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Deep reinforcement learning has made significant breakthroughs in numerous fields and is considered a meaningful
way to achieve general artificial intelligence. However, the existing deep reinforcement learning algorithms still
face some difficulties in dealing with real problems, such as long time range and sparse reward credit allocation,
lack of effective diversified exploration and sensitivity to the selection of hyperparameters. To this end, we propose
an evolutionary reinforcement learning algorithm, RPSA-RL, which combines an evolutionary algorithm based on
population search with a deep reinforcement learning algorithm that utilizes problem gradient information. We
evaluated the performance of RPSA-RL with state-of-the-art reinforcement learning algorithms on six common
DRL continuous control tasks in the OpenAl Gym test bed. The results show that the proposed algorithm is superior
to or better than the most advanced algorithm, which proves the effectiveness of the proposed algorithm.

Keywords: Deep reinforcement learning, evolutionary algorithm, noise processing method, population size adapta-
tion.

1. Introduction allocation and long-time horizon credit alloca-
tion[Such et al. (2017)]. Furthermore, the inherent
stochasticity within the population dynamics en-
hances the evolutionary algorithm’s capacity for

Deep Reinforcement Learning (DRL) has yielded
significant advancements within the domain of
large-scale real-time strategy games[Mnih et al.

(2013, 2015); Silver et al. (2016)], robotic control ~ "obustness and steadfast convergence when con-
fronting intricate problem domains. Uncertainty

and noise exist in the reward and state transfer dis-
tribution functions of deep reinforcement learning
algorithms[Sutton and Barto (2018)]. OpenAl in-
troduces a simplistic evolution strategy (OpenAl-
ES) to solve reinforcement learning problems.
This algorithm uses a simple Gaussian distribution
for sampling, randomly selects policy from the
current distribution and calculates fitness by inter-
acting with the environment. The stochastic gradi-
ent is then calculated based on the fitness and used
to update the distribution parameters[Salimans
et al. (2017)]. However, the introduction of noise
processing mechanism is rarely considered in the

paradigms, machine vision applications, and var-
ious cognate fields. Nevertheless, the problem of
applying these techniques to a wide range of real-
world applications still faces the difficulties of
assigning credits with long time scales and sparse
rewards, lack of effective diversity exploration,
and sensitivity to the choice of hyperparameters.
Evolutionary algorithms offer a compelling av-
enue for the principled resolution of the above-
mentioned challenges within the deep reinforce-
ment learning domain[Fogel (2006)]. Evolution-
ary algorithms use the overall reward value of an
episode as the fitness of the intelligence, making it
less susceptible to the problems of sparse reward
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current research on the development of deep rein-
forcement learning algorithms using evolutionary
algorithms, and only a few studies use uncertainty
processing technology[Miiller and Glasmachers
(2018)] and restart strategy[Chen et al. (2019)]
to improve the performance of evolutionary algo-
rithms. For search space with high latitude, R1-
ES[Li and Zhang (2017)] is the simplest method
to deal with such high dimensional problems.

In response to the above difficulties faced by
deep reinforcement learning, the present study
introduces an evolutionary reinforcement learning
construct coined as RPSA-RL. By combining the
noise processing method RPSA with the exist-
ing large-scale optimization algorithm R1-ES[Li
and Zhang (2017)] and the mainstream deep re-
inforcement learning algorithm SAC(Soft Actor-
Critic)[Haarnoja et al. (2018)] based on gradient
optimization to form the evolutionary reinforce-
ment learning algorithm RPSA-RL. The main fea-
tures of RPSA-RL are summarized as follows.

(1) RPSA-RL effectively alleviates the prob-
lems faced by the mainstream DRL algorithm,
such as too long and sparse reward credit alloca-
tion time, lack of practical diversity exploration,
and sensitivity to hyperparameters. The RPSA
mechanism further improves the algorithm’s per-
formance in DRL problems with high noise inten-
sity.

(2) Evolutionary reinforcement learning algo-
rithm RPSA-RL is a general framework. It can use
other advanced evolutionary algorithms for solv-
ing large-scale optimization problems[Mei et al.
(2016); Loshchilov (2017); Sun et al. (2017); Li
et al. (2018)] and off-policy deep reinforcement
learning algorithms[Mnih et al. (2016); Fujimoto
et al. (2018)] to replace the corresponding algo-
rithms R1-ES and SAC in RPSA-RL.

