undirected exploration techniques that rely
on learning a probability distribution for an exploration noise conditioned on the
agent’s observations introduce excessive computational cost and do not work well

with off-policy methods as they evaluate the exploration strategy only when the



exploration is performed. This causes them to fail in the off-policy setting where
the exploration is separated from learning. Second, the directed exploration tech-
niques, in which the exploration strategy is learned in a rule-based manner, are
mostly designed for hard exploration tasks where rewards are delayed, deceptive,
or sparse [11]. In contrast to the directed exploration strategies in hard explo-
ration tasks, intrinsic motivation has been effectively used for exploration in RL.
In particular, the agents are guided by an intrinsic motivation based on certain
constraints on the agent’s observation, inspired by the findings in animal psychol-
ogy literature. However, these strategies also suffer from several limitations, such
as the lack of generalizability to different domains as they only focus on low- or
high-dimensional environments, and the scarcity of studies for continuous action

spaces.

To this end, our second technique revolves around a novel approach to the
exploration-exploitation dilemma by adapting the existing theories on animal
motivational systems to deep RL for continuous control. We introduce a scalable
directed high-frequency perturbation algorithm that unifies the intrinsic motiva-
tions defined in the RL literature. Specifically, we learn an exploration policy
that forces the agent to make mistakes and learn the outcomes of unknown or

less known actions, making it robust to adapt to its environment rapidly.

We evaluate the performance of the introduced algorithms on the MuJoCo
[12] and Box2D [13] continuous control benchmarks interfaced by OpenAl Gym
[14]. An extensive set of empirical studies shows that the introduced frameworks
significantly outperform the prior studies by a wide margin and achieve notable
gains over the state-of-the-art in the majority of the domains tested. Further, the
ablation studies verify that each proposed modification is essential to maintain

the overall performance in improving the continuous control deep RL.



1.2 Contributions

The first technique improves off-policy learning by theoretically analyzing the
drawbacks of the PER algorithm and proposing a set of modifications to alleviate
them. The second technique develops a new method for balancing exploration and
exploitation that enhances the agent’s performance and robustness in complex

environments.

1.2.1 Improving the Sampling Efficiency in Off-Policy

Learning

1. The PER algorithm [3] samples experiences according to their TD error,
which measures the discrepancy between the value function and the actual
reward. We show that this can lead to poor policy updates in the actor-critic
setting if the value function is uncertain about the sampled experiences. A
simple analogy is that a student cannot learn well from a teacher who is

unsure about the subject.

2. To address this problem, we suggest that the policy should be updated
with low TD error experiences, while the value function should be updated
with high TD error experiences. This way, the policy learns from reliable

feedback, while the value function reduces its uncertainty.

3. However, this scheme violates the actor-critic theory [15] for continuous
control, which requires that the value function and the policy parameters
are interdependent. This means that both components should be updated
with the same experiences for a fraction of the batch size. We design to

sample this fraction uniformly from the replay buffer.

4. Moreover, we argue that sampling strategies alone are not sufficient to pre-
vent outliers and biased transitions from affecting the learning process [8].
We demonstrate that correcting the priority weights of the transitions and
the loss of the value function can further improve the performance and

robustness of the algorithm.



5. The holistic approach accounting these findings is shown to bring consider-
able improvements in continuous control tasks in terms of final performance

and sample efficiency.

1.2.2 Balancing Exploration and Exploitation

e We draw inspiration from the theories of animal motivation and design an
intrinsically motivated exploration strategy for continuous action spaces.
We devise a scalable algorithm that learns an exploration policy that guides

the agent to less-visited states with high value uncertainty.

e By maximizing the TD error, the proposed exploration strategy encourages
the agent to explore unseen or less-known states or actions and to learn their
values more accurately. In contrast to the prior works, this motivation also
effectively leverages the off-policy learning structure by extracting useful

information from the past experiences.

e We provide theoretical analysis and empirical evidence that our technique
enjoys faster convergence than the previous undirected deep exploration
methods.

e The introduced intrinsically motivated exploration scheme also joins the

first technique by providing substantial gains over the state-of-the-art.

1.3 Outline

In the remainder of this thesis, the organization is as follows. Chapter 2 provides
the fundamental technical preliminaries of continuous control deep RL. Chapter
3 analyzes the limitations of the PER algorithm and presents the framework
for alleviating them, as the first technique. Chapter 4 introduces the second
technique of the intrinsically motivated exploration algorithm and provides a
theoretical analysis of its fast convergence property. Finally, Chapter 5 portrays

the conclusive remarks.



Chapter 2

Background

In this chapter, we start by defining the RL framework that we use in this study.
Next, we present the temporal-difference (TD) learning algorithm [16], which is
the basis of PER and the exploration strategy we introduce. Lastly, we analyze

how the PER algorithm works.

2.1 Deep Reinforcement Learning

Reinforcement learning considers an agent that interacts with its environment to
solve a sequential decision-making task. At every discrete time step t, the agent
observes a state s 2 S and takes an action a 2 A, where S and A are state
and action spaces, respectively. Depending on its action selection, the agent
observes a next state s’ 2 S and receives a reward r. The RL problem is often
formulated as a fully observable Markov decision process (MDP) represented by
a tuple (S;A;P; ), where P is the transition dynamics such that s%;r P (s;a),

and 2 [0;1) is the constant discount factor.

