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Abstract

As artificial intelligence continues to evolve, reinforcement learning (RL) has shown re-
markable potential for solving complex sequential decision problems and is now ap-
plied in diverse areas, including robotics, autonomous vehicles, and financial analyt-
ics. Among the various RL paradigms, multi-agent reinforcement learning (MARL)
stands out for its ability to manage cooperative and competitive interactions within
multi-entity systems. However, mainstream MARL algorithms still face critical chal-
lenges in training stability and policy generalization due to factors such as environ-
mental non-stationarity, policy coupling, and inefficient sample utilization. To mitigate
these limitations, this study introduces an enhanced algorithm named MATD3_AHD,
developed by extending the MATD3 framework, which integrates TD3 and MADDPG
principles. The goal is to improve the learning efficiency and overall policy effective-
ness of agents operating in complex environments. The proposed method incorpo-
rates three key mechanisms: (1) an Adaptive Exploration Policy (AEP), which dynam-
ically adjusts the perturbation magnitude based on TD error to improve both explo-
ration capability and training stability; (2) a Hierarchical Sampling Policy (HSP), which
enhances experience utilization through sample clustering and prioritized replay; and
(3) a Dynamic Delayed Update (DDU), which adaptively modulates the actor update fre-
quency based on critic network errors, thereby accelerating convergence and improving pol-
icy stability. Experiments conducted on multiple benchmark tasks within the Multi-Agent
Particle Environment (MPE) demonstrate the superior performance of MATD3_AHD com-
pared to baseline methods such as MADDPG and MATD3. The proposed MATD3_AHD
algorithm outperforms baseline methods—by an average of 5% over MATD3 and 20% over
MADDPG—achieving faster convergence, higher rewards, and more stable policy learning,
thereby confirming its robustness and generalization capability.

Keywords: multi-agent reinforcement learning; MATD3; adaptive exploration policy;
hierarchical sampling policy; dynamic delayed update

1. Introduction
The continuous progress of artificial intelligence (AI) has brought reinforcement learn-

ing (RL) to the forefront as a key branch of intelligent decision-making. RL provides a
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mechanism for agents to learn behaviors through repeated interaction with their surround-
ings, adjusting actions according to the feedback received as rewards or penalties [1].
By maximizing cumulative rewards over time, agents iteratively optimize their behavior
to learn an optimal policy [2,3]. In recent years, the incorporation of deep learning (DL)
techniques has greatly strengthened RL by endowing it with strong feature extraction and
perception capabilities. This integration, commonly referred to as deep reinforcement learn-
ing (DRL), enables agents to infer effective strategies directly from raw sensory inputs. DRL
is not only effective in solving decision-making problems in discrete action spaces [4–8];
more importantly, it addresses optimization in continuous action spaces [9], a breakthrough
that has empowered autonomous agents to perform remarkably well in complex, dynamic
environments such for as autonomous driving [10–12] and robotic motion control [13–15].
As a result, most state-of-the-art reinforcement learning algorithms are now based on deep
learning frameworks [16,17]. Building on this foundation, multi-agent deep reinforce-
ment learning (MARL) has become a natural extension, enabling intelligent coordination
among multiple agents. It has found widespread applications in areas such as multi-robot
collaboration, autonomous systems control, and intelligent transportation systems.

MARL faces unique difficulties arising from the complexity of interactive dynam-
ics between agents, particularly environmental non-stationarity and credit assignment.
Environmental non-stationarity arises from the simultaneous policy evolution of multi-
ple agents, which makes state transitions difficult to predict. Credit assignment refers
to the difficulty in quantifying an individual agent’s contribution to the global reward,
especially in cooperative MARL settings, where agents must coordinate to achieve shared
goals through co-evolution. To address this, Foerster et al. introduced the Counterfactual
Multi-Agent (COMA) algorithm [18], which uses a counterfactual baseline to compute
the marginal contribution of each agent’s action. This enables the quantification of an
agent’s impact on the global reward. However, its computational complexity increases
rapidly with the dimension of the action space due to the need to evaluate all alternative
actions. Yu et al. extended the Proximal Policy Optimization (PPO) algorithm to multi-agent
scenarios and introduced the Multi-Agent PPO (MAPPO) algorithm [19]. By leveraging a
centralized critic to estimate the advantage function and employing a clipped objective to
stabilize policy updates, MAPPO demonstrates strong robustness in heterogeneous agent
tasks. Nevertheless, its reliance on global information limits its applicability in partially
observable environments.