The subsequent discourse of this exposition
is structured as follows. Section 3 proffers an
incisive exposition of the introduced RPSA-RL
algorithm. In Section 4, the performance of the
RPSA-RL algorithm is validated and evaluated on
continuous control tasks commonly used by DRL
using the OpenAl Gym test platform[Brockman
et al. (2016)]. The summative synthesis of the
paper’s essence converges within Section 5.
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Fig. 1. Schematic diagram of RPSA-RL algorithm.

2. Background and Prerequisite

The goal of reinforcement learning is to maximise
the rewards an intelligent body gains during its in-
teraction with the environment, usually modelled
as a Markov decision process (MDP). The MDP is
represented by a quaternion (S, A, T, R), where S
is the state space, A is the action space, 7' is a state
transfer function indicating that the execution of
action a from the current state s will transition
to the next state s’, and R is a reward function
defined at the immediate reward 7 obtained by
acting a in the current state s.

The total reward for an intelligent body interact-
ing with the environment is expressed in terms of
payoffs, and the discounted payoffs earned from
moment t to the end of the round are:

Ur=> 7" Ry, ey
k=0

where v € [0,1] is a discount factor to adjust the
weight of future rewards received.

The action value function is the expectation of
the reward that an intelligent body can obtain by
acting a in state s, defined as:

Q‘n’(stv at) :E5t+1,At+17",SmAn

)
(Ut St = 81, As = ay),

where the action choice of an intelligent body is
determined by the strategy function 7. Therefore,
the action value function depends on the strategy
.
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The state value function is the expectation of
the payoff that the intelligence can obtain in state
s based on the strategy 7, defined as:

Vi(st) = Ea, 8000, 4011,,80,4, Ut St = s¢].
3)
The policy learning approach uses a neural net-
work to approximate the policy function, derived
directly by solving an optimisation problem. The
optimal policy should have a large mean value
of the state values for all states, and therefore,
the expectation of the state values is used as the
objective function:

J(a) = ES[VW(S)]’ “4)

where 6 is a parameter of the policy network, an
approximation of the optimal policy function can
be derived by maximising this objective function.
Maximising the objective function can be done
using the gradient ascent method, where the ob-
jective function gradients over the parameters 6 to
obtain the policy gradient:
aJ(0)

dln (A|S;0
a0 Es [EANW('\S;Q)[%] - Qr (S, I?S)J

Reinforcement learning actor and critic parameter
updates are described below.

(1) Actor 7y interacts with the environment and creates
the experience of a tuple (s,a,r,s’,d) in replay
buffer R. B trajectory cells {(s, a,r, s’, d)} are ran-
domly sampled from the replay buffer R.

(2) Update all actors and critics of gradient-based deep
reinforcement learning algorithm.

Calculate the goals of the critic:
’ . i
y(T, S 7d) =r+ ’7(1 - d)(krinlliIQ Q¢uxy,k (S Y )_

alogm(a'ls’)), @ ~ mo(-|s")

(6)
Update critic:
1
V¢k® Z (Q(zﬁk (&a)—y(r, Slvd))27
(s,a,r,s’,d)€EB
fork=1,2
)

Update actor:
1 ) )
V(,-.@ SEZB(kH:ngQd’k (s, dg(s)) — orlogmy

(@g(s) | 5)),dg(s) ~ mo(-|s)
®

Update the target evaluator:

¢targ,k — p¢targ,k + (1= p)gg, fork =1,2
C))
(3) Introduce gradient information into evolutionary
algorithms and periodically replace the actor of re-
inforcement learning algorithms with the one with
the lowest fit in evolutionary algorithms.

3. The Proposed Method

In this section, we describe the proposed RPSA-RL in
detail.

3.1. Rank One Es

RI1-ES uses sparse and low-rank decomposition of co-
variance to achieve low computational complexity. It
has linear time complexity O(n) and low space com-
plexity. R1-ES uses the evolutionary path as the primary
search direction. The evolutionary path accumulates a
natural gradient of expected fitness relative to the mean
of the distribution and acts as a momentum term under
stationary conditions.

At iteration ¢, R1-ES samples a population of A new
candidate solutions from the current distribution as

Wi:mi+oltyi7i:17"'a)‘7 (10)

where y; ~ N(0,Cy) is a search direction. These
candidate solutions are evaluated by the objective func-
tion and sorted according to the noisy objective values
f(ﬂ'l:,)\) < f(7r2;)\) < - < f(ﬂ')\;)\), where the
subscript ¢ : A denotes the i-th best candidate solution.