The objective in reinforcement learning is to find an optimal policy that
maximizes the value defined as the expected sum of discounted rewards Ry =

i1:O 'Yerie1, where  prioritizes the short term rewards. The policy can be

6



either deterministic @ =  (S) if it maps states to unique actions or stochastic
a (js) if it maps states to action probabilities. Note that we denote the
distribution of the encountered states and rewards lead by the policy  using

s;r P

In continuous control (i.e., continuous action domains), the maximum of the
value Ry¢ is intractable due to the infinite number of possible actions. To overcome
this issue, deep RL algorithms use a neural network called a policy or actor
network | with parameters , to map states to actions. These algorithms are
known as actor-critic methods, and they can control continuous systems by using
the actor network to select actions. Actor-critic methods optimize the actor
network by gradient ascent over the parameters through computing the policy

gradient ¥ J( ) using a policy gradient algorithm.

2.2 Temporal-Difference Learning

Here, we separately examine TD learning for on- and off-policy learning as both

constitute the introduced exploration technique differently.

2.2.1 On-Policy Learning

On-policy learning considers agents that learn from the experiences that are gen-
erated by the policy that it is currently following. For a given policy , the

state-value function gives the expected return in state s if it follows the policy

X
V()=E [  ‘reajso=s: (2.1)
t=0

The state-value function is learned by the Bellman equation [17]:

V (s)=Epg p [r+ V (&): (2.2)



In deep RL, the state-value functions are represented by deep function ap-
proximators V (S) with parameters . The state-value network is trained using
learning by bootstrapping from the current state S to the next state s, which is
an update rule based on the Bellman equation. The Bellman equation establishes
a recursive relationship between the value of a state S and the value of the next
state ', as expressed in (2.2). Therefore, on-policy TD learning minimizes the
loss: jr+ Eg p [V (s")] V (s)j2

2.2.2 Off-Policy Learning

In off-policy learning, agents store the transitions that they experience in the
form of tuples (s;a;r;s’) in the experience replay buffer [2]. The agents can
then use the stored experiences multiple times to update their policies and value
networks, which improves their data and sampling efficiency. Off-policy learning
considers the value functions with respect to the actions selected by the policy
instead of only the observed states. Thus, there exists an action-value function
Q (s;a) =Es p .2 [R]s; @], associated with the policy , also known as the critic
or Q-function, which represents the expected return R while following the policy

after performing the action a in state S:

X
Q (s;a)=E | re+1jSo = S; a0 = a: (2.3)
t=0

The action-value function is also determined through the Bellman equation [17]:
Q (s;a) =Erg pw [r+ Q (sha)); (2.4)
where & is the action selected by the policy on the observed next state s'.

In the deep setting of off-policy RL, the critic is approximated by deep neural
networks Q with parameters . Given a transition tuple = (s;a;r;s’), off-
policy TD learning is performed by minimizing the loss () based on the TD

error, that is, the action-value prediction error of the Q-network Q . This is also



known as Q-learning [18]:

y( )=r+ Q.(sha)); (2.5)
()=y() Q) (2.6)

where the target y( ) in (2.5) uses a separate target network with parameters °

to stabilize the learning process and maintain a fixed objective for the optimal Q-
function [19]. The next action @’ in (2.5) can be selected by either the behavioral
actor network (i.e., the policy that the agent follows for action selection)
or the target actor network o, depending on the actor-critic algorithm. The

" is used to stabilize the updates, in a

target actor network with parameters
similar way to the target Q-network. Furthermore, the target parameters are
updated either softly or hard by copying a small proportion of the parameters
from the behavioral network at each step or by matching it every fixed interval,
respectively. Note that the TD error in the latter equation can also be expressed
as ()=Q () Yy( ), yet this does not affect our analysis. Finally, we especially
use a separate notation denote the off-policy TD error since we will frequently
refer to the off-policy TD error in our discussion of PER and the first technique

introduced.

A sampling technique is used to select a batch of transitions 2 B for training
the policy and Q-network in the off-policy setting. In each update step, the loss of
the Q-network is computed as the average over the batch of sampled transitions
B: j%j >g (), where jBj is the number of transitions in B. Note that the
batch size does not affect our analysis on the prioritization because the expected

gradient remains unchanged [8, 20, 21].

Lastly, the next action chosen by the behavioral or target policy network in TD
learning is usually perturbed by random action noise to realize the exploration
in the next state. This technique is called target policy smoothing regularization
[22]:

Q(s;a)=r+ Eg p .o [Qush&);, & a+N(0; ) (2.7)

where N (0; ) is a Gaussian random variable with zero mean and standard devi-

ation



2.3 Prioritized Experience Replay

Prioritized Experience Replay is a technique for replay buffers that samples tran-
sitions directly proportional to their absolute TD error. The main idea of PER
is that learning from the highest error samples will lead to the most significant
performance improvement. PER makes two changes to the standard uniform
sampling. First, it uses a stochastic prioritization scheme. The reason is that
TD errors are only updated for replayed transitions. Hence, the transitions with
initially high TD errors are replayed more often, resulting in a greedy prioriti-
zation. Moreover, the noisy Q-value estimates increase the variance due to the
greedy sampling. Therefore, sampling transitions directly proportional to their
TD errors can cause overfitting. To avoid this, each transition ; is assigned a
probability value that is proportional to its absolute TD error, and raised to the

power of a hyperparameter " to smooth out the extremes:

o( i) = D’ i+ (2.8)

where a small constant is added to prevent transitions from having zero proba-
bilities. Otherwise, they would never be sampled again. This is required because
the latest value of a transition’s TD error is estimated by the TD error when
it was last sampled. In addition, favoring large TD error transitions with the
stochastic prioritization shifts the distribution of s” to Eg p o0 [Q(s%; @")]. This

can be corrected through importance sampling with ratios w( j):

