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Abstract. Recently, evolutionary reinforcement learning has ob-
tained much attention in various domains. Maintaining a population
of actors, evolutionary reinforcement learning utilises the collected
experiences to improve the behaviour policy through efficient explo-
ration. However, the poor scalability of genetic operators limits the
efficiency of optimising high-dimensional neural networks. To ad-
dress this issue, this paper proposes a novel cooperative coevolution-
ary reinforcement learning (CoERL) algorithm. Inspired by coopera-
tive coevolution, CoERL periodically and adaptively decomposes the
policy optimisation problem into multiple subproblems and evolves
a population of neural networks for each of the subproblems. Instead
of using genetic operators, CoERL directly searches for partial gra-
dients to update the policy. Updating policy with partial gradients
maintains consistency between the behaviour spaces of parents and
offspring across generations. The experiences collected by the pop-
ulation are then used to improve the entire policy, which enhances
the sampling efficiency. Experiments on six benchmark locomotion
tasks demonstrate that COERL outperforms seven state-of-the-art al-
gorithms and baselines. Ablation study verifies the unique contribu-
tion of CoERL’s core ingredients.

1 Introduction

Reinforcement learning (RL) has made adequate advancements in
various domains such as video games [20l 33]], Go [29] and robotic
control [10] with a competitive level beyond human. Evolutionary
reinforcement learning (ERL) [11}11] combines evolutionary compu-
tation and RL to solve sequential decision-making problems, capi-
talising on the benefits of evolution in exploration. ERL maintains a
population of parameterised actors, called individuals, which interact
with the paralleled environments to collect experiences. Individuals
with higher reward-based fitness are more likely to be selected as the
parents, to which mutation and crossover operators are applied to re-
produce the next generation. Another RL agent called learner, learns
from diverse experiences sampled by the maintained population of
actors and substitutes the individual with the worst fitness in the pop-
ulation periodically, i.e., injecting its gradient information for better
convergence.

However, ERL introduces a scalability problem, attributed to the
genetic operators used for reproducing new individuals [43] 26} [14].
Minor perturbations in the parameter space, caused by genetic op-

erators, lead to significant divergences in behaviour space [13| [14].
Consequently, an offspring might not inherit its parents’ behaviours
by merely exchanging fragments of parameters. Thus, this inconsis-
tency between parameter space and behaviour space does not align
with the principles of evolution [42].

Lehman et al. [14] proposed a safe mutation operator based on
the sensitivity of neural networks’ outputs, which slightly adjusts
the parameters of neural networks to ensure consistency. State-based
crossover [7]], as well as distillation crossover and proximal mutation
operator [2], improve the traditional genetic operators using back-
propagation. However, those operators are gradient-based, which in-
troduce in-negligible extra computational costs. Nevertheless, the
works of [22] and [39] directly searched for the parameters of neu-
ral networks using the cooperative coevolution, in which the policy
optimisation problem is decomposed into multiple low-dimensional
subproblems. However, the experiences of optimising subproblems
are not fully utilised, resulting in inefficient training [11].

To address the scalability issue, we propose a novel cooperative
coevolutionary reinforcement learning (CoERL) algorithm. The op-
timisation of a high-dimensional neural network is decomposed into
multiple low-dimensional subproblems periodically and adaptively
by cooperative coevolution. A population is resampled for each sub-
problem, in which each individual maintains the same neural net-
work architecture. COERL directly searches for partial gradients and
updates the entire policy. The partial gradient searched via the popu-
lation guides a proximal update on the subproblem, diminishing in-
consistency between the behaviour spaces of parents and offspring.
Experiences collected during evolution are then used to enhance RL
for better sampling efficiency.

Our main contributions are summarised as follows:

o This paper proposes CoERL, a novel cooperative coevolutionary
reinforcement learning algorithm to address the scalability issue
of ERL, which also improves sample efficiency during training.

e This paper proposes a partially updating strategy for policy im-
provement based on cooperative coevolution, which costs less and
maintains the consistency between the behaviour spaces of parents
and offspring.

e Experimental results on six benchmark locomotion tasks demon-
strate the comparable performance of CoERL, compared with
seven state-of-the-art algorithms and baselines. Ablation study



shows the unique contributions of CoOERL’s core ingredients.

2 Background

In this section, we introduce some preliminary, cooperative coevolu-
tion and recent progress of ERL.