The distribution mean is updated by the weighted
sum of the best y = \_%J candidate solutions as

n
mi =Y Wi an
=1

where w; > 0,7 = 1,...,pu are the weights for
multi-recombination. The principal search direction p

constructed by accumulating the movements of m; and
adapt the covariance matrix as

P41 = (L= o)pt +Ve(2 - C)uww
L)
with changing rate ¢ € (0,1) and pw =
/30 w?. Compute the rank difference

o
0= D w (Bl = B () 13)
1=1

where the weights w; > 0,7 = 1,...,u, and the
factor 1 is used to normalize ¢ € [—1,1]. Compute
the cumulative rank rate

si1=(1—es)st +es(qg—q") (14)
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where ¢* € (0,0.5) is a constant target ratio, cs >
0 is a constant changing rate, and s9 = 0. Adapt the
mutation strength as

0441 = Ot exp <$t+1> (15)

do

where ds > 1 is a damping factor.

3.2. Population Size Control Based on
Rank Change

We estimate noise levels by tracking the average dif-
ference in rank between two consecutive generations
and adjusting the population size based on the estimated
noise levels.

(1) Set F' = F; U Fy41, where F; and Fy41 denote
a population of objective values at iteration ¢ and
(t+ 1), respectively. All the elements in F’ are then
ranked in terms of their objective values. The ranks
of the i-th best solutions from F} and Fjyq are
denoted by Ry (¢) and Ry41(7), respectively.

(2) Calculate the average rank of each population

At—1

R 16
Ay = )\t_ ; (1), (16)

1
A= > Riya(i). a7

tim1
(3) Calculate and normalize the average rank differ-

ence
r= 2 (A —Ay) (18)
I VEFITD VIR e

(4) The rank difference is smoothed over generations
as

Yep1 = (1 — )by +ex(r—r"), (19)

where the parameter 7" € (0,0.5) controls the
acceptance threshold for the estimated average rank
difference. In practice, it also denotes the noise
level we can tolerate.

(5) Update the population size according to the esti-
mated cumulative noise level ¢, 1 as follows

A4t = M -exp (1”;“) 20)
A

The damping parameter d) > 1 reduces the vari-
ance of the population size change, and a large d
can slow down the adaptation. In this article, we set
dy = 1 for rapid adaptation.
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Algorithm 1 The Framework of RPSA-RL

1: Use weights 0™, ¢1, ¢- to initialize actor 7y
and the two critical Qg,, Q¢,

2: Use weights ¢1, ¢5 to initialize the weight of
the two target critics Qg1 < @1, rarg,2
b2

3: Initializes the parameter mean m, of R1-ES,

step size oy, evolutionary path py, set of fit
values Fp, and an empty loop replay buffer R

: fort =0to oo do

// Sample A candidate solutions as actors

fori=1to \; do
Z; NN(O,I)7 T N./\/‘(O7 1)
o= my + oy - (vl_ccovzi +
vV Ccouript)

9: // Evaluate the newly generated actor

10 f(m;), R = Evaluate(r;, R)

11:  end for

12:  // RI-ES parameter update

13: sort m; as f(mn) < f(man) <

F(main)

14 myyq =k 1 Wi n

15: Pt+1 = 1 c pf+ VvV € ,wa mt+1_mt

16: Rt,Rt+1 < ranks Oth7Ft+1 in F} UFerl

17: q= l H —1 Wi (Rf( ) Rt+1(i))

18: 6t+1 = (1 cs)se + cs(q—q)

19: 0yp1 = opexp (L

20:  // Noise processing method RPSA

21: )\t+1 =RPSA (Ft, Ft+1s >\t)

22: // Evaluate the actor of RL

23:  _, R = Evaluate(my, R)

24:  // Update parameters for all actors and
critics of RL

25:  for j =1 to number of updates do

26: Procedure mentioned in Section 2.

27:  end for

28:  if { mod w = 0 then

® >Nk

IN

29: Replace the actor of RL with the actor of
the lowest fitness value in R1-ES: 0’ < 0

30:  end if

31: t=t+1

32: end for

3.3. The Framework of RPSA-RL

The evolutionary reinforcement learning algorithm
RPSA-RL combines evolutionary and deep reinforce-
ment learning algorithms. RPSA-R1-ES generates a
large number of experiences of diversity exploration in
the process of interacting with the environment. These
experiences are stored in the replay buffer for the train-
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ing of the SAC of the DRL algorithm.