W( i) = iRi () ; (2.9)
w( i) = max(wz 5 (2.10)
Leer( (i) =w()L( (4)); (2.11)

where L denotes the TD error under prioritization, jRj is the number of transitions
in the replay buffer, and the hyperparameter is used to reduce the high variance
caused by the importance sampling weights. The latter equation corrects the
distribution shift by using a ratio between uniform sampling with probability J%j

and the ratio defined in (2.8). This method reduces the influence of high priorities

10



on the distribution. Finally, the value is annealed from a predefined initial value

o to 1, to eliminate the bias introduced by the distributional shift.

11



Chapter 3

Actor Prioritized Experience

Replay

The content of this chapter reflects the study described in the following publica-

tion:

e B. Saglam, F. B. Mutlu, D. C. Cicek, and S. S. Kozat, “Actor prioritized
experience replay,” in Deep Reinforcement Learning Workshop NeurlPS
2022, 2022.

In this chapter, we first analyze the causes of the poor empirical performance
of the PER algorithm. Based on our theoretical insights, we then introduce a set
of modifications for adapting it to the actor-critic methods for continuous control.
We consolidate the proposed setup under the Loss-Adjusted Approximate Actor
Prioritized Experience Replay (LA3P) algorithm. Finally, we review the literature
and compare LA3P with the prior methods that aim to correct PER.

12



3.1 Prioritized Sampling in Actor-Critic Algo-

rithms

First, we establish the theoretical foundations for why the prioritized sampling
deteriorates the performance of the actor-critic methods. We show in Assumption
1 that some transitions may have the property that their TD error magnitude
can amplify the Q-value estimation error magnitude. Based on our theoretical
results, we demonstrate in Theorem 1 that optimizing a policy with transitions
that have large TD error will cause the gradient of the actor network computed
under the Q-network’s estimates to diverge from the true gradient computed
under the optimal Q-function. In addition to our theoretical analysis, we also
address the problems addressed by a previous study that explains another aspect

for the degraded performance of PER.

Assumption 1. Consider the temporal-di erence error  associated with the

critic network Q in o -policy actor-critic algorithms. Then, there exists a tran-

sition tuple ; = (Si; &; ri; Si+1) with () & 0 such that if the absolute temporal-

di erence error on ; increases, the absolute Q-value estimation error on at least
i or i+ will also increase.

Discussion of Assumption 1. We assume that the target networks do not influ-
ence the estimation, as their purpose is to provide stability and a fixed goal over
the updates [19]. We start by expressing the temporal-difference error (i) as a

function of the bootstrapped value estimation:
(i)=ri+ Q (sixnai+1) Q (si;a); (3.1)

where aj+1 (jSi+1). We know that the optimal action-value function Q

under the policy produces no TD error:
(i)=ri+ Q (sirp;ai+1) Q (si;ai) =0: (3.2)
Subtracting (3.2) from (3.1) yields:

{7Q (Si+1;ai+l); iQ (Si;ai):i?-Q (Siiai)i&o: (3:3)

i+1

(i) = iQ (Si+1; @j+1)

13



Clearly, , and ,,, denote the estimation error at the current and next steps,
respectively. We then examine the following cases for different signs of these
variables when the absolute TD error grows, and demonstrate that if the absolute

value of TD error increases, then the absolute value of either . or also

i i+1

increases. Note that 0 is ignored as it is constant.

Case 1: j ( i)j increases when ( j); i+1 > 0. This can happen if

i’ i+1

becomes a greater positive number as well, which implies that j ,,] even-

tually increases.

Case 2: j ( i)j increases when ( j); ,,, >0 and , <O0. Thiscan be achieved

as long as either increases or , becomes a smaller negative number.

i+1

Eventually, at least one of j ,,j and j ,J will increase.

Case 3: j ( i)j increases when ( j); ,>0and ., <0. This case is im-

possible to occur as () is positive initially.

Case 4: j ( i)j increases when ( j)>0and ,; ., <O0.If both estima-
tion error terms are negative and (i) is positive initially, it means that the
magnitude of

is larger than that of If () increases to a greater

i i+1°

positive number, ., may become a smaller negative number. Therefore,

j ,J will increase as well.

The remaining cases: j ( j)j increases when ( j) <0. For the remaining
cases where () becomes a smaller negative number, we will reach the
same conclusion as in the first four cases if we multiply both sides with the

minus sign. Therefore, the absolute value of at least . or can still

i i+1

increase.

