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Abstract—Evolutionary Reinforcement Learning (ERL) is a
new learning paradigm that integrates Evolutionary Algorithm
(EA) with Reinforcement Learning (RL). Existing ERL methods
encounter a problem of poor balance between individual quality
and diversity, which causes experience mismatch where delayed
experiences generated by the population hinder the training of
the RL agent. To address this problem, we propose a Late-
start Clustering Evolutionary Reinforcement Learning (LCERL)
algorithm to improve individual quality and diversity, thereby
enhancing the synergy between the population and the RL agent.
First, a late-start strategy is proposed to avoid the detrimental
impact of poor experiences generated by the population on the
RL agent’s training in the early stage. Second, a double opposite
proximal mutation operator is designed and applied to the RL
agent to generate high-quality individuals that are comparable
to the RL agent. Third, a clustering selection method with an
archive is designed to select diverse individuals for experience
generation. Experimental results on the MuJoCo benchmark
and a real-world energy management problem demonstrate the
superior performance and practicability of LCERL.

Index Terms—Evolutionary Reinforcement Learning, Evolu-
tionary Algorithms, Deep Reinforcement Learning, Late Start
Strategy

I. INTRODUCTION

EEP reinforcement learning (DRL) [1] leverages the

decision-making capabilities of reinforcement learning
(RL) [2] with the representation power of deep learning [3],
enabling agents to solve complex, high-dimensional tasks
effectively. It has demonstrated great capabilities in many
applications, such as GO [4], games [5], vehicle routing [6],
[7], scheduling [8], [9], and robot control tasks [10]-[12].
Despite DRL’s remarkable effectiveness, it still faces some
fundamental challenges, such as temporal credit assignment
with sparse rewards, lack of effective exploration, and brittle
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convergence properties [13]. To address these issues, Evolu-
tionary Algorithms (EAs) have recently been introduced into
DRL [14]-[16]. EAs are gradient-free optimization methods
that have great global search ability. When EAs are used in RL
environment, they can use the total return of an episode as the
fitness indicator, making them indifferent to reward sparsity
and robust to environmental noise [17].

Recognizing potential synergistic effects, numerous meth-
ods have been developed to integrate EAs with RL, aiming
to harness their complementary advantages for more efficient
policy search. Khadka and Tumer first proposed the Evolu-
tionary Reinforcement Learning (ERL) paradigm based on
the actor-critic algorithm [18]. ERL incorporates an RL agent
optimized by gradient-based methods and an actor population
evolved by EA. ERL leverages the actor population to provide
diverse experiences, which are injected into a replay buffer
shared by the population and the RL agent. The RL agent
is trained using experiences sampled from the shared replay
buffer. Meanwhile, it periodically synchronizes its actor with
the worst individual in the population, facilitating the injection
of gradient information into the population. The original
ERL algorithm employed two basic genetic operators, namely
multipoint crossover and Gaussian mutation, to generate new
actors. However, they may cause catastrophic forgetting, which
is harmful to the evolutionary process. Subsequently, many
new genetic operators were proposed, such as distillation
crossover and proximal mutation [19], [20], which are more
stable and efficient than the operators used in the original ERL.
Some works [21], [22] also tried to combine the Evolution
Strategy (ES) algorithms like Cross-Entropy Method (CEM)
[23] with Twin Delayed Deep Deterministic Policy Gradient
(TD3) [24] for better stability.

Despite the superior performance of these new operators,
from the perspective of RL, the following three open issues
should be solved to achieve harmony between EA and RL. 1)
Population initialization is critical for EA. To enhance diver-
sity, random initialization is commonly employed. However, in
ERL algorithms, random initialization can induce early-stage
experience pollution. The individuals generated by random
initialization are diverse but poor in the early stage, which
introduces a lot of low-quality experiences into the shared
buffer. Given the primacy bias inherent in DRL, which tends
to overfit early experiences [25], these low-quality experiences
can significantly hinder the RL agent’s subsequent learning
efficiency and the overall direction of policy optimization.
2) The inherent randomness of EAs inevitably leads to the
appearance of poor individuals during evolution. The low-
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quality experiences generated by these individuals are one
reason for the experience mismatch problem that hinders
the training of RL [26]. 3) Sometimes, the diversity of the
population is poor, and many individuals perform similarly.
Under such circumstances, many similar experiences will be
generated, which may attract RL into poor local optima.

Considering these three problems, we propose a Late-start
Clustering Evolutionary Reinforcement Learning (LCERL)
algorithm for more effective policy learning. The novelties of
LCERL are as follows:

o Late-start Strategy: To mitigate the early-stage experi-
ence pollution and primacy bias problems, we propose a
late-start strategy that delays the start of the EA process.
In contrast to traditional EA methods that rely on random
initialization, the late-start strategy ensures that the RL
agent first learns high-quality policies before evolutionary
strategies are introduced, enhancing learning efficiency in
the later stages and final performance.

« Double Opposite Proximal Mutation: Aiming at the
“experience mismatch” problem, to ensure the generation
of high-quality actors, we propose a double opposite
proximal mutation operator that directly applies to the RL
agent. It collaborates with the stochastic gradient descent
mutation operator to help the RL agent explore more
search space and ensures that the generated actors match
the level of the RL agent.

o Clustering Selection with Archive: Aiming at the “local
optima” problem, to maintain the diversity of experiences
in the shared replay buffer, we propose a clustering
selection method with an archive. This method selects
actors with widely different behavior characteristics from
the archive to achieve diverse experience generation.

The performance of the proposed LCERL algorithm is veri-
fied in six MuJoCo benchmark environments and a real-world
multi-energy microgrid management problem, compared with
the state-of-the-art DRL and ERL algorithms.

The rest of this paper is organized as follows. Section II
reviews the related work about ERL. The proposed algorithm
is demonstrated in detail in Section III. The performance of
LCERL is empirically studied in Section IV. Finally, Section
V draws the conclusion.

II. RELATED WORK

The integration of RL and EA shows different forms in
different applications. Based on the integration mechanisms
and optimization goals, these studies can be divided into
three categories: EA-assisted Optimization of RL, RL-assisted
Optimization of EA, and Synergistic Optimization of EA and
RL [27].