Due to the stable performance and strong effectiveness of the Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) algorithm in multi-agent systems, numerous im-
proved variants have been developed based on it. Gao et al. proposed the LSTM-MADDPG
algorithm with an asynchronous cooperative update mechanism, which significantly en-
hances the convergence stability of the algorithm [20]. Wen et al. introduced a decoupled
MADDPG-based architecture for autonomous UAV swarm tracking and obstacle avoid-
ance, demonstrating better accuracy and real-time performance compared to the original
MADDPG [21]. Zhu et al. applied MADDPG to flocking control tasks in dynamic obstacle
environments, validating its adaptability in non-static conditions [22]. Building upon this,
Li et al. proposed the M3DDPG algorithm with policy generalization capabilities to address
uncertainty caused by opponent policy shifts [23]. Mao et al. developed the ATT-MADDPG
algorithm, which leverages attention mechanisms to adaptively model the dynamic joint
policies of teammates, thereby improving multi-agent coordination [24]. In addition, Ding
et al. applied MADDPG to unsignalized intersection control by introducing reference vehi-
cles to construct partially static environments, effectively addressing real-time control issues
in dynamic traffic scenarios [25]. Ma et al. proposed the OM-TCN model, which utilizes a
Temporal Convolutional Network (TCN) to model and predict opponent behaviors, aiming
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to mitigate the challenges of environmental non-stationarity [26]. For further integration of
diverse strategic concepts, Iqbal et al. introduced the Multi-Agent Actor–Attention–Critic
(MAAC) algorithm in 2019, combining the advantages of MADDPG, COMA, and VDN [27].
Subsequently, Xia et al. introduced the HER-MAAC framework, which integrates hindsight
experience replay to improve data utilization and boost learning stability [28].

In 2019, Ackermann formulated the MATD3 method, which extends the MAD-
DPG architecture by embedding the key concepts of TD3 [29]. Given the promising
performance of multi-agent cooperative tasks across diverse application scenarios, numer-
ous researchers have introduced enhancements to MATD3 tailored to specific domains.
Zhou, C.H. et al. [30] improved learning efficiency by integrating Prioritized Experience
Replay (PER) into the MATD3 framework. Additionally, they designed a hybrid reward
design that applies distinct formation-keeping rules for regions with and without obstacles.
By adaptively adjusting formations, their method successfully achieves obstacle avoidance
and resolves the formation control challenges encountered by conventional methods in
complex environments. Wang Kun et al. [31] proposed the PSARD-MATD3 algorithm,
which addresses the low training efficiency of homogeneous agents and inconsistencies
in reward mechanisms by introducing a parameter-sharing mechanism and an auxiliary
reward decay factor. Zhou Yatong et al. [32] introduced a novel Task-Decomposed Multi-
Agent Twin Delayed Deep Deterministic Policy Gradient (TD-MATD3) algorithm for UAV
path-planning tasks. Their approach enables UAVs to efficiently navigate complex environ-
ments with multiple obstacles. Focusing on multi-UAV cooperative trajectory planning,
Xing X.J. et al. [33] innovatively incorporated a Long Short-Term Memory (LSTM) recurrent
neural network into the environment perception module of MATD3. This modification
enhances policy learning efficiency and accelerates convergence.

Despite its advantages, MATD3 still suffers from several limitations, including fixed
exploration strategies, low sample utilization efficiency, and lagging policy update rhythms,
all of which adversely affect its convergence performance and stability in complex envi-
ronments. First, the fixed policy noise mechanism cannot adapt to task complexity or the
dynamics of policy evolution, which may lead to insufficient exploration in the early stages
or excessive perturbation in later stages. Second, the experience samples are not effectively
stratified or prioritized, making it difficult to highlight valuable data, thereby hindering
policy learning efficiency. Finally, the fixed frequency of policy updates tends to cause
gradient instability in the early training phase and slow convergence in the later stages.