We should emphasize that this behavior may not always result in the deduction
shown. However, we infer that there is always a possibility for it to occur under
the existence of a TD error with a growing magnitude, which is the main proxy

for the prioritized sampling scheme in PER.
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Our assumption is realistic and probable to happen in practice, as it is
grounded on the basic principles of off-policy actor-critic reinforcement learning.
Specifically, the Q-value estimation error is affected by the discrepancy between
the behavior policy and the target policy. If the TD error is large, it may suggest
that the discrepancy between the policies is substantial, making it more proba-
ble that the Q-value estimation error will also be large [23, 24, 25]. Therefore,
our assumption not only captures the practical difficulties that an agent may
encounter but is also supported by the RL literature. For example, [3] and [26]
discuss the relationship between TD error and Q-value estimation error, stating
that a large absolute TD error indicates poor prediction and a need for stronger
weight updates in the direction of the error. We then use our latter result to
explain why policy optimization cannot be efficiently performed using transitions
with large TD errors, following the assumption made. Specifically, Theorem 1
emphasizes the importance of transitions with minimal TD errors during policy
optimization, as transitions with large errors can lead to suboptimal policies and

cause the approximate policy gradient to deviate from its true value.

Theorem 1. Let ; be a transition such that Assumption 1 is satis ed. Then,
if the absolute temporal-di erence error at time step i increases, the computed
policy gradient will diverge from the true policy gradient for at least the current
step 1 or the subsequent step i+ 1.

Proof. We use Sutton’s policy gradient theorem in the deep function approxima-
tion setting [27] to prove the result. First, we formally write the standard policy

iteration with function approximation in terms of the policy parameters
+ r; (3.4)

where r is the computed policy gradient, and is the learning rate. The
policy gradient with function approximation can be expressed in a general form

as follows: 7 7
r- d@ 289

s A @

Q (s;a); (3.5)

where Q is the function approximation of Q , and d (S) is a discounted weight-

ing of states encountered, starting from Sy and then following : d (s) =
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P
tj;o (st = sjso; ). The gradient in the latter equation is calculated by av-

eraging over the continuous state and action spaces. However, this is often too
expensive to compute. Instead, the gradient can be approximated over a subset
of the state and action space, which corresponds to the sampled minibatch of
transitions in the off-policy setting. We assume one-step gradient computation
and ignore the gradient over the sampled minibatch of transitions for simplicity.
For the state-action pair (Sj;ai) 2 i, the policy gradient ¥ ( ) is proportional to
d (si) times the gradient of (S;j; a;) with respect to and scaled by the estimated
Q-value of (sj;aj). Let k :=d (Si)W’ and we obtain:

r (i) =kQ (si;ai); (3.6)
r el i) = KQ (sisai); (3.7)

for the calculated and true policy gradients, respectively. The same K applies to
both the computed policy gradient and the true one since it does not depend on
the Q-value estimates. Moreover, since K is constant over the range of values of
the Q-value estimates, we can consider it as a constant for the proportionality
between the policy gradients and Q-value estimates. As stated in Assumption 1,

we have Q (sj;ai) = Q (Si;ai) + ,. Using this, we can write:

r (i) T owe(i)=k(Q (siiai) Q (si;a)); (3.8)
—k(Q (si;ai)+ , Q (si;a)); (3.9)
=k (3.10)

Taking the absolute value of the latter equation provides:
ir () r we(Di=Ik =K J=Kj i (3.11)

Even though the k term is a variable, not a constant, we can still move it out
of the absolute operator since it is a nonnegative number, being the product
of probabilities. Hence, the above equation implies that the absolute difference
between the approximate and true policy gradient is proportional to the absolute

Q-value estimation error:
ir (i) rowe()iZi s (3.12)

16



where we do not use K as a constant of proportionality since it does not change
over the Q-value estimates. Given that Assumption 1 holds, an increase in the
absolute TD error in the current step results in a corresponding increase in the
absolute estimation error in either the current or the subsequent step. (3.12)
also indicates that an increasing in the absolute estimation error leads to a larger
difference between the computed and actual policy gradient in the corresponding
step. Therefore, we deduce that an increase in the absolute TD error causes the
computed policy gradient to diverge from the actual policy gradient, at least in

the current or the subsequent step. O

Following the proof of Theorem 1, Corollary 1 formally states our finding.

Corollary 1. An increase in the absolute temporal-di erence error can lead to
a less accurate approximate policy gradient, causing it to deviate from the true
policy gradient corresponding to the optimal Q-function, at least for the current
or subsequent transition.

This is a key component in the degragated performance of the prioritized
sampling when an actor network is used. We now discuss a recent finding that
provides an insight for the suboptimal empirical performance of PER and sup-
ports our investigation. As we mentioned before, prioritizing transitions with
high TD error by stochastic sampling causes a shift in the distribution of s’ to
Es p o [Q(s’;@")]. Therefore, this introduced bias is corrected by importance
sampling expressed in (2.11). However, [8] claimed that PER does not completely
remove the bias and may favor outliers when combined with MSE loss in the Q-
network updates. Specifically, when MSE is used together with PER, optimizing

it using a loss of 1j ( )j , where + & 2, results in bias in the Q-network
target and consequently, biased QQ-network updates. Remark 1 highlights this
finding, which was recognized by [8] as one of the factors that contribute to the
suboptimal performance of PER when used with standard actor-critic algorithms

in continuous action domains.