Figure 1 shows the overall framework of the RPSA-
RL algorithm. The following delineated steps primarily
characterize the algorithmic exposition.

(1) Initialize the parameters (lines 1-3), initialize all the
Actors and Critics in the SAC, initialize the R1-ES
with parameter mean my, step size og, evolution-
ary path op, set of adaptation values Fp, and an
empty cyclic replay buffer R for storing experience.

(2) Generate \; new solutions as new actors from the
current distribution of R1-ES and interact with the
environment by taking the resulting empirical tuple
(s,a,7,s",d) in the replay buffer R, where d indi-
cates whether the prologue is over or not (d = 0
means it has not been ended, d = 1 means ended).
The total reward value obtained is the adaptation
value (Lines 5-9). Based on the newly generated ac-
tuator and adaptation values, update the parameters
of R1-ES (lines 10-16).

(3) Perform the population size-based adaptive noise
processing method RPSA (line 17).

(4) Lines 18-25 are introduced in Section 2.

Parameter Settings: RPSA-RL uses Adam[Kingma
and Ba (2014)] as the neural network parameter opti-
mizer, and the learning rate of the actuator and evalu-
ator is set to 5e~° and 5e 4, respectively. The initial
population size of RI-ES )\q is set to 10. The size of
the replay buffer R is set to 1¢5, and the batch size
is 128. SAC’s discount factor ~y is set to 0.99. The
synchronization period w is set to 1.

4. Experimental Studies

This section comprehensively evaluates the evolution-
ary reinforcement learning paradigm, RPSA-RL, across
six continuous control tasks emblematic of the deep
reinforcement learning domain. The assessment uses
the OpenAl Gym test platform[Brockman et al. (2016)].

This experiment compared RPSA-RL with R1-ES-
RL, R1-ES, and SAC algorithms. The graphical depic-
tion in Figure 2 delineates the learning trajectory of all
algorithms in the continuous task test suite, where the
abscissa signifies the number of computational steps
undertaken. At the same time, the ordinate denotes
the magnitudes of rewards garnered. Every algorithm
is independently executed five times in each iteration,
with the continuous line denoting the mean trajectory
and the shaded segment encapsulating the variance. The
main observations and discussions of this experiment
are summarized as follows.

e RPSA-RL outperforms R1-ES-RL, RI1-ES, and
SAC on all continuous control tasks, especially

on Swimmer-v2, Ant-v2, and Walker2d-v2 tasks,
where the performance gap is more pronounced.

o RPSA-RL and RI-ES-RL are hybrid algorithms
that outperform their key components, R1-ES and
SAC, on all tasks, which validates the effectiveness
of combining evolutionary and deep reinforcement
learning algorithms.

o RPSA-RL is better than R1-ES-RL on the continu-
ous task test set, especially on the tasks Swimmer-
v2, Ant-v2, and Walker2D-v2, where the perfor-
mance gap between the two is more prominent.
Compared with R1-ES-RL, RPSA-RL introduces
an additional noise processing method RPSA, and
the experimental results verify the effectiveness of
RPSA.

5. Conclusion

In this paper, we firstly combine the RPSA noise pro-
cessing method proposed in this paper with the existing
large-scale optimization algorithm R1-ES, propose a
large-scale noise evolutionary optimization algorithm
RPSA-R1-ES, and then combine it with the mainstream
deep reinforcement learning algorithm SAC based on
gradient optimization to form the evolutionary rein-
forcement learning algorithm RPSA-RL. RPSA-R1-ES
proposes compelling mitigation strategies for the var-
ious challenges plaguing mainstream deep reinforce-
ment learning paradigms, the most notable of which
address the difficulties faced by mainstream deep rein-
forcement learning algorithms such as longer and sparse
reward credit allocation, lack of practical diversity ex-
ploration and sensitivity to hyper-parameters, and at
the same time, deep reinforcement learning algorithms
based on gradient optimization can make full use of
the gradient information of the problem to improve
the utilization rate of samples, and thus accelerate the
convergence of the algorithms. The empirical validation
of the efficacy of RPSA-RL materializes within the
crucible of the DRL continuous control task test suite,
thereby confirming its potent efficacy.
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