2.1 Preliminary: Markov decision process

Markov decision process (MDP) [30] is defined as a tuple
(8, A, R, P,~), where S is the set of states, .4 is the set of actions,
R : S x AxS +— Ris the reward function, P : SX Ax S — [0, 1]
is the transition probability function, and +y is the discount factor. A
policy 7 is a mapping from states to probability distributions for act-
ing, where 7(a¢|s¢) is the probability of taking action a in state s;
at time ¢. The goal of the MDP is to optimise a parameterised policy
T that maximises the discounted cumulative reward, formulated as:

[e']

max J(0) =Ernn, [Z Y R(se,a, se+1)), M

t=0

where so is an initial state. 7 ~
(So,ao,sl,a1,..

mg denotes a trajectory
., St, Qt, St+1) sampled from 7g.

2.2 Cooperative coevolution

Cooperative coevolution (CC) simulates the interactions of species
living in an ecosphere [18]. Potter and De Jong [24] proposed the
first CC algorithm, called cooperative coevolutionary genetic algo-
rithm (CCGA). CCGA decomposes an optimisation problem into
multiple subproblems. A population is initialised for each subprob-
lem with a context vector for fitness evaluations. For example, given
an optimisation problem with n variables, the fitness of a partial solu-
tion x;5, i.e., the j-th individual in the population of ¢-th subproblem,
can be evaluated by replacing the variable b; in the context vector b.
Each variable in b is updated with the best individual for the corre-
sponding subproblem.

Problem decomposition referring to the grouping of variables is
critical in CC [18]). Incorrect grouping leads to a local optimum,
which is limited by the decomposed problem itself [23} [38]. Intu-
itively, static grouping and random grouping [24] are easy to imple-
ment and require no additional computational budget or knowledge.
However, the effectiveness of the general strategies is unclear and re-
quires some presets. Interaction-based grouping [16] and landscape-
aware grouping [37]] decompose the problem according to the char-
acteristics of variables such as correlation and landscape. However,
additional costs for fitness evaluations are required.

Another issue concerns the evaluation of individuals within a sub-
problem’s population, also known as the credit assignment problem,
since individuals in a population represent only part of the entire so-
lution. Collaboration for fitness evaluation with other subproblems’
populations is required. A global context vector can be constructed
by collaborators (i.e., individuals) selected from populations of sub-
problems. Popular selection methods, such as single best collabora-
tor [24], elite collaborator [8]], and random collaborator selection, are
typically chosen based on the specific domain [[18].

Cooperative coevolution, served as a useful technique for solv-
ing high-dimensional black-box optimisation problems, is expected
to benefit the policy optimisation. In this paper, we apply random
grouping and single best collaboration for low cost and simplicity.
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Figure 1. Inconsistency phenomenon between the behaviour spaces of par-

ents and offspring by applying one-point crossover to exchange partially the
parameters of Actor 1 (red) and Actor 2 (green). Feature maps show the be-
haviour spaces decompressed by t-SNE [32].

2.3 Evolutionary reinforcement learning

Evolutionary algorithms (EAs) have been successfully applied to
solve RL problems, where neuroevolution and evolution-guided pol-
icy gradient are two main trends in this area [21} 143} 36l 28| [1]].

2.3.1 Neuroevolution

Neuroevolution directly optimises the parameters or architectures
of neural networks without considering the underlying mechanism
like gradients, making it suitable for evolving reinforcement learn-
ing policy and tackling real-world problems [17 14} [15} 6} [40]. Fit-
ness metrics formulated on rewards are used to select good individ-
uals for reproducing the next generation by mutation and crossover.
Hence, neuroevolution can intuitively handle complicated rewards
such as non-convex and non-differentiable cases [26} 4]. Population-
based training also encourages exploration. However, Nesterov and
Spokoiny [22]] indicated that EAs scale poorly with the increase of
parameters.

Gong et al. [9] combined coevolution and backpropagation to
solve classification tasks, while the framework is limited by tradi-
tional reproduction and specific domains. Yang et al. [39]] proposed a
CC framework based on negatively correlated search (NCS) to tackle
this issue, which directly searches for the parameters of a neural net-
work. However, it only utilises the final accumulative reward as fit-
ness, resulting in a waste of experiences collected during evolution.