Remark 1. The PER objective is biased if +"™ " 6 2 under the loss function
o0 sl
17



According to Remark 1, [8] concluded that prioritized sampling is prone to
bias when used with MSE because the condition +" " & 2 is never exactly
satisfied, i.e.,if <1, then2+" " >2for" 2 (0;1] for" 2 (0;1]. Furthermore,
the introduced bias is not always constant. Fortunately, an L1 loss can satisfy
this property such that 1+" " 2 [1;2] for " 2 (0;1] and 2 [0;1] since = 1.
However, the L1 loss may not be ideal in practice since each update involves a
constant step size, which may cause the objective to be overshot if the learning
rate is too high. To remedy this, [8] chose the commonly used Huber loss with

= 1 in the Q-network updates instead of the MSE loss:

IOt G L I G))
Lruber (- (10)) = i (v otherwise: (3.13)

The Huber loss switches from L1 to MSE and adjusts the gradient accordingly
as (i) approaches zero when the error is lower than threshold 1. Also, MSE
is used when j ( j)j < 1. Therefore, to avoid the bias caused by MSE and
prioritization, samples with an error below 1 should be sampled uniformly. The
Loss-Adjusted Prioritized Experience Replay (LAP) [8] algorithm achieves this
by clipping samples with low priority to at least 1 using the prioritization scheme:
p( i) =max(j (i)j;1). Further, [8] addressed the problem described in Remark

1 by combining a modified stochastic prioritization scheme with the Huber loss:

N oopmax( (DI
P G G o

Our theoretical findings for the suboptimal performance of PER, which we
highlight in Remark 2, are consistent with the results reported by [8]. We point
out that our focus is on the off-policy actor-critic algorithms where a separate
actor network chooses actions to maximize the Q-network’s action-value estimate.
Contrarily, Remark 2 covers both discrete control and off-policy actor-critic deep
RL. There might be other reasons for the suboptimal performance of PER such
as inaccurate Q-value estimates. However, those reasons are not specific to PER

and are caused by the variants of the DQN algorithm. Thus, to our knowledge,
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Corollary 1 and Remark 2 provide the foundation for the algorithmic limitations

of PER in off-policy actor-critic.

Remark 2. To further eliminate the bias favoring the outlier transitions in the
Prioritized Experience Replay algorithm, the Huber loss with = 1 should be used
in conjunction with the prioritization scheme expressed in (3.14) [8].

3.2 Adaptation of Prioritized Experience Re-
play to Actor-Critic Algorithms

We now introduce a set of novel modifications to PER for addressing the problems

identified in the prioritized sampling when used with actor-critic algorithms.

3.2.1 Inverse Sampling for the Actor Network

We begin with Corollary 1, which implies that training the actor network with a
transition that has a large TD error can make the approximate policy gradient
deviate from the true gradient, at least for the current or subsequent transitions.
However, we should emphasize that the performance may not necessarily deterio-
rate under the TD error-based prioritization scheme if the policy gradient deviates
only for next transitions that do not have a large TD error. However, it is unlikely
to occur, as the replay buffer usually contains only a few transitions with large
TD errors in the initial optimization steps. These transitions are typically fewer

than the batch size, so they are still likely to be sampled.

Observation 1. The PER algorithm may not a ect the performance of actor-
critic methods if the actor network is not optimized with the transitions that are
subsequent to the sampled transitions. However, this is a rare case in the standard
0 -policy actor-critic algorithms.

We suggest optimizing the actor network with transitions that have small TD

errors to address the problem identified in Corollary 1. To this end, we use inverse
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sampling from the prioritized replay buffer, which means sampling transitions
with low TD errors for the actor network using the sampling scheme of PER.
To apply this method, we examine the data structure of PER. A common and
efficient implementation of PER, which corresponds to proportional prioritization,
is based on a “sum-tree” data structure. This sum-tree data structure is very
similar to the array representation of a binary heap, with the main difference
being that a parent node’s value is equal to the sum of its children instead of
the standard heap property. The internal nodes of the sum-tree data structure
are intermediate sums, with the parent node carrying the sum over all priorities
Protai- Concurrently, the leaf nodes store the priorities of the transitions. This
allows for O(logjRj) updates and sampling while computing the cumulative total
of priorities. For sampling a minibatch of size N, the range [0; protal] is evenly
divided into N ranges. A value is uniformly sampled within each range. The sum-
tree data structure is then queried for the transitions that match each sampled

value.

An intuitive approach to sample transitions with a probability inversely pro-
portional to the TD error is to build a new sum-tree that contains the global
inverse of the priorities. While priorities in vanilla PER are updated for every
training step through the previously defined sum tree data structure, inverse sam-
pling for actor updates requires building a new sum tree before training. In every

update step, the priorities for the actor network are computed using:
' p .
()= Prax Pmax(j (i) jmax(j (j)is1)
o) L (D max( (055D

; (3.15)

where p( ;) is the priority of the i transition and pmax is the maximum of the
previously determined priorities of the stored transitions. As we emphasize in
Remark 2, the use of MSE with PER may still lead to different biases that
could potentially favor outlier transitions. To address this issue, we use the
prioritization scheme proposed by the LAP algorithm, given by (3.14), in (3.15).
Observe that (3.15) does not change proportional prioritization. The relative
proportions (i.e., the largest over the smallest) do not change as we take the

inverse by multiplication.
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This is the main component of our approach. To reduce the effect of outlier
bias also in the Q-network updates, we again use the Huber loss function with
a tuning parameter of = 1, as defined in equation (3.13), similar to the LAP
algorithm. Therefore, during each optimization step, both the Q-network and

priorities are updated using the following expressions, respectively:

L gmax( (05D
L el G 10
jl_j _ r Luuper( ()); (3.17)
p( i) max(j ()j;1) fori2l; (3.18)

where | denotes the indices of the prioritized transitions that are sampled to form
the minibatch. Note that the clipping reduces the chance of dead transitions
when p( i) 0, which eliminates the need for the parameter. It is important
to note that the Huber loss function cannot be used in the computation of the
policy gradient for several reasons. First, the priorities are determined by the
loss function of the Q-network, which is the TD error, and the use of MSE loss
with TD error-based prioritized sampling is the main cause of the mentioned
outlier bias. Also, the policy loss and gradient are computed using a class of
policy gradient methods that cannot be replaced by the Huber loss. Therefore,
the outlier bias does not affect the policy gradient, and there is no need to use

the Huber loss in the policy network.