1) EA-assisted Optimization of RL: EA-assisted optimiza-
tion of RL leverages EAs to enhance various stages of RL
training, mitigating problems such as exploration inefficiency,
locality of gradient-based optimization, and sensitivity to hy-
perparameters. A prevalent strategy involves directly evolving
the parameters of policy networks or value functions. Repre-
sentative works, such as Evolved Q-maps (EQ) [28] and Value
Function Search (VES) [29] demonstrate how population-
based critic optimization and dual-scale perturbation search

can improve policy learning by enhancing value estimation
and gradient quality. Beyond parameter optimization, EAs
are also employed for dynamic hyperparameter tuning dur-
ing training. Methods like Population-Based Training (PBT)
[30], Online Meta-learning by Parallel Algorithm Competition
(OMPAC) [31], and GA-DRL [32] adapt key parameters
(e.g., learning rates, discount factors) through online EAs,
while Sample-efficient automated deep reinforcement learning
(SEARL) [33] further integrates network architecture evolution
for automated RL optimization. Additionally, approaches such
as Go-Explore [34] and population-guided novelty search-
RL (PNS-RL) [35] apply the principles of EA to improve
exploration and reward shaping. Overall, this line of research
offers enhanced exploration capabilities, robustness to local
optima, and adaptive training dynamics, though it often incurs
increased computational costs and complexity in evolutionary
operator design and hyperparameter management. In a related
direction, recent studies have explored hybrid frameworks
combining Evolutionary Strategies (ES) with model-based RL.
For example, PETS [36] and PlaNet [37] improve model-
based RL by integrating probabilistic ensemble models and
latent dynamics models with CEM and model predictive
control (MPC) to enhance action planning. PETS uses an
ensemble model to capture system uncertainties and improve
exploration, while PlaNet learns environment dynamics from
pixel observations for real-time planning. Grad-CEM [38]
combines ES with gradient-based optimization to refine ac-
tion sequences, boosting CEM’s efficiency. These algorithms
utilize EAs to choose good actions, diminishing the experience
mismatch problem between the estimated model and the real
environment. Different from them, the experience mismatch
problem discussed in this paper means the mismatch between
the experiences generated by the population actors and by the
RL actor. It is harmful to the training of the RL actor [26].

2) RL-assisted Optimization of EA: RL-assisted optimiza-
tion of EAs incorporates RL into the evolutionary process to
address challenges such as inefficient population initialization,
uncontrolled evolutionary operators, and high evaluation costs.
In NGGP [39] and RL-guided GA [40], RL is employed
to guide population initialization, enhancing the quality of
initial solutions and accelerating convergence. Utilizing RL’s
strengths in adaptive decision-making and efficient experience
use, RL-GA [41] and GSF [42] allow the dynamic selection
of crossover and mutation operators based on the current opti-
mization context, thus improving search efficiency and robust-
ness. Furthermore, RL plays a crucial role in quality diversity
(QD) optimization by balancing exploration and exploitation
to maintain diverse high-performing solutions, which is par-
ticularly valuable in multi-objective and constrained problems.
Approaches such as QD-RL [43] and PGA-ME [44] highlight
RL’s effectiveness in guiding diverse solution discovery. While
these methods enhance EA adaptability, sample efficiency, and
overall performance, they introduce additional hyperparame-
ters and experimental complexity and currently lack strong
theoretical guarantees regarding convergence.

3) The Synergistic Optimization of EA and RL: The syner-
gistic Optimization of EA and RL is about how these two tech-
niques collaborate, mutually enhancing each other to reach the
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Fig. 1. Overview of the ERL framework, highlighting the synergy between
gradient-free evolutionary algorithm (purple box) and gradient-based rein-
forcement learning (red box) in policy search.

same goal. The ERL paradigm discussed in this paper belongs
to this category, which is a hybrid framework that combines
the strengths of RL and EA for better policy optimization [18].
The canonical ERL framework is depicted in Fig. 1. The ERL
framework begins with initializing an actor-critic RL agent and
a population of actor networks, i.e., individuals, with random
weights. The fitness of each actor is the cumulative return they
achieve for each episode. Subsequently, a selection mechanism
based on fitness values selects a subset of individuals. The
crossover and mutation operators will be applied to the subset
to generate offspring individuals as a new population. During
the evaluation of newly generated actors, the experiences
obtained from their interactions with the environment are
injected into the shared replay buffer. The RL agent samples
experiences from the shared replay buffer and updates the
parameters of its actor and critic networks via stochastic
gradient descent. Additionally, the weights of the RL actor
are periodically copied into the worst-performing individual
in the population via synchronization. The synchronization
allows EA to leverage the knowledge learned through gradient
descent directly. The shared replay buffer and synchronization
facilitate the flow of information between the EA and RL
components, thereby enhancing the synergy between them.

After the first ERL framework [18], researchers have pro-
posed various ERL algorithms to exploit the synergy. These
algorithms improve the synergy from two aspects: 1) incor-
porating new evolution operators or evolutionary computation
algorithms and 2) designing new integration methods or frame-
works.

Evolutionary computation algorithms play a crucial role in
ERL. Some researchers focused on replacing the basic genetic
operators of Genetic Algorithm (GA) [45] with new operators
to improve the algorithms’ efficiency and stability. Proximal
Distilled Evolutionary Reinforcement Learning (PDERL) [19]
uses learning-based mutation operators to replace pure random
mutation to achieve better training efficiency. Meanwhile,
researchers found that Cross-Entropy Method (CEM) can ex-
plore the search space by adjusting the probability distribution
used to create samples, without directly using crossover and
mutation operations [46], [47]. Its evolutionary mechanism

can automatically exclude unstable regions of policy updates.
Building on this foundation, Pourchot et al. proposed Cross-
entropy Method-Reinforcement Learning (CEM-RL) [21],
combining CEM with Deep Deterministic Policy Gradient
(DDPG) [48] and TD3. Tang et al. proposed Cross-entropy
Method-Actor-critic with Experience Replay (CEM-ACER)
[22], which combines CEM with the off-policy actor-critic
algorithms with experience replay, leveraging the strengths of
both evolutionary strategies and off-policy updates. The CEM-
RL framework has served as the basis for the development of
several algorithms, such as NERL [49] and CEM-SAC [50].
Particle Swarm Optimization (PSO) [51] is also adopted in
ERL for different purposes. Evolutionary Action Selection-
Twin Delayed Deep Deterministic Policy Gradient (EAS-
TD3) [52] uses PSO to optimize actions rather than policy
parameters. Zhu et al. proposed a Two-stage Evolutionary Re-
inforcement Learning (TERL) [53] algorithm, which divided
the learning process into exploration and exploitation phases,
using PSO and shared replay buffers to facilitate information
exchange among individuals.

Besides introducing new evolution operators and algorithms,
some other researchers proposed new integration methods
or ERL frameworks. Khadka proposed Collaborative Evo-
lutionary Reinforcement Learning (CERL) [54] to mitigate
the hyperparameter sensitivity and poor exploration in RL
algorithms. CERL combines multiple RL learners, each with
distinct time horizons, with EA to explore diverse regions of
the solution space, thereby improving sample efficiency. To
address overestimation bias and inefficient mutation issues,
Federico et al. proposed X-DDPG [55], which combines
GAs with DRL and injects more robust individuals into the
population. Evolutionary Reinforcement Learning algorithm
enhanced with Truncated variance and Distillation mutation
(ERL-TD) [20] utilizes multiple networks to evaluate state-
action pairs, providing more accurate evaluation results. Enrico
et al. [56] proposed a new framework called Soft Updates
for Policy Evolution (Supe-RL), which periodically perturbs
the RL agent’s actor parameters to create a population and
updates the actor’s parameters through soft updates if the
best individual outperforms the RL agent. Suri et al. [57]
introduced Evolution-based Soft Actor-Critic (ESAC) that
integrates ES with Soft Actor-Critic (SAC) to solve high-
dimensional continuous control tasks, leveraging techniques
like automatic mutation tuning, soft winner selections, and
hindsight crossovers. To address the challenges of low sample
efficiency, learning instability, and insufficient exploration in
sparse-reward environments of DRL, Zheng et al. proposed
Cooperative Heterogeneous Deep Reinforcement Learning
(CHDRL) [58]. CHDRL integrates off-policy, on-policy, and
evolutionary agents to enhance exploration and learning effi-
ciency through a cooperative mechanism. Wu et al. proposed
an Adaptive Evolutionary Reinforcement Learning (AERL)
algorithm [59], introducing an adaptive mutation operator
and an early termination strategy to enhance efficiency and
performance in continuous control tasks. To solve the problem
of high computational cost and low sample efficiency caused
by fitness evaluation relying heavily on real environment inter-
actions, Wang et al. proposed the surrogate-assisted controller
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TABLE I
A COMPARISON OF SOME REPRESENTATIVE ERL ALGORITHMS.

Algorithm ‘ Operators RL Algorithm Experience Diversity Control RL and EA Synergy
ERL [18] multi-point crossover, Gaussian mutation DDPG No Synchronous parallel
PDERL [19] distillation crossover, proximal mutation DDPG No Synchronous parallel
CEM-RL [21] Cross-Entropy Method TD3 No Synchronous parallel
NERL [49] Cross-Entropy Method TD3 novelty search Synchronous parallel
SUPE-RL [56] Gaussian mutation Rainbow/PPO No Synchronous parallel
ERL-Re? [61] multi-point crossover, Gaussian mutation TD3 with shared network No Synchronous parallel
ERL-TD [20] distillation mutation SAC with truncated variance No Synchronous parallel
CoERL [62] Gaussian mutation SAC No Synchronous parallel
TR-ERL [26] canonical evolution strategy TD3 No Synchronous parallel
TERL [53] PSO-based population update TD3 No Synchronous parallel
double opposite proximal mutation . . . . .
LCERL(ours) SGD-based mutation TD3 Clustering Selection with Archive Late start Strategy
; Sample Algorithm 1 LCERL
Synchronize Experience N Input: RL actor 7, start criterion of EA Ty 4, replay buffer D, archive A,
RL agent EA Replay Buffer . . . .
A population size IV, archive size AZ, cluster number K
! 7 i 1 \ Output: best actor 7
| [— Evolutionary operator Population Diversity i 1: Randomly initialize 7
i ! l | | 2:D=0,A=0,7=0
i - . : ) ! ! 3: while the stop criterion is not met do
i Primacy bias Experience Quality Local optimal Challenge | . 3 R
| | | | } 4 while interaction does not finish do
P l_ .............. i .............. i .............. , 5: 7 interacts with the environment
i | Late start | I P"“'fhl“l‘ﬁpfs:,‘” I I Clustering Selection I Innmurliani 6: Store tranSitiO'n (57 a, 5/77") in D .
! e ! 7: Sample experiences from D and train w
TTTTTTTTTTTTTTTTTTTTmTomTommommommmmmmmmmmm e 8 j+—ji+1
. L. . . 9 end while
Fig. 2. The motivation and design rationale of LCERL. 10 if j > T4 then
11 Copy 7 N times to form a new population pop
12 for each 7; in pop do
[60] for evolutionary reinforcement learning frameworks. This 13 if i%2 == 0 then i _
s 14: Apply double opposite proximal mutation
framework uses a surrogate model to approximate fitness | else
evaluations, reducing computational costs while maintaining 16: Apply stochastic gradient descent
performance. Evolutionary Reinforcement Learning with a }; end if vl
i) < Evaluate (m;
Two-scale State (ERL—ReQ) [61] allows EA and RL strate- 19 /{gyzﬂ_ 7 (Vﬁ_l)’)) téﬂjl)
. . . . 1 1
gies to share the same nonlinear state representation while 20 if |A| > AZ then
maintaining separate linear policy representations. To illustrate ~ 21: Remove the worst actor from A
. . . 22: end if
the difference between our algorithm and some representative 55 end for
related works clearly, we use a table to comprehensively 24: Ej « Clustering_Selection(A, D, K)
compare representative ERL algorithms in operators, RL algo- 25 Enr « Select top M = N — K actors from pop
rithm, experience diversity control, and the synergy between o B Ex UEm
» €Xp sity ’ Synergy bety 27: for 7; in E do
RL and EA, as shown in Table I. More detailed comparisons  28: while interaction does not finish do
can be found in [27]. 29: 7; interacts with the environment
Despite the devel t of lex fi K 30: Store transition (s, a, s’,r) in D
espite the development oI numerous compliex ramewor. S 31: Sample experiences from D and train
and operators, the problem of poor balance between the quality  32: jej+1
and diversity of population experiences has not been settled 33 end while
1 34: end for
well. 35 end if

III. PROPOSED ALGORITHM

This section first introduces the overall structure of LCERL,
followed by a detailed explanation of its three key components:
the late-start strategy, double opposite proximal mutation, and
clustering selection with archive.

A. Structure of LCERL

LCERL is proposed to train a good RL actor efficiently.
The primary objective of the population in LCERL should
be emphasized that it is used to help RL training by gener-
ating more high-quality and diverse experiences. For a more
intuitive comprehension of LCERL, its motivation and design

36: end while
37: 7 < best actor in E/
38: return 7+ = argmax(f(7), f(7))

rationale are shown in Fig. 2. In evolutionary reinforcement
learning, population initialization, evolutionary operator, and
population diversity are crucial; if not handled well, they can
lead to issues like primacy bias, degradation of population
quality, and getting trapped in local optima. To address these
issues, We introduce a late-start strategy, ensuring high-quality
early experiences, double opposite proximal mutation to align
generated actors with the RL agent’s learning phase, and
clustering selection with archive to maintain diversity and
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Fig. 3. Framework of LCERL. The left part is the RL part, and the right part is the EA part, where the three red boxes are the innovation points proposed

in this paper.

improve exploration, ultimately enhancing learning efficiency
and stability. The framework of LCERL is illustrated in Fig.
3. Specifically, LCERL integrates EA into the TD3 algorithm,
which comprises an interactive environment, a shared replay
buffer, an RL agent, and an archive that stores recent actors
mutated from the RL actor. Comparing Fig. 3 and Fig. 1,
we can find that LCERL does not explicitly maintain a
population. New individuals are always generated by mutating
the RL actor. This practice is beneficial to alleviating the
experience mismatch problem where the experience generated
by the population does not match the level of the RL agent
[26]. Based on this framework, the late-start strategy, double
opposite proximal mutation, and clustering selection strategy
are embedded, all aiming to generate diverse and high-quality
experiences for the RL training.

The training process of LCERL is shown in Algorithm 1.
The first step is to initialize these components (lines 1-2).
We use j to count how many timesteps the RL agent has
been trained. After initialization, the main loop begins. In each
iteration, the RL actor will first interact with the environment
and sample experiences from the shared buffer to update itself
and the critic (lines 4-9). In the early stage, i.e. when j < Tg 4,
the late start strategy will skip the EA part. Only the RL actor
interacts with the environment, allowing the RL to focus on
training based on its own experiences. The EA component is
activated when a predefined condition is met (line 10), i.e.
j > Tgpa. In the EA part, two mutation operators will be
applied to the RL actor to generate a population of actors and
these new actors will be added to the archive. The archive
in LCERL is set with a fixed capacity to store the most
recent and high-performing actors generated by the mutation
operators and their fitness f;, i.e., cumulative reward values.
The reason for setting a fixed capacity is to maintain the
novelty and quality of actors in the archive and to decrease the

complexity of the clustering selection process. Based on the
current RL actor, we generate a new population of actors using
two mutation methods: double opposite proximal mutation
and stochastic gradient descent (lines 11-17). Then, these new
actors are inserted into the archive. If the archive exceeds its
maximum size, it will discard the worst actor based on fitness
(lines 18-22). Next, an elite actor set E is selected to provide
experiences. It consists of two parts. K elite actors come
from the archive where the cluster selection method is applied,
denoted as Ex (line 24). The clustering selection function is
demonstrated in Algorithm 2. The other elite actors come from
the newly generated population where the top M = N — K
actors are considered, denoted as FEj; (line 25). N is the
total number of elite actors. For the sake of simplicity, the
number of elite actors is set equal to the size of the population.
Then, these elite actors will interact with the environment to
generate high-quality and diverse experiences, which are added
to the shared replay buffer (lines 27-34) to train the RL agent.
Finally, the best actor in the final population is compared with
the RL actor. The better one is returned as the final model
(lines 37-38).

B. Late-start strategy

During the early stage, the strong exploration of EA tends
to introduce excessive randomness, which may generate a
lot of low-quality actors and low-reward experiences. Since
DRL uses neural networks instead of discrete tables, the great
efforts to approximate the low-reward actions and states in the
early stage have no benefits and will seriously influence the
subsequent optimization. Although in LCERL, all EA actors
are generated by mutating the RL actor, since RL performs
poorly in the early stages, the population generated from these
mutations provides limited benefits.
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To mitigate this issue, we propose the late-start strategy.
The core idea behind this strategy is to delay the introduction
of intensive exploration, allowing the RL agent to stabilize its
learning trajectory before further increasing the exploration.
This strategy enables RL to effectively use gradient infor-
mation to learn the basic policy in the early stage, avoiding
interference caused by EA randomness.

Since the late-start strategy is crucial to the RL agent train-
ing, in LCERL, we use the number of RL training timesteps
as the measurement to start the EA component. For the sake of
simplicity, assuming the total number of RL training timesteps
is T,p, the starting criterion for EA denoted as T 4 is defined
as:

Tpa=6-T, (1)

where § is a hyper-parameter.

C. Double Opposite Proximal Mutation

The double opposite proximal mutation is designed based
on the proximal mutation [19]. The proximal mutation is
an operator that uses sensitivity y to scale the Gaussian
perturbation applied to each weight of the actor network my
through

0012,

Y

with (x ~ N(0,01)), where o is a mutation magnitude hy-

perparameter and the initial value is 1. The sensitivity y is

calculated by the gradient of each dimension of the output

action over Ny 4o States, which are sampled from the buffer
of actors. It is defined as:

2)

Daction [Natate 2
y=| Y | D Vema(sq)y 3)
p=0 q=0

Each actor maintains a personal buffer to store recent expe-
riences in addition to the shared replay buffer. D,t;0n is the
dimension of the action space and N4t denotes the number
of sample states s,.

To augment the mutation efficacy, we introduce an oppo-
site proximal mutation. It introduces a scaling factor o and

1+t 2+ g+ 4= |

compares the result of the opposite proximal mutation with
the proximal mutation, ultimately adopting the better one,
following as:

00 —ax’ 4)
Yy
evalafier
= |— 5
evalbefore ( )

The values evalpefore and evalager respectively represent the
evaluations before and after the proximal mutation. When the
evaluation improves, o > 1 signals the need for a larger
mutation to explore further. When the evaluation worsens,
a < 1 suggests reducing the mutation amplitude to maintain
the current solution. To enhance mutation effectiveness, we
introduced a re-mutation threshold. If the mutation fails to
improve performance, the mutation standard deviation o is
increased by a factor of 1.5, as shown by:

o'=15¢

(6)

Based on the new o', perform a new round of opposite
proximal mutation. The double opposite proximal mutation
uses two opposite perturbations to enable broader exploration
and refine the search around the current solution, avoiding
local optima.

D. Clustering Selection with Archive

In EA, individuals are typically characterized by both their
genotype and phenotype. The genotype refers to the under-
lying genetic representation. The phenotype pertains to the
observable traits, like the actions exhibited by an individual in
response to the environment. In LCERL, we specifically use
the phenotype to describe each actor, i.e. the actions it takes.
This is because the actions taken by the actor in response
to a given state, rather than its internal genetic structure,
are directly relevant to its performance in the environment
and the experiences it generates. To efficiently select diverse
elite actors from the archive, a clustering selection method is
designed.

The detailed process is shown in Fig. 4 and Algorithm
2. Initially, we sample [ states randomly from the shared
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Algorithm 2 Clustering_Selection

Input: archive A, replay buffer D, cluster number K
Output: archive elite actors Fx

1: Randomly select [ states {sy,...,s;} from D

2: for each actor 7; in A do

3 Use {s1,..., 8} to obtain actions {a,...,a;}

4: Behavior Characterization b(m;) < {a1,...,a;}

5: end for

6: Cluster actors in A using K-means based on

{b(m1)s - b(ma)}
FEi < Select the best actor from each cluster
8: return Ey

>

replay buffer and obtain the actions {ai,...,al} of each
actor m; on these [ states (lines 1-5). These actions are then
treated as the behavioral characteristics of the actors, denoted
as b(m;), as they reflect how each actor interacts with its
environment. Then, the K-means algorithm is executed based
on the behavioral characteristics {b(m1), ..., b(m 4))} to divide
the actors into K clusters, where each cluster represents a set
of actors with similar behaviors in response to the sampled
states (line 6). Finally, we select the best actor from each
cluster, as determined by their fitness (line 7). Through this
clustering selection method, we can choose K representative
actors in the archive to generate diverse experiences.

E. Discussions

Here, we discuss the rationality of three innovations in
LCERL.

1) Late-start strategy: Given an episode
{s0, ag, 0, 81,01,71, ...}, the actor-critic algorithm will
update its critic network V,, and actor network 7y following:

€0 =11 + YV (St41) — Vi (1) (7
w :w+awZetvaw(st) (8)
t
0=0+apy_ &Vologm(as) 9)
t
where V,,(s) = >, m(als)Q™(s,a), ¢ is the immediate

reward, v is the discount factor, o, and ay are two learning
rate hyper-parameters.

The early-stage injection of large amounts of random low-
quality experience from the population causes the critic to
prematurely and incorrectly fit underestimated Q values, i.e.
Q™ (s,a), which may lead to two situations. The first situation
is that V,, can tell which state is better but due to the
overabundance of low-return episodes, the estimated values
for different states tend to be similar. In such a case, ¢; will
be relatively small and close to r;, making the algorithm short-
sighted and decelerating the update of the critic parameters w
and the actor parameters 6. The second situation is that V,
cannot judge which state is better. Under such circumstances,
€; would give wrong update directions. As a consequence, the
agent tends to spend an extended amount of time exploring

low-quality regions, which negatively impacts the efficiency
of exploration in reinforcement learning.

These analyses highlight that low-quality early experience
from EA actors undermines the RL training stability and
learning efficiency, potentially leading to suboptimal conver-
gence. The late-start strategy mitigates this by delaying EA
involvement, thus improving overall performance.

2) Double Opposite Proximal Mutation:

The double opposite proximal mutation explores both pos-
itive and negative directions, and there is a certain prob-
ability of re-exploration, enhancing search space coverage.
This approach not only improves local optimization but also
broadens the search area, facilitating escape from local optima.
Moreover, the mutation operator has a greater probability
of addressing the issue of saddle points, common in high-
dimensional optimization problems. This mutation operator
increases the chance of escaping flat or deceptive regions,
thereby improving the chances of finding better solutions.

However, since the proposed double opposite proximal
mutation strategy may undergo secondary mutation with a
certain probability, it leads to additional time consumption.
In the experimental section, we will provide a comparative
analysis of training time with other algorithms to show that
the extra time cost is not significant.

3) Clustering Selection with Archive: Numerous studies
have demonstrated that population diversity control strategies
significantly impact the quality of the final solution [63],
[64]. Although our algorithm does not maintain a population
for evolution, the experience generated from the interaction
between the actors obtained through mutation and the en-
vironment directly contributes to training the RL agent. In
some continuous high-dimensional environments, the Q-value
function is multi-modal, meaning there are several different
strategies that can yield high returns. In LCERL, we use
phenotypes to cluster actors within the archive, selecting those
with behavioral characteristic differences and high quality to
interact with the environment for RL training. This approach
helps prevent the RL agent from converging to a local optimum
while neglecting other promising local optima. Ultimately, this
strategy ensures a balanced exploration-exploitation trade-off,
enhancing the algorithm’s overall capability.

IV. EXPERIMENTAL STUDIES

To evaluate the practical effectiveness of the proposed
algorithm, we compare it with several well-known ERL and
RL algorithms, including ERL [18]', CERL [54]?>, PDERL
[19]%, CEM-RL [21]*, ERL-Re? [61]°, ERL-TD [20]°, CoERL
[62]7, TERL [53], TD3 [24]%, SAC [65], PPO [66], and
DDPG [48]°. These algorithms were selected as benchmarks

Thttps://github.com/ShawK91/Evolutionary-Reinforcement-Learning
Zhttps://github.com/intel/cerl

3https://github.com/crisbodnar/pderl
“https://github.com/apourchot/CEM-RL
Shttps://github.com/yeshenpy/ERL-Re2
Shttps://github.com/2019cyf/ERL-TD
https://github.com/HcPlu/CoERL

8https://github.com/sfujim/TD3
9https://github.com/openai/baselines/
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due to their proven success in various reinforcement learning
tasks, providing a solid foundation for evaluating the strengths
and weaknesses of our proposed method. For each of these
algorithms, we set the hyper-parameters for each algorithm
to the recommended values specified in the respective papers
or to the default values provided in their original programs.
To assess their performance, we apply each algorithm to
six complex MuJoCo environments (Ant-v4, HalfCheetah-v4,
Hopper-v4, Humaniod-v4, Swimmer-v4, Walker2d-v4) [67] in
OpenAl Gym [68]. These environments represent a range of
complex, high-dimensional control tasks that require agents to
exhibit high levels of decision-making and adaptability.

In addition to this comparison, we also conduct ablation
studies to evaluate the individual contributions of the three
proposed strategies. These ablation experiments are designed
to demonstrate the effectiveness of each strategy in isolation,
proving that every component plays a crucial role in enhancing
the algorithm’s performance. Through these experiments, we
aim to not only validate the superiority of our proposed method
over existing approaches but also to highlight the specific
benefits brought by each of the strategies included in LCERL.

Finally, to show the practicability of LCERL, we also apply
it to a real-world multi-energy microgrid (MEMG) energy
scheduling problem and compare its performance with the
state-of-the-art RL algorithms that were commonly used in
the MEMG environment [69].

A. Experiment Setup

For reproducibility, each algorithm is trained on each task
with five different random seeds, and the average performance
across these five runs represents the algorithm’s performance
on that task. Following the settings in CEM-RL [21], ERL-Re?
[61], ERL-TD [20], each training consists of one million
training steps (T, = 1,000,000) of the RL agent training.
The hyper-parameters used in our method are detailed and
corresponding references as follows Table II. The experiments
of tuning ¢ and K are provided in the supplementary material.
Finally, the RL adopted in LCERL is TD3. The settings of
TD3 are shown in Table III.

TABLE II
PARAMETER SETTING

Parameter Value Ref

The parameter of TD3 default setting  [24]

The training timesteps 1,000,000 [21], [61], [20]
The size of population buffer and RLggent buffer 50,000 [26]

The size of individual buffer in population 8,000 [19]

The size of population 10 [18], [19]

The Mutation magnitude parameter o 0.01 [18]

The batch size Ny 256 [18]

The Archive size AZ 20 [70]

The number of states [ for clustering selection 1024 [70]

Ours
Ours

The parameter of late-start strategy starting criterion 6 0.2
The parameter of K-means cluster number /' 4

B. Experimental Results

Fig. 5 shows the performance of all algorithms. The mean
return values and standard deviations are represented by
the solid lines and shaded areas in the figure, respectively.
Additionally, we present the final performance of various

TABLE III
TD3 HYPERPARAMETERS SETTING

Parameter Value

Actor network FC(256,256)
Actor activate function ReLU

Critic network FC(256,256)
Critic activate function ReLU
Optimizer Adam
Learning rate 3x 10~
Discount factor 0.99

Target network update rate 0.05

Std of Gaussian exploration noise 0.1

Noise added to target policy 0.2

Range to clip target policy noise 0.5

Frequency of delayed policy updates 2
Batch size for both actor and critic

algorithms across six MuJoCo environments in Table IV.
Besides the performance statistics, i.e., mean value * stan-
dard deviation, we have also performed the Wilcoxon rank-
sum test between LCERL and the compared algorithms in
each environment with a significance level set to 0.05. 1///J
indicates LCERL is significantly better than/worse than/equal
to the compared algorithm in Table IV. To get the overall rank
of the algorithms and to show whether LCERL is significantly
better in general, we have also performed the Friedman test
with the Finner post-hoc analysis over all experimental results
in all environments, which is shown as the last column.

According to mean values, LCERL outperforms the other
algorithms in most environments except Walker2d-v4 and
Ant-v4. In Walker2d-v4, our algorithm is slightly inferior to
ERL-Re? but still ranks second among all algorithms. In Ant-
v4, our algorithm is slightly inferior to ERL-TD and ERL-Re?
and ranks third among all algorithms. ERL-TD utilizes mul-
tiple Q-networks to evaluate state-action pairs, allowing for
more accurate assessments from the ensemble of networks
[20]. ERL-Re? combines a shared state representation enriched
by value function maximization with individual policy repre-
sentations optimized through behavior-level genetic operators
and a novel policy fitness surrogate [61]. These may be the
reason for their good performance in Ant-v4 and Walker2d-
v4, since these two environments require higher sample effi-
ciency for value function approximation [19], [53]. Previous
researchers think the Swimmer environment has a deceptive
gradient phenomenon [71]. The deceptive gradients mean the
search space including poor local optima. The gradient-based
algorithms are ineffective in the Swimmer. We also can see in
Fig. 5 that in Swimmer, the RL algorithms SAC, PPO, DDPG,
and TD3 perform poorly, worse than LCERL. LCERL utilizes
mutations to prevent RL from getting stuck in deceptive local
optima. In Walker2d-v4, Hopper-v4, and Humaniod-v4, some
algorithms converge faster initially than LCERL, but their
convergence speed gradually weakens. In contrast, LCERL
demonstrates more efficient synergy between EA and RL in the
later stages. It remains stable and surpasses other algorithms
in the mid-to-late stages.

Meanwhile, the Wilcoxon rank-sum test shows that LCERL
outperforms other algorithms in most environments. The
Friedman test, with a p-value, further emphasizes LCERL’s
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Fig. 5. The mean return obtained on HalfCheetah-v4 (a), Hopper-v4 (b), Humanoid-v4 (c), Swimmer-v4 (d), Walker2d-v4 (e), Ant-v4(f).

TABLE IV
FINAL PERFORMANCE (MEAN=Z£STD.) ON MUJOCO ENVIRONMENTS WITH STATISTICAL SIGNIFICANCE INDICATORS AND AVERAGE RANK OF
ALGORITHMS.
Classification  Algorithm ‘ HalfCheetah-v4 Hopper-v4 Humanoid-v4 Swimmer-v4 Walker2d-v4 Ant-4 ‘ Avg. Rank(p-value)
TD3 10820 + 1646(1) 3376 £ 228(1) 4656 £+ 706(1) 102 + 29(1) 4375 + 258(1) 4341 £+ 1123(1) 5.2(0.003)
RL SAC 7633 £ 2796(1) 3241 £ 166(1) 5356 + 236(1) 57+ 8(1) 4317 £ 296(1) 4342 4 1025(1) 6.4(0.0)
PPO 1061 £ 37(1) 1785 £+ 153(1) 405 £ 12(1) 100 £+ 11(1) 1374 £ 345(7) 414 £+ 61(1) 11.1(0.0)
DDPG 9045 + 1294(1) 2397 £ 613(1) 248 + 178(1) 20 + 8(1) 1885 £ 753(7) 578 £ 537(1) 10.8(0.0)
ERL 1450 + 494(1) 1258 +269(1) 2242 + 1873(1) 59 + 18(1) 1544 + 492(1) 1019 + 50(1) 11.2(0.0)
CERL 6748 £ 725(1) 2735 + 14(1) 2862 £+ 1972(1) 170 £ 38(%) 3365 + 258(1) 2943 + 1055(1) 7.9(0.0)
PDERL 8134 £ 141(1) 3363 £ 98(1) 5250 + 43(1) 133 £ 32(1) 3877 £ 485(1) 3764 £ 1028(1) 6.0(0.0)
ERL CEM-RL 8485 + 413(1) 2513 £ 677(1) 207 £ 1(1) 58 + 13(1) 3891 + 601(3) 1813 4 600(1) 9.2(0.0)
ERL-Re? 10957 £+ 372(1) 2524 + 727(1) 4917 £ 430(1) 120 £ 10(1) 4935 + 250(7) 5796 + 923(1) 4.4(0.031)
ERL-TD 11204 +1060(3) 2982 + 848(7) 5303 £ 80(1) 116 + 36(1) 4223 + 614(3) 6209 + 896(7) 4.1(0.055)
CoERL 10303 £ 391(1) 3295 + 128(1) 2218 +2100(1) 44 +2(1) 4424 + 508(%) 5303 £ 267(3) 6.3(0.0)
TERL 10669 + 587(1) 3290 + 73(1) 5223 £ 196(7) 106 + 23(1) 3113 £ 543(1) 4119 £ 656(1T) 6.1(0,0)
LCERL 11393 £ 698 3610 £ 105 5608 + 100 181 + 27 4712 £ 319(1) 5459 £ 583 2.2

1/4/7 indicates LCERL is significantly better than/worse than/equal to the compared algorithm according to the Wilcoxon rank-sum test. The last column
shows the average ranks with p-values made by the Friedman test with Finner post-hoc analysis.

superiority by showing that it consistently ranks the highest
(average rank of 2.2) across all environments, indicating its
overall effectiveness and consistency in diverse tasks. At the
standard significance level of 0.05, LCERL significantly out-
performs most algorithms, with the only exception being ERL-
TD. When the significance level is relaxed to 0.1, LCERL also
significantly outperforms ERL-TD, achieving statistically sig-
nificant improvements over all other algorithms. In conclusion,
the results demonstrate that LCERL outperforms other algo-
rithms across multiple tasks, with significant improvements in
performance and stability, validating its effectiveness.

C. Ablation Experimental Results

1) Late start strategy: To examine the effectiveness of
the late start strategy, we conduct an ablation experiment by

removing the late start strategy, allowing EA to take effect
from the beginning. Meanwhile, to show that exploration is
still important in the late stage of ERL, we also create an early
stop strategy for comparison, which stops the EA component
early in the late stage. Fig. 6 shows the learning curves.
Comparing LCERL with and without the late start strategy,
we can find an interesting phenomenon in each environment
that the full LCERL version initially lags behind but gradually
catches up and finally overtakes the one without the late
start strategy. This is because LCERL initially relied solely
on an RL actor, which the exploration ability of LCERL
before 200,000 timesteps worse than without using the late
start strategy. The probability of initializing ten population
actors with a good one is inherently higher than initializing
just one actor. Although initially applying EA can temporarily
enhance algorithm performance, an overabundance of low-
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return experiences injected into the shared replay buffer will
hinder the learning efficiency of RL, ultimately limiting per-
formance improvements in the later stages. In contrast, the
late start strategy makes RL establish the correct optimization
direction during the early stage and then utilizes EA to enhance
exploitation capabilities. This strategy not only mitigated the
negative effects of early randomness but also optimized the
synergy between RL and EA. Despite the initial decline
in performance, the overall performance improvement and
increased training stability demonstrate the effectiveness of
the late start strategy.

Comparing the blue and black curves, we can find that the
EA component, especially mutation, still plays a vital role in
maintaining convergence stability and efficiency in the later
stage of ERL. Stopping EA in the later stage is a wrong
decision. This is because, in the later stage, the RL agent has
already approximated the values of most states and actions.
Keeping exploring more states is beneficial to the accuracy
of the model. Instead, if only the RL agent itself explores
the environment, the experiences in the buffer will become
similar, which will make the RL agent overfit to the states
that it used to visit. Overall, the experiment shows that the
late start strategy is very useful.

2) Double Opposite Proximal Mutation: To examine the
effectiveness of the double opposite proximal mutation strat-
egy, we design a comparative experiment that replaces the
double opposite proximal mutation with the traditional prox-
imal mutation method. The results are shown in Fig. 7.
The experimental results demonstrate that the double oppo-
site proximal mutation method outperforms the traditional
proximal mutation in most environments. Notably, in the
Hopper-v4, Humanoid-v4, Swimmer-v4, and Walker2d-v4, our
method proves beneficial throughout nearly the entire process.
These findings highlight that the double opposite proximal
mutation strategy significantly contributes to the generation
of higher-quality experiences, which enhances the efficiency
and effectiveness of RL training.

3) Clustering Selection with Archive: To examine the ef-
fectiveness of the clustering selection with an archive, we
conduct an ablation experiment by removing the clustering
selection and the archive, relying solely on mutation methods
for population generation and experience generation. Fig. 8
illustrates the learning curves with and without the clustering
selection. The experimental results show that in most envi-
ronments, the clustering selection method with the archive
outperformed the approach without it. Although on two envi-
ronments, HalfCheetah-v4 and Hopper-v4, it does not exhibit
significant benefits, there are no adverse effects observed ei-
ther. Meanwhile, our method consistently benefits RL training
throughout the process in other environments. Therefore, it
demonstrates that the proposed clustering selection method
effectively promotes the generation of diverse experiences.

D. Further Analysis

From the above results, we observed that the performance
gap of the ablation experiment is more obvious in the
Walker2d-v4 environment than in other environments. Mean-
while, most algorithms have stable convergence behavior in

this environment. Thus, we select the Walker2d-v4 environ-
ment to make a deep analysis about LCERL.

1) Late-start Strategy: To empirically support our theoret-
ical analysis in Section IIL.LE, we examine two core metrics
that reflect different aspects of actor-critic learning: Q value
(value estimation) and critic loss (value stability), with and
without the late-start strategy as shown in Fig. 9. The Q value
is calculated as the average Q value of a batch of sampled
experiences from the buffer.

According to the Bellman optimality equation, we know
that a policy 7* is optimal if Vi-(s) > V(s) for all s and
for any other policy m, meaning that a higher Q value is
preferred. As shown in Fig. 9(a), LCERL with the late-start
strategy maintains consistently higher Q values, indicating
more accurate value estimation and better anticipation of long-
term rewards. In contrast, the LCERL without the late-start
strategy shows low and flat Q value estimation, suggesting
that poor early experiences misled the critic. This supports
our theoretical claim that early low-quality experiences cause
Q value underestimation, which hinders effective updates and
slows down exploration.

Consequently, Fig. 9(b) shows that LCERL with the late-
start strategy exhibits a higher loss in the early stages than its
counterpart, which indicates that the algorithm is not misled
by poor experiences. RL agent clearly recognizes that it is still
far from the global optimal solution. Meanwhile, the loss value
is stable, suggesting that LCERL with the late-start strategy
is not trapped in a local optimum and continues to optimize
the RL agent stably. In contrast, LCERL without the late-
start strategy initially exhibits a lower loss, suggesting that
it is misled by poor experiences and falls into a poor local
optimum in the very beginning. After 600,000 training steps,
it starts to explore more high-reward regions, but it is quite
late.

Overall, Fig. 9 matches our theoretical analysis in Section
IILE perfectly. Abundance of early low-quality experiences
lead to the underestimation or incorrect estimation of the
Q value, causing small or wrong €; in (7), influencing the
parameter w and 6 update in (8) and (9), finally affecting the
algorithm’s training efficiency.

2) Double Opposite Proximal Mutation: To validate our as-
sumption that the double opposite proximal mutation enhances
the exploration ability of the algorithm, we compared the states
that have been frequently visited by LCERL with and without
the double opposite proximal mutation operator in Walker2d-
v4, as shown in Fig. 10. Since there are 17 observation
dimensions in Walker2d-v4, that are hard to display, we
randomly selected two dimensions from the state vector and
plotted kernel density estimation (KDE) graphs for these two
dimensions to visualize the distribution of visited states. These
plots act as “heat maps,” showing areas that were frequently
visited.

From the figure, we can see that LCERL with double
opposite proximal mutation exhibits a larger area, which
means it has explored more states. Importantly, LCERL does
not sacrifice its exploitation ability in the process. The most
frequently visited states of both algorithms, i.e., the orange
areas, are similar around (0.0, -0.75), meaning they both find
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Fig. 9. The target Q value (a) and critic loss (b) of LCERL and LCERL
without Late-start strategy.

these states with good values. The difference is that the orange
area of LCERL with double opposite proximal mutation is
larger, indicating that double opposite proximal mutation ex-
ploits a slightly larger neighborhood than proximal mutation.
Meanwhile, Fig. 10(a) also shows that LCERL with double
opposite proximal mutation also takes some effort to explore
another promising state area around (0.0, 0.75). Overall, Fig.
10 showed that our algorithm effectively balanced exploration
and exploitation capabilities, ensuring robust performance in
diverse scenarios.

3) Clustering Selection with Archive: According to the
ablation experimental results shown in Fig. 8, the effect
of clustering selection on HalfCheetah-v4 and Hopper-v4 is
not very obvious, but it is more obvious in the other four
environments. We attribute this discrepancy to the inherent
characteristics of each environment. Environments like Ant-
v4 and Humanoid-v4 feature more complex locomotion and
higher-dimensional state or action spaces, leading to more

diverse policy behaviors. Walker2d-v4, although it has the
same state and action dimensions as HalfCheetah-v4, is more
complex since there are multiple ways to walk faster. As to
Swimmer-v4, although it has simpler dynamics and lower
action dimensionality than the others, according to research
in [71], it often presents deceptive gradients, which can trap
policies in poor local optima. In contrast, HalfCheetah-v4
and Hopper-v4 have a more unique and deterministic policy,
where LCERL cannot find many good policies with different
behaviors. In summary, the clustering selection with archive
proves to be more effective in environments that either demand
behavioral diversity or are prone to suboptimal convergence,
while its effectiveness is limited in scenarios where the search
space is unimodal, i.e., the optimal policy is quite singular.
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Fig. 10. The Kernel Density Estimation of (a) LCERL and (b) LCERL without
double opposite proximal mutation.
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TABLE V
COMPARISON OF TRAINING TIME (MINUTES) ACROSS ALGORITHMS

Classification Method HalfCheetah-v4 ~ Hopper-v4 ~ Humanoid-v4  Swimmer-v4  Walker2d-v4  Ant-4
RL DDPG 183 290 880 257 254 306
TD3 267 311 990 324 674 427

ERL 319 326 364 321 327 325

CERL 4318 1065 844 1147 1865 4587

ERL CEM-RL 851 804 875 842 803 780
PDERL 308 363 584 455 477 367

ERL-Re? 1289 1251 1703 1370 1396 1307

ERL_TD 1210 1197 1744 1189 1442 1556

TERL 351 382 499 361 366 387

LCERL 389 398 644 431 502 445

E. Training Time

In this paper, All experiments were conducted on a system
with Intel(R) Xeon(R) Silver 4310 CPU @ 2.10GHz with 12
cores, and NVIDIA RTX 4090D GPU. Training time may
vary depending on implementation and hardware. Due to the
double opposite proximal mutation having a certain probability
of undergoing secondary mutation, it incurs additional time
consumption. Therefore we compared LCERL with several
representative ERL algorithms as well as high-performing RL
algorithms, including ERL, CERL, CERL-RL, PDERL, ERL-
Re?, DDPG, and TD3. The results are presented in Table
V. We can see that LCERL requires more time than RL
algorithms such as DDPG and TD3, as well as the original
ERL algorithm. This is a common characteristic of all ERL
frameworks, as they require maintaining a population of RL
actors, whereas RL algorithms only need to keep an RL agent.
However, compared to recently proposed ERL algorithms,
such as CERL, CEM-RL, and ERL-Re2, LCERL demonstrates
shorter training time. Meanwhile, due to the late-start strategy,
the EA population is introduced at a later stage, which helps
save computational time for our algorithm LCERL. This
indicates that the proposed strategy does not incur additional
time overhead compared to current ERL frameworks, thereby
demonstrating the feasibility of our algorithm.

F. Experiments on MEMG scheduling problem

LCERL is compared with TD3 [24] and DDPG [48], which
are two RL algorithms that were widely used for this prob-
lem. The dataset is derived from real-world scenarios, where
thermal energy data is sourced from [72], and photovoltaic
(PV) and electrical energy data are sourced from [73]. We
collected one year of data and divided it into a training set
consisting of 231 days and a test set consisting of 125 days.
The training results are shown in Fig. 11, where it can be
observed that LCERL outperforms TD3 and DDPG. Moreover,
LCERL exhibits smaller standard deviations, indicating better
stability. Since this study focuses on energy management
in real-world environments, it is essential to evaluate the
actual energy consumption and carbon emissions to verify the
effectiveness of LCERL. We applied the trained actor to the
test set, and the cumulative consumption on the test set in
the real-world environment is shown in Fig. 12. The average
consumption and total carbon emissions are summarized in
Table VI. In the real-world MEMG environment, lower energy

consumption is preferable. As shown in Fig. 12 and Table VI,
LCERL achieves the lowest energy consumption and carbon
emissions. Overall, LCERL not only performs well in the
MuJoCo simulated environment but also demonstrates strong
practicability on real-world applications.
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Fig. 11. The training curves on the MEMG environment.

700000

600000

500000

400000 20000

300000

Cumulated Cost

600000

P

200000

E
74
g
LCERL 3 550000 1

— TD3
DDPG

500000
100

100000
110

Test Day

120

60 80
Test Day

Fig. 12. The experiment results on the MEMG environment in the test stage.

TABLE VI
THE RESULT ON MEMG IN THE TEST STAGE

Algorithms ~ Cost(thous.$)  Carbon(t)
DDPG 557.45 8457.83
TD3 577.15 8144.64
LCERL 531.93 7909.78

V. CONCLUSION

The goal of this paper is to mitigate the negative influ-
ence of EA and enhance RL training efficiency in ERL,
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this goal has been successfully achieved by proposing the
LCERL algorithm. It focused on generating diverse and high-
quality experiences to enhance the synergy between EA and
RL. Three key components, i.e., the late-start strategy, the
double opposite proximal mutation operator, and the clustering
selection method with archive, ensured the generation of
high-quality actors and experiences. The experimental study
has clearly demonstrated the advantages of LCERL against
the state-of-the-art RL and ERL algorithms in convergence
speed and stability. Meanwhile, a real-world energy scheduling
application has shown its remarkable practicability.

Although our algorithm performs well, there are still some
limitations. Firstly, the late-start strategy is currently controlled
by a fixed hyperparameter §. Future work will focus on
exploring adaptive mechanisms based on the RL agent’s learn-
ing progress. Secondly, while the double opposite proximal
mutation improves actor performance, it may introduce addi-
tional computational overhead due to the secondary mutation
step. Although experimental results show that this overhead
is manageable, light surrogate models may be required in
resource-constrained environments. Meanwhile, we will also
parallelize the mutation evaluation and make full use of GPU
acceleration in the future.

Finally, besides the MEMG problem that we have applied
our algorithm to, it is promising to extend our algorithm to
more real-world applications such as robotic control, smart
grid optimization, and battery management. These fields face
challenges such as uncertainty and noise in robotic con-
trol, high-dimensionality, delayed rewards, and sparse re-
wards in smart grid optimization, and the need for real-time
decision-making in battery management. Leveraging its strong
exploratory-exploitation capacity and robustness to sparse and
delayed rewards, LERL is able to provide effective solutions
in complex environments.
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Fig. 1: Overview of the ERL framework, highlighting the
synergy between gradient-free evolutionary algorithm (purple
box) and gradient-based reinforcement learning (red box) in
policy search.

Fig.2: The motivation and design rationale of LCERL.
Fig.3: Framework of LCERL. The left part is the RL part,
and the right part is the EA part, where the three red boxes
are the innovation points proposed in this paper.

Fig. 4: The process of clustering selection. Assume there are
K =4 clusters.

Fig.5: The mean return obtained on HalfCheetah-v4 (a),
Hopper-v4 (b), Humanoid-v4 (c), Swimmer-v4 (d), Walker2d-
v4 (e), Ant-v4(f).

Fig. 6: Ablation experiment comparing the performance with
and without the late start strategy. The red curve represents
LCERL with the late start strategy, while the blue curve
represents LCERL without the late start strategy. The black
curve represents LCERL without the late start strategy with
early stop.

Fig.7: Ablation experiment comparing the performance with
and without the double opposite proximal mutation. The red
curve represents LCERL with the double opposite proximal
mutation, while the green curve represents LCERL without
the double opposite proximal mutation methods.

Fig. 8: Ablation experiment comparing the performance with
and without the clustering. The red curve represents LCERL
with the clustering, while the purple curve represents LCERL
without the clustering.

Fig.9: The target Q value (a) and critic loss (b) of LCERL
and LCERL without Late-start strategy.

Fig. 10: The Kernel Density Estimation of (a) LCERL and (b)
LCERL without double opposite proximal mutation.

Fig. 11: The training curves on the MEMG environment.
Fig. 12: The experiment results on the MEMG environment in
the test stage.
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