Besides, traditional genetic operators limit EA’s capability of ad-
dressing large-scale optimisation problems. The direct operations on
the parameter space lead to an inconsistency between the behaviour
spaces of parents and offspring, where parental behaviours may be
typically forgotten [14} [7, [2]. Figure [I] shows an example of apply-
ing the one-point crossover, in which behaviour spaces of actors are
decompressed by t-SNE [32]]. It is easy to see from Figure ] that di-
rectly exchanging the parameter fragments of the parents leads to a
forgetting phenomenon in the behaviour space of the offspring.

2.3.2  Evolution-guided policy gradient

Evolution-guided policy gradient combines neuroevolution and
MDP-based RL [11]. In the EA loop, actors, also called individu-
als, interact with the environments and are evolved by genetic oper-
ators. Experiences collected during the evaluations, i.e., transitions,
are stored in a replay buffer and leveraged in the RL loop. Khadka
et al. [12] proposed a portfolio of policies and dynamically allo-
cated computational resources to train different policies, extending
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Figure 2. Diagram of CoERL. The CoERL algorithm begins by decomposing the policy optimisation problem parameterised by a neural network into multiple
subproblems and searching for partial gradients to update the policy. Subsequently, the explored experiences are gathered to further refine the policy outcome

using the MDP-based RL.

ERL. CEM-RL [25] leveraged cross-entropy method (CEM) to de-
layed deep deterministic policy gradient (TD3). Without using ge-
netic operators, CEM-RL samples actors from the policy distribution
estimated in previous generations. Gangwani and Peng [7] applied
imitation learning to the crossover operator, which use trajectories of
two parents to train an offspring. Bodnar et al. [2] improved the mu-
tation and crossover by using local replay memory and the critic of
the RL learner, namely proximal distilled evolutionary reinforcement
learning (PDERL). New offsprings are produced by exchanging the
local replay buffer or perturbation according to the sensitivity of the
actions in PDERL [2]. Genetic algorithm has been combined with
RL in the work of [19], where individuals are generated by the noisy
mutation only. To tackle the computationally expensive evaluation,
Wang et al. [34] extended the surrogate model to ERL, which esti-
mates the fitness of each individual based on the approximated value
function. Zhu et al. [44] addressed the exploration and exploitation
issue by maintaining actor and critic populations.

Although ERL inherits the advantages of neuroevolution, enabling
it to address the temporal credit assignment problem with sparse re-
wards, it faces the challenge of poor scalability with EAs. Recent
efforts have primarily concentrated on enhancing genetic operators,
but at the expense of increased computational costs.

3 Cooperative coevolutionary reinforcement
learning

Aiming at addressing the poor scalability of ERL, we propose a novel
cooperative coevolutionary reinforcement learning (CoERL) algo-
rithm. Pseudo-code and diagram of CoERL are provided in Algo-
rithm[T]and Figure[2] respectively.

3.1 Collaboration between cooperative coevolution
and reinforcement learning

CoERL maintains collaborative loops between CC and RL. In the
CC loop, a neural network (a policy) is converted into a position-
fixed vector with real numbers. The policy optimisation problem,
is divided into multiple subproblems, in which parameters of the
neural network are grouped. The decomposed subproblems have no
intersection, while their union collectively constitute the entire pa-
rameter space. Given a policy parameterised by 6, it ensures that

0T N o) = g Vi # 1 < i< m1l < j < mand
0T U esT2) U ... U §Tm) = 9, where m is the number of sub-
problems and (Z;) denotes the parameter indices of subproblem j.
To optimise a subproblem, a population is maintained and generated
using perturbation methods instead of traditional genetic operators.
Practically, each individual in the population shares the same neural
network structure with the freezing quotient set of the subproblem.
Only the variables in the subproblem, which form part of the neural
network, are perturbed by the noises from the distribution.

Individuals consistently interact with the environment. The cumu-
lative reward obtained by the individual is treated as its fitness. Then,
a number of noised individuals and their corresponding fitness are
used to update the entire policy. Notably, subproblems are not op-
timised separately. The policy optimised according to the preceding
subproblem is regarded as the complementary base of the subsequent
subproblem. Thus, connections between different subproblems are
built.

After updating the policy within each subproblem, CoERL pro-
ceeds to optimise the policy via MDP-based RL. Experiences such as
transitions produced by the individuals during the cooperative coevo-
lution loop are collected in a replay buffer. Batches sampled from the
replay buffer are then used to update the policy via policy gradient,
which fully utilises the temporal information. Sections [3.2] and [3.3]
detail the two loops, respectively.

3.2 Partially updating via cooperative coevolution

Given a policy my parameterised by 8, CoOERL decomposes the pol-
icy optimisation problem into m subproblems in the CC loop. The
subproblem j of policy optimisation, 6% indexed by parameters
indices (Z;), and the quotient 6‘%? = 0/6'%3) constitute the entire
parameter space, i.e., § = [0<I-f> : é<z-7'>] . Then, for each subprob-
lem j, a corresponding actor 7z, is constructed by freezing the
quotient part. CoERL partially updates the policy by iteratively op-
timising each subproblem. A population is first sampled via a spe-
cific distribution P‘%3?. Each individual is an actor T o(Z;) s where

0%) ~ P{Ti) | All individuals in the population of the subproblem
share the same quotient part §%37. Then, the fitness of each individ-
ual f(m 0 (T ) is determined by the cumulative reward. The expected



Algorithm 1 CoERL.

Require: The number of generations 7', population size u, noise
strength o, number of subproblems m, learning rate o, tempera-
ture coefficient

Ensure: Policy g

1: Initialise policy 7y, two critics Q¢1 and Q¢2

2: Initialise reward buffer Br

3: forn=1toT do

4 Decompose the policy optimisation problem into m
sub-problems by grouping |0|-d parameters to m sets
of parameter indices Z1, - - - , Z,

5: for j = 1tomdo

: Sample €1, - - - , €, ~ N1%1(0,T)
7: Reproduce a population {¢1, - - - , 4, } for sub-
problem Z; by ; < 0% e, fori=1,---,p
> 0'%3) denotes 0’s elements at indices T;

8: for i = 1to udo
: JR't 7™ = Evaluate(my, )
10: Store 7% in Br
11: Assign fitness f; = J;;wi
12: end for
13: 0T — 05 +aL S fie; > Eq. @)

> Update parameters of policy mg indexed by T;

14: end for

> Policy gradient with Br:
15: Randomly sample a minibatch B of transitions

T = {(s,a,s’,r) from Bg
16: Compute target

y=r—7(min Q, (s',@") - as logme (@']5")),

where @’ ~ o (+|s")
17: Update critics with

Vo 2 (y— Qs,(5,0))* forj = 1,2
TEB
18: Update actor with

Veﬁ Tze:B(Jn:lilg Q¢j (S, &9) — Qs log uy:) (&9 \s)),

where ag is sampled from g (-|s) via the reparame-
terisation trick
19: end for

fitness under an arbitrary distribution is formulated as Eq. (2):

JOF) =Bz [f(myz)))] = / F(m gz, )p(0F7)do %7,
€3
where p(9<7'j >) denotes the density. Then, we can write the gradient
form using the “log-likelihood trick". The estimation of the gradient
by maintaining a population with size x4 is shown as follows:

Ve H0) = E iz [£(myz,) Vo log@T)] . @)

In the case of factored Gaussian distribution with the deviation o,
we can set 0%3) as the mean vector. Then, the expected fitness of
Eq. @) is rewritten as follows:

Eyzp) [f(mgzp)] =B, @ o pnlf (o Il @)

Practically, each individual, i.e., 7y, , the actor in the population is
produced by a perturbation operation v; = 0‘%3) + ¢;, where €; ~
N T3 (0, ). The average estimated gradient in this case according
to Eq. @) is shown as follows:

1 M
VoapEyay [f(mya;))] = o Z[f(%wpwei)ﬁ% )
=1

where p is the population size. The estimated partial gradient enables
searching for a good optimisation direction for each subproblem. In-
stead of independently optimising each subproblem, we introduce the
concept of coevolution by the divide-and-conquer strategy, in which
each subproblem is optimised iteratively, as shown in Figure 3] Us-
ing Figure [3|as an example, a neural network optimisation problem
(weights) is decomposed into 3 subproblems (3 subsets), highlighted
by red, green and blue, respectively. Each subproblem aims at opti-
mising a subset of the weights. First, weights in red will be updated,
while those in black will be frozen. Then, weights in green will be
updated, while both weights in red and black will be frozen. Similar
steps proceed until all weights are updated once. Optimising sub-
problems is not independent but in a cascade way. Optimisation of
the current subproblem relies on the previous subproblem. The idea
of coevolution builds the bridge between subproblems. The estimated
gradient of the preceding subproblem can be regarded as momentum,
which facilitates the subsequent optimisation. Additionally, the time
complexity of the partially updating is O(|6]) with linearly scaling
the number of parameters. This complexity is easy to get since each
subproblem is the complimentary set of other subproblems. This
complexity is much smaller than that of current gradient-based oper-
ators such as distilled crossover [2]], which requires backpropagation
with batches.

& &
BRURE

Figure 3. An example of partial updating via CC. Three subproblems are
highlighted in red, green, and blue, respectively. For each subproblem, the
policy inherits the partial gradient from the previous subproblem. Eventually,
all parameters are updated once and only once.

3.3 Leveraging temporal information

To fully utilise the collected experiences, we choose soft actor-critic
(SAC) [10] as the base algorithm in the RL loop, which optimises
the policy in an off-policy way. Besides, the actor-critic architecture
allows us to train the actor and critic separately. Hence, a popula-
tion can be directly generated from an actor. The optimised actor
after the CC loop is then used in policy improvement directly. SAC
changes the objective of RL by adding the entropy term. The entropy
of the policy is regarded as an extra rewarding signal. Larger entropy
indicates a greater tendency for exploration. The @) function is pa-
rameterised by ¢, and the target () value using reparameterisation
@' ~ mg(-|s") is shown as follows:

y(r,s) =r+ 7(712112 Qs; (s',8') — aslogme(d'|s")), (6)

where o is the temperature coefficient. If s’ is the end of the episode,
then y(r, s’) = r. The loss function of the Q-network is shown as
follows:

L(¢;) = [(Qg, (s,a) — y(r, s’))Q] . 7

(s,a,m,8")
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Figure 4. Training curves on six locomotion tasks. Each algorithm is trained for 1e6 timesteps with five different random seeds.

According to the additional entropy term, the objective of SAC is
max J(0) = E | min Qy, (s,d0) — s log mo(aols)| , ()
J=1

where ag is sampled via the reparameterisation trick.

4 Experiments

CoERL is compared with four advanced RL and ERL algorithms,
namely SAC [10], ERL [11], PDERL [2], and CCNCS [39] on
six benchmark locomotion tasks, including Ant-v2, HalfCheetah-v2,
Humanoid-v2, Hopper-v2, Walker2d-v2, and Swimmer-v2 from Mu-
joco integrated in the OpenAl gym [3]. Additionally, CoERL is
split into three independent methods for conducting ablation study,
namely cooperative coevolutionary evolution strategies (CoES), evo-
lution strategies with soft actor-critic (ESSAC), and evolution strate-

gies (ES) [26]].

4.1 Settings

CoERL is implemented with the Tianshou framework [33]]. The net-
work structure is a fully connected neural network with a (256, 256)
linear layer. v is 0.99. In this paper, we apply random group-
ing [411[39] and single best collaboration for low cost and sim-
plicity. The grouping number at each generation is randomly chosen
from two, three and four, as Yang et al. [39] suggested. Hyperparame-
ters of SAC, ERL, PDERL and CCNCS follow their original settings
in [10} 1} 2] 391, respectively. Main hyperparameters are shown in
Table[T} All algorithms are trained by 1e6 timesteps with five differ-
ent random seeds. CoERL’s hyperparameters are arbitrarily set, and
remain the same values for all tasks.

4.2 Comparison results

Figure ] shows the training curves assembled with five different ran-
dom seeds. Our CoERL, highlighted with red colour, presents com-
parable performance and superior convergence on HalfCheetah-v2,
Hopper-v2, Ant-v2 and Walker2d-v2. Table |Z| presents the final re-
ward performance of CoERL and all comprised algorithms across six
locomotion tasks. CoERL achieves the best average rewards on four
tasks including HalfCheetah-v2, Hopper-v2, Ant-v2 and Walker2d-
v2. For example, in Ant-v2, CoERL obtains the best average reward
of 5037.22, while the second-best algorithm SAC only gets 3654.16.
Besides, CoERL achieves the highest average rank of 1.67, con-
sidering all six tasks. CoERL decomposes the neural network and
searches for the partial gradient for each subproblem. Each parameter
of the entire neural network is updated only once within an iteration,
with a complexity of O(|6|). The partial gradient estimation does not
rely on the delicate calculation of batches from the dataset but only
requires the final outcome of evaluations, which can be easily sped
up on CPUs according to Eq. (3.

Table 1. Hyperparameters for all compared algorithms. “-" denotes that the
parameter is not involved.

. . Learning rate
Algorithm Pop size 11 Actor/Critic/Evolution
CoERL (ours) 6 le-3/ 1e-3/ 1e-3
CoES 6 -/-/ 1e-3
ESSAC 6 le-3/ 1e-3/ 1e-3
ES (Salimans et al. [26]) 6 -/-/ 1e-3
SAC (Haarnoja et al. [T0]) - le-3/ le-3/-
ERL (Khadka and Tumer [T11])) 10 3e-4/ le-4/-
PDERL (Bodnar et al. [2]) 10 5e-4/ Se-3/-
CCNCS (Yang et al. [39]) 6 -/-1-




Table 2. Final reward performances with five different seeds in six locomotion environments. The bold number denotes the highest average value of each
column. “Avg. Rank” denotes the average rank across all six tasks. Lower rank indicates better overall performance. CoOERL shows the best performance with

the highest average rank 1.67.

HalfCheetah-v2

Humanoid-v2

Hopper-v2

Algorithm Avg. + Std Avg. + Std Avg. + Std Avg. Rank
CoERL (ours) 11959.63 +250.15 | 464205+ 76238 | 341445+ 10032 | 1.67
CoES 942.63 + 419.89 482.47 + 78.36 991.12 + 25.77 6.33
ESSAC 11597.60 +209.71 | 3931.32 + 1309.69 | 317629 +481.59 |  3.50
ES (Salimans et al. [26]) 100.32 + 135.40 490.86 + 34.59 221.77 + 4111 7.67
SAC (Haarnoja et al. [10]) 11774.61 + 25586 | 4887.86 +296.71 | 2842.68 & 528.56 |  3.17
ERL (Khadka and Tumer [I1]) | 6790.15 + 58291 | 4677.19 + 1054.07 | 299835+ 38452 |  3.33
PDERL (Bodnar et al. [2]) 7845.97 + 285.62 765.55 + 195.15 | 1886.00+988.68 |  3.83
CCNCS (Yang et al. [39]) 2773+ 28.11 813.44+ 16177 | 38413+ 182.82 | 650

. Ant-v2 Walker2d-v2 Swimmer-v2

Algorithm Avg. + Std Avg. + Std Ave. + Std Avg. Rank
CoERL (ours) 503722 + 192.01 | 4962.80 +412.39 | 128.90 + 40.13 1.67
CoES -26.53 + 7.40 872.44 + 116,53 55.89 + 11.42 6.33
ESSAC 202798 + 1496.94 | 4228.00+ 128325 |  94.87 +25.12 3.50
ES (Salimans et al. [26]) 71,04 + 13.72 370.08 + 134.90 15.91 + 7.77 7.67
SAC (Haarnoja et al. [10]) 3654.16 + 176725 | 4397.42 + 506.47 37.95 + 15.59 3.17
ERL (Khadka and Tumer [IT]) | 298224 + 43870 | 2790.96 +955.50 | 214.50 + 85.49 3.33
PDERL (Bodnar et al. [2]) 3730.17 + 148437 | 1183.03+247.26 | 305.35 + 58.09 3.83
CCNCS (Yang et al. [39]) 6229 + 10.66 669.85 + 204.35 4771 + 3.01 6.50

We also notice that CoOERL does not achieve outstanding perfor-
mance in Swimmer-v2, although its performance has been improved
from 55.89 to 94.87 and 128.90 with the help of CC and the utility
of temporal information by ESSAC. The poor performance of SAC
might explain this case, as it only achieves 37.95, surpassing only the
15.91 achieved by ES. Given that CoERL is built upon SAC, it is not
surprising that CoERL encounters the same local optimum as SAC,
despite ultimately reaching 128.90. PDERL, the improved version
of ERL only get 765.55 in Humanoid-v2, while our CoERL gets an
average reward of 4642.05 and ERL gets 4677.19. It is attributed to
the high dimensions of Humanoid-v2 for the peculiar performance of
PDERL. The observation dimension of Humanoid-v2 is 376, which
is the largest among six tasks. The distilled crossover maintains the
consistency of behaviour spaces while exchanging parameters us-
ing supervised learning techniques. However, this improvement leads
to higher computational demands during backpropagation. Our Co-
ERL, in contrast, searches for the partial gradient at a lower computa-
tional cost than backpropagation, while still preserving consistency.

Moreover, none of the pure evolution-based algorithms, such as
ES [26] and CCNCS [39], demonstrates overall promising perfor-
mance, even though CoES and CCNCS achieve superior average re-
wards than SAC in Swimmer-v2 with 55.89 and 47.71, respectively.
As discussed previously, evolution-based algorithms have long strug-
gled with the scalability issue [[18]]. And the temporal experiences are
barely utilised in evolution, resulting in inefficient training. There-
fore, more computational time is required to converge. Our CoERL
overcomes those issues and achieves the highest rank with 1.67.

4.3 Ablation study

To fully verify the effectiveness of CoERL, we examine the contri-
bution of its components independently. The evolution part is split
into coevolution strategies (CoES) and evolution strategies (ES). Re-
garding the RL part, we consider pure RL algorithm, SAC, and the
simplified version without coevolution, ESSAC. The performance of
CoERL and its ingredients, including CoES, ES, SAC, and ESSAC,
are shown in Table 2] and Figure [ It is evident from the experi-
mental results that none of the ablated algorithms like ES, CoES and
ESSAC outperforms CoERL, indicating their unique contributions to

CoERL.

Evolution-based algorithms such as CoES and ES only utilise the
outcome of the evaluation as the fitness. Although EAs show some
advantages in tackling the credit assignment problem with sparse re-
ward [26]], it wastes adequate temporal information collected during
evaluation. On the other hand, modern MDP-based RL algorithms
tend to use temporal information, i.e., transition-based experiences,
while ignoring the long-term cumulative reward. This dilemma is
similar to the trade-off between Monte-Carlo sampling and temporal
difference [30]], which seeks to balance between bias and variance of
the estimated value function. In our case, the usage of temporal in-
formation becomes an issue as traditional evolution-based algorithms
merely provide a solution to utilise it.

Instead of a single evolution loop, CoOERL maintains an additional
MDP-based RL loop for better use of temporal information. The RL
loop reuses the experiences collected by the actors in the evolution.
Since the evolution loop still inherits the surviving technique based
on fitness, a variation between the target policy and the behaviour
policy, i.e., individuals, is introduced. So the choice of MDP-based
RL has to be the off-policy version [11].

Intuitively, the additional RL loop proceeds to optimise the policy,
which achieves an efficient sample utility for picking up the wasted
experiences. The policy is improved using value approximation in
a fine-grained way. At the same time, when looking into the way
of collecting experiences, we find that the underlying mechanism of
the reproduction shows an advantage on exploration, similar to noisy
exploration [5]. New individuals are generated through proximal per-
turbation in CoERL, ensuring a diverse range of experiences.

4.4  Inheriting behaviour space

To further analyse the mechanism of CoERL, we visualise the
behaviour space using t-SNE [32] during training. The t-SNE
compresses the high-dimensional observation space into a two-
dimensional space. Swimmer-v2 is chosen for a case study. Figure
[3]shows an example of the visualisation in the case of being decom-
posed into four subproblems. From left to right, the first figure is the
behaviour feature map of the agent after optimising weight subset 1,
then the second one shows after optimising weight subset 2, and so



Table 3. Average running time (minutes) of algorithms over five trials with different random seeds,

Algorithm | HalfCheetah-v2 | Humanoid-v2 | Hopper-v2 | Ant-v2 | Walker2d-v2 | Swimmer-v2
CoERL (ours) 302.44 237.63 219.72 | 238.66 313.34 54.43
CoES 10.11 19.51 15.96 21.51 15.24 19.48
ESSAC 298.89 234.75 239.38 | 224.98 302.8 53.18
ES (Salimans et al. [26]) 7.31 15.33 14.32 14.93 12.48 16.12
SAC (Haarnoja et al. [10])) 302.69 263.17 228.62 | 241.13 316.09 52.95
ERL (Khadka and Tumer [11]) 1105.44 1309.86 1167.94 1102.4 1079.94 1028.3
PDERL (Bodnar et al. [2]) 222.36 626.37 233.32 | 245.67 207.37 22593
CCNCS (Yang et al. [39]) 6.02 46.33 41.87 29.73 34.97 5.8

on. Each subproblem does one full step before the next subproblem
in CoERL, however, this update is only limited to the subproblem
(denoted by parameter indices (Z;)). The gradient of the preceding
subproblem remains an implicit effort on the optimisation direction
of the subsequent subproblem, acting as momentum. This effort is
easily observed in FigureE[, where the first feature map shares a high
similarity with the third one (from left to right), as well as the second
and fourth ones. This phenomenon implies that the behaviour space
is inherited during optimisation.

Benefiting from the cooperative coevolution strategy and partial
gradients, the offspring policy inherits the behaviour space of its par-
ents after being updated in the last subproblem. Since CoERL only
optimises the parameters of the subproblem each time, the remain-
ing quotient set of parameters acts as a “memory buffer". After the
updates, some old neural activations of the network in the memory
buffer still connect, resulting in the emergence of certain behaviours
of the new policy. Additionally, the partial gradient can be considered
as a form of proximal variation [27]. Instead of aimlessly perturbing
the policy, CoERL searches for the partial gradient within a prox-
imal area, which ensures policy updates within a promising range.
Then, the sampled individuals provide a certain optimisation direc-
tion, which is assembled as a vector according to Eq. (3).

© & ©
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updating with partial gradients

Figure 5. Four exclusive subproblems are highlighted in red, green, blue
and yellow, respectively. The feature maps present the behaviour spaces, re-
duced by t-SNE [32], of the policy after optimised in subproblems.

4.5 Direct coordination or indirect coordination

A possible cause for the failure of CoERL in Swimmer-v2 could be
attributed to the coordination between the CC loop and the RL loop.
In ERL, the learning agent injects gradient information by replacing
the worst individual in the population [11]. This indirect coordination
requires an extra roll-out by the learning agent itself and introduces a
trade-off when choosing individuals. Our CoERL avoids these issues
by sampling the population at each generation instead of maintain-
ing a permanent population, allowing for more direct coordination.
The optimised policy can directly access the evolution loop. How-
ever, we have to admit that this direct coordination may stuck in a
local optimum if the base learning algorithm is not a good partner,
even though CoERL has demonstrated outstanding performances on

almost all tasks. Balancing the trade-off between direct and indirect
coordination is worth considering as a future research direction.

4.6  Runtime analysis

Table [3|presents the average running times of algorithms in five tri-
als. The results show that the running time of CoERL is close to
SAC and much shorter than ERL. CoERL is particularly designed
for addressing the scalability issue through random grouping, which
actually does not introduce additional computational complexity via
random grouping. The complexity of the proposed partial updating
is O(]6|), which should not be greater than the one-time policy gra-
dient via backpropagation. CCNCS has the shortest running time as
it doesn’t apply gradient techniques and only updates weights a few
times in each generation. However, its performance is relatively poor.

5 Conclusion

In this paper, we propose CoERL, a novel cooperative coevolutionary
reinforcement learning algorithm to address the scalability issues and
enhance the efficiency during training. CoERL decomposes the pol-
icy optimisation problem into multiple subproblems using a cooper-
ative coevolutionary strategy. For each subproblem, CoERL searches
for partial gradients to update the policy. This decomposition, cou-
pled with the use of partial gradients, ensures consistency between
the behaviour spaces of parents and offspring at a reduced cost. In
contrast to traditional evolution-based approaches that discard ex-
periences, CoERL capitalises on the collected experiences within
the population, as a novel hierarchy based on cooperative coevo-
lution. Extensive experiments on six locomotion tasks demonstrate
that CoERL outperforms seven state-of-the-art algorithms and base-
lines. The contributions of CoERL’s components are also verified
through an ablation study. In the future, CoERL can be extended us-
ing knowledge-based grouping techniques and combined with other
ERL algorithms like [44] to cope with the exploration-exploitation
dilemma. Furthermore, exploring the explainable decomposition in
neural networks via visualisation and quantification could be another
interesting direction. It is also worth investigating a thorough theo-
retical analysis and hyperparameter sensitivity analysis.
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