3.2.2 Optimizing the Actor and Critic with a Shared Set

of Transitions

In some cases, optimizing the actor and critic networks with completely different
transitions can potentially violate the actor-critic theory. Typically, the features
used by the critic network are dependent on the actor parameters and policy gra-
dient since the actor determines the actions that ultimately lead to the observed
state space [15]. An important corollary to this observation is that if the critic is

updated using a set of features that exist in a state-action space where the actor
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is never optimized, this may lead to significant instability. This is because the
transitions used by the critic are processed through the actor, and if the actor
never sees these transitions, the updates of the critic may not accurately reflect
the actual performance of the actor [15]. Therefore, the action evaluations of the

critic might become questionable.

Intuitively, this situation can occur when inverse the prioritized and prioritized
sampling are used for the actor and critic networks, respectively, since they may
never be optimized with the same transitions. The reason for this is that the
TD error of the critic’s samples may not decrease to the extent that the actor
is unable to observe them. We pointed out that there is not always a direct
correlation between TD and estimation errors. Hence, some of the transitions
might initially have low TD errors. If the actor is optimized with respect to
these low TD error transitions throughout the learning and the Q-network only
focuses on the remaining large TD error transitions, samples used in the actor
and critic training may not be the same. Although this remains unlikely, we
nevertheless prevent it by updating the actor and critic networks through a set
of shared transitions, being a fraction of the sampled minibatch of transitions.
However, we could not know the value of such a fraction, and we will introduce
it as a hyperparameter later. We emphasize these deductions in Observation 2

and regulate our approach accordingly.

Observation 2. If the transitions for the actor and critic are sampled through
inverse prioritized and prioritized sampling, respectively, they may never see the
same transitions. This, in turn, violates the actor-critic theory [15] and can lead
to unstable learning. Hence, the actor and critic should be optimized with the same
set of transitions, at least for a fraction of the sampled minibatch of transitions,
in every update step.

We examine the following sampling alternatives in terms of the TD error for
choosing the set of shared transitions. We can also explore auxiliary variables
driven by the components in model-based RL to compute the scores of the experi-
ences, similar to the work of [5]. However, learning additional features introduces

additional computational overhead. This aspect, however, is beyond the scope of
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this study, as our main focus is only on prioritization regarding the TD error and

corrections to vanilla PER in actor-critic methods.

e Transitions with large TD error: The actor network cannot be opti-
mized with experiences that have large TD error since the policy gradient

significantly deviates from the true gradient, as discussed in Corollary 1.

e Transitions with small TD error: Learning from the experiences with
small TD error can be beneficial, yet they decrease the sampling efficiency
and waste resources since the Q-network has little to learn from small TD

error transitions in the sense of prioritized sampling.

e Uniformly sampled transitions: The previous two alternatives imply
that uniform sampling for the set of shared transitions can be a suitable
choice. Although large TD error transitions might be included in the uni-
formly sampled minibatch, their effects are reduced due to averaging in the

minibatch learning.

We conclude that uniform sampling for a fraction of the transitions in the
sampled minibatch is a suitable approach for addressing the issue highlighted
in Observation 2. While we could also consider using transitions with an aver-
age magnitude of TD errors, the use of uniform sampling already encompasses
transitions with a mean TD error in the expectation. Furthermore, relying on
random sampling allows for the inclusion of transitions that cannot be sampled by
prioritized and inverse prioritized sampling. However, other distributions, such
as those that encourage mean tendency/variance reduction, could be promising

directions for future research.

As discussed in Remark 2, the combination of Huber loss ( = 1) with the
prioritized sampling can eliminate outlier bias in the LAP algorithm. The authors
also introduced the mirrored loss function of LAP, with an equivalent expected
gradient, for uniform sampling from the experience replay buffer. To observe the
same benefits of LAP also in the uniform sampling counterpart, its mirrored loss
function, Prioritized Approximate Loss (PAL), should be used instead of MSE.
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Similar to the case of the LAP function, the PAL loss is also not used in the

policy network’s updates. The PAL function is expressed as:

P .
5 — jmax(j (j)is1)
_ < :

Lol (D) =g a1 (L 320

- \il+ .
% J(1'+ otherwise:

(3.19)

Remark 3. To eliminate the outlier bias in the uniform sampling counterpart,
the Prioritized Approximate Loss (PAL) function should be used, which has the
same expected gradient as the Huber loss when combined with PER [8].