Despite the progress of MATD3-style MARL, three practical challenges persist in
dynamic multi-agent environments: (C1) exploration–exploitation imbalance caused by
a fixed policy-noise schedule, which either under-explores early or over-perturbs late;
(C2) inefficient experience utilization, where uniform replay (or PER alone) overlooks
cluster-level diversity and leads to homogenized updates; and (C3) s sub-optimal up-
date rhythm, in which a fixed actor update frequency can amplify critic errors and slow
convergence. To address these issues, we propose MATD3_AHD, which integrates three
mechanisms that directly align with the above challenges: an Adaptive Exploration Policy
(AEP) dynamically adjusts noise intensity according to the TD error to resolve C1; a Hierar-
chical Sampling Policy (HSP) combines sample clustering with prioritized sampling to
improve replay efficiency and diversity, addressing C2; and a Dynamic Delayed Update
(DDU) modulates the actor update interval based on the stability of the critic network,
mitigating C3. Together, these components form an adaptive exploration-oriented, co-
evolutionary framework that improves exploration efficiency, sample usage, and training
stability. Ots effectiveness is validated through simulations in multiple task environments.

The key contributions of this study can be outlined as follows:
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• AEP: To address the exploration–exploitation trade-off in multi-agent reinforcement
learning, we propose an adaptive exploration strategy based on TD error. By introduc-
ing a training stability evaluation criterion and a dynamic noise modulation factor, this
mechanism enhances agents’ adaptive exploration ability in dynamic environments.

• HSP: A hierarchical sampling strategy that integrates clustering and prioritization
mechanisms is proposed to optimize the sample selection process during experience
replay, thereby improving sample utilization and the quality of policy updates.

• DDU: A dynamic delay mechanism is designed to adjust the actor update frequency
based on the critic network’s estimation error. This mechanism improves the stability of
policy learning and mitigates convergence challenges in non-stationary environments.

• Experimental validation: Extensive comparisons were conducted in typical multi-agent
simulation environments against mainstream baselines such as MADDPG and MATD3.
The results demonstrate that the proposed algorithm significantly outperforms baselines
in terms of convergence speed, stability, and generalization performance.

2. Related Work
In a system composed of n agents, the joint state space (S) is represented as

S = (s1, s2, . . . , sn), where si denotes the local observation or state of agent i. Similarly, the
joint action space (A) is given as A = (a1, a2, . . . , an), where ai corresponds to the action
executed by agent i. The reward function (R) can be expressed as R = (r1, r2, . . . , rn), with
ri indicating the reward obtained by agent i. The state transition process is described by
the probability function P(s′ | s, a1, . . . , an), which specifies the likelihood of moving to
the next state (s′) given the current state (s) and the joint action profile ((a1, . . . , an)). The
discount factor (γ ∈ [0, 1]) is applied to balance immediate and future returns. Hence, this
multi-agent Markov Decision Process (MDP) can be formalized as a high-dimensional tuple
(S1, . . . , Sn, A1, . . . , An, R1, . . . , Rn, P, γ).

The Multi-Agent Twin Delayed Deep Deterministic Policy Gradient (MATD3) al-
gorithm extends the essential ideas of TD3 in a multi-agent structure. By adopting the
Centralized Training with Decentralized Execution (CTDE) framework, MATD3 utilizes
centralized critic networks, along with a twin Q-network configuration, to effectively re-
duce the overestimation bias that often arises during training. Each agent maintains two
independent critic networks to estimate its Q-values, denoted as Qθi

1
and Qθi

2
, respectively.

The target Q-values are computed as follows:

yi
1 = ri + γQθi

1

(
s′, a′1, . . . , a′n; δ′1

)
(1)

yi
2 = ri + γQθi

2

(
s′, a′1, . . . , a′n; δ′2

)
During training, MATD3 selects the minimum value between the two critic estimates

to construct the target Q-value, thereby effectively suppressing Q-value overestimation:

yi = ri + γ min
(

Qθi
1
(s′, a′1, . . . , a′n), Qθi

2
(s′, a′1, . . . , a′n)

)
(2)

The critic network is updated by minimizing the following loss function:

L(δi) = E(s,a,r,s′)∼β

[(
yi −Qθi (s, a; θi)

)2
]

(3)

where yi denotes the target Q-value, Qθi is the critic network of agent i, and β represents
the experience replay buffer.

MATD3 adopts a delayed policy update mechanism, where the critic network is
updated more frequently than the actor network. Specifically, for every two updates of
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the critic network, the actor network undergoes one parameter update, which is defined
as follows:

θi ← θi − αθ∇θi J(θi) (4)

To enhance exploration, MATD3 also introduces target policy smoothing regular