With the latter component included, this forms our PER correction algorithm,
Loss-Adjusted Approximate Actor Prioritized Experience Replay (LA3P). In
summary, our approach involves uniformly sampling a minibatch of transitions,
with a size of N in each update step. Here, 2 [0;1) represents the fraction
of the transitions that are uniformly sampled and serves as the only introduced
hyperparameter in our approach. Using the uniformly sampled batch, the critic
and actor networks are optimized consecutively. The critic is updated based on
the PAL function expressed in (3.19), and the priorities are updated immediately
after. Following this, a total of (1 ) N transitions are sampled through
prioritized and inverse prioritized sampling for the critic and actor networks each.
The critic is then optimized using the Huber loss ( = 1) expressed in (3.13),
while a policy gradient technique optimizes the actor. Lastly, the priorities are
updated again. Overall, both the actor and critic networks are optimized with N
transitions per update step, similar to standard off-policy actor-critic algorithms.
Note that we update the priorities also in the uniform counterpart since the
score of the transitions should be up-to-date whenever possible. In addition,
the order of the prioritized and uniform updates does not change the expected
gradient. Hence, it is not important which of them is used first. Nevertheless,
in our implementation and experiments, we precisely use the structure outlined
in Algorithm 1, denoted through a generic application to off-policy actor-critic
methods.
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Algorithm 1 Off-Policy Actor-Critic with Loss-Adjusted Approximate Actor
Prioritized Experience Replay (LA3P)

10:
11:
12:
13:

14:
15:

16:
17:

18:

19:
20:
21:
22:
23:

Input: Minibatch size N, exponents " and , uniform sampling fraction |,
target step-size , and actor and critic step-sizes  and ¢
Initialize actor ~ and critic Q networks, with random parameters and
Initialize target networks ° , 0 , if required
Initialize pinit = 1 and the experience replay buffer R = ;
fort=1to T do
Select action a; and observe reward ry and new state Sgs1
Store the transition tuple = (S¢; @ I't; St+1) in R with initial priority
Pt = Pinit
for each update step do
Uniformly sample a minibatch of transitions:
I p( i):j%jwhere ilji= N
Optimize the critic network: Q Jlij i1 ¥ Leac( (i)
Compute the policy gradient ¥ ( ) i WhereFi,Z I
Optimize the actor network: + Jllj i (i)
Update the priorities of the uniformly sampled transitions:
p( i) max(j ()j;1) fori22l
Update target networks if required: ° +(1 )%t +(1 )!
Sample a minibatch of transitions through prioritized sampling:
I p(i)= ZT;Xag(j( E);)}%):l) where jlj = (1 o ) N
Optimize the critic network: 0 Jlij io1 ¥ Lhwer( (i)
Update the priorities of the prioritized transitions:
p( i) max(j ()j;1) fori221
Sample a minibatch of transitions through inverse prioritized sampling:

~ OE max( ()il
p(0) = ggy = maxg ZTi:(ag(j( iy o
Compute the policy gradient ¥ ( ;) for ; wheye i21
Optimize the actor network: + Jlij 0 (i)
Update target networks if required: ° +(1 )"t +(1 )!
end for
end for
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3.2.3 Complexity Analysis

The LA3P framework adds an extra sum tree, the LAP, and PAL functions to the
basic PER. These modifications only affect the sampled batches of transitions,
so their computational complexity is overshadowed by the extra sum tree, which
operates on the entire replay buffer. Furthermore, the extra sum tree needs a
priority update. The complexity of setting the node priorities is the same as
in PER. Also, LA3P inverts the priorities by multiplication, which takes O(jRj)
time. Hence, LA3P runs in O(logjRj) + O(jRj). Since O(jRj) is greater than
O(logjRj), we deduce that LA3P has a worst-case runtime of O(jRj).

The additive sum tree in our approach requires taking the inverse of the pri-
orities by multiplication, which greatly increases the computational complexity
of the basic PER. This may make our approach seem impractical. However, this
problem can be solved by the Single Instruction, Multiple Data (SIMD) struc-
ture that modern CPUs implement. Specifically, SIMD instructions can do the
same operation, such as the array division needed in our case, on all cores at the
same time. Fortunately, this implementation detail is not the user’s responsibility
and can be done automatically by the CPU. Therefore, the extra computational
efficiency that the SIMD instructions introduce will considerably lower the com-

putational load of the LA3P framework.

3.3 Experiments

With all the mentioned concepts combined, we explore how much our prioritiza-
tion framework can enhance the performance of off-policy actor-critic methods.
To do this, we first survey the existing studies in the literature, which we com-
pare our method with. Next, we present the experimental details and report the

results. Lastly, we discuss the results obtained.
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3.3.1 Competing Methods

We compare our proposed method with four baseline algorithms. Naturally, the
first one is the PER algorithm, which we modify in several ways to design LA3P.
The second one is LAP, which we use as a part of our framework and extend
it further. Although PAL combined with uniform sampling could also be used
for comparison, [8] have shown that it has the same expected gradient as LAP,
implying similar empirical performance. The third one is the uniform sampling
from the buffer, where each sample has an equal chance of being selected. This is
a common baseline for deep RL methods that do not propose a novel experience
replay mechanism. Therefore, comparing with uniform sampling will show us
the full improvement that the inverse prioritized sampling can provide. The last
technique is the Model-Augmented PER (MaPER) algorithm [5], which is also
one of the few studies that addressed the limitations of PER. Specifically, the
authors argue that heavily relying on the TD error (or Q-network’s error) to
sample from the replay buffer may be ineffective due to the possible under- or
overestimation of the Q-values caused by the deep function approximation and
bootstrapping. To overcome this, the authors propose to learn auxiliary features
from the model-based RL components to score the experiences. This is done by
using the critic network to enhance the curriculum learning effect for predicting

Q-values with minimal memory and computational cost compared to vanilla PER.

3.3.2 Experimental Details

We assess the effectiveness of LA3P on the standard set of MuJoCo [12] and
Box2D [13] continuous control tasks interfaced by OpenAl Gym [14]. We test the
effectiveness of our method by combining it with the state-of-the-art off-policy
actor-critic algorithms, namely Soft Actor-Critic (SAC) [28] and Twin Delayed
Deep Deterministic Policy Gradient (TD3) [22].
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Our implementation of the state-of-the-art algorithms closely follows the hy-
perparameter setting and architecture described in the original papers. Specifi-
cally, we implement TD3 using the code from the author’s GitHub repository?!,
which contains the fine-tuned version of the algorithm. The implementation of
SAC is precisely based on the original paper. Different from the paper, we include
entropy tuning, as demonstrated by [29] to improve the algorithm’s overall per-
formance. Furthermore, we add 25000 exploration time steps before the training

to increase the data efficiency.

We implement the algorithm and our framework using the LAP and PAL code
in the author’s GitHub repository?, which needs a few lines on top of the standard
PER implementation. Furthermore, we use the same repository for the PER
implementation, which is based on proportional prioritization through sum trees.
To implement LA3P, we combine uniform sampling with PAL and PER with LAP.
For all experience replay sampling algorithms, except for uniform, we set = 0:4,
in line with the original papers. We also set " = 0:6 and " = 0:4 for PER and
LAP, respectively. Since we use LAP and PAL functions in our framework, we
set " = 0:4 for LA3P. The implementation of MaPER is obtained from the code
available on the submission website®. More details on the exact hyperparameter

settings, architecture, and implementation can be found in Appendix A.1 and
A2.

Each method is trained for a million steps over ten random seeds of network
initialization, simulators, and dependencies, except for the Ant, HalfCheetah,
Humanoid, and Swimmer environments. We observed that the algorithms could
improve from further training in these environments, and thus, we train them for 2
million steps. Note that we use a replay buffer size equal to the number of training
steps in all experiments. Every 1000 steps, each method is evaluated in a sepa-
rate evaluation environment (training seed + constant) for ten episodes, where
no exploration and learning are performed. To construct the reported learning

curves, we compute the average performance over ten evaluation episodes at each

Ihttps://github.com/sfujim/TD3
2https://github.com/sfujim/LAP-PAL
Shttps://openreview.net/forum?id=WuEiafqdy9H
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evaluation period. For easy reproducibility and fair evaluation, we did not change
the environment dynamics and reward functions of the simulators. Computing
infrastructure (i.e., hardware and software) used to produce the reported results
are summarized in our repository*. Detailed experimental setup is provided in

Appendix A.

For all tasks, we use uniform fraction value of = 0:5. Initially, we tested

= 10:1;0:3;0:5; 0:7;0:99 on Ant, HalfCheetah, Humanoid, and Walker2d and
found that = 0:5 produced the best results. In the next section, we also present
a sensitivity analysis based on the parameter. Empirical complexity analysis is
provided in Appendix A.4. Note that for some of the tasks (e.g., HalfCheetah,
Hopper, Walker2d) the baseline competing algorithms performed worse than what
was reported in the original articles. This is due to the stochasticity of the
simulators and used random seeds. Nevertheless, regardless of where the baselines
converge, the performance disparity between the competing approaches would

practically remain the same if we used different sets of random seeds.

3.4 Results

3.4.1 Comparative Evaluation

Figures 3.1 and 3.2 report the learning curves for the selected set of OpenAl Gym
continuous control environments for the SAC and TD3 algorithms, respectively.
Based on the learning plots, we notice that LA3P performs comparably or better
than the competing approaches in the majority of the tasks tested. However,
in the BipedalWalker and LunarLanderContinuous environments under the SAC
algorithm, LAP achieves slightly higher rewards than our method. Nevertheless,
these differences are negligible, and as shown by the learning curves, LA3P con-
verges faster. In these relatively trivial environments, we observe only a minor

improvement. However, in the Swimmer environment, where no algorithm could

“https://github.com/baturaysaglam/LA3P
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SAC + LA3P ( =0.5) - SAC 4+ PER = SAC 4+ LAP
— SAC + MaPER = SAC 4+ uniform
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Figure 3.1: The learning curves for the set of MuJoCo and Box2D continuous
control tasks under the SAC algorithm. The shaded region represents a 95%
confidence interval over 10 trials. A sliding window of size 5 smooths the curves
for visual clarity.

converge, the performance gains resulting from our modifications are particularly
notable. Furthermore, we also observe a significant improvement by LA3P in the
HalfCheetah environment relative to the prior approaches. As HalfCheetah and
Swimmer are considered “stable”, that is, episodes terminate only after a prespec-
ified number of time steps have been reached, these tasks entail the simulation of
long horizons. Consequently, as noted by [8], the advantages of a corrected pri-

oritization scheme are more prominent in environments with extended horizons.

In contrast to the mean curves, the shaded areas show a high degree of over-
lapping confidence intervals, which may suggest that the results obtained are not
significant. However, it is generally accepted that this type of hypothesis test is
weak. To establish whether the performance improvement provided by LA3P is
substantial, we have followed the statistical testing approach described by [30]
to analyze our results in depth. A 2-sample t-test with a confidence interval of
0.95 is recommended as an appropriate choice to compare the performance of

two algorithms. To this end, we have conducted pairwise comparisons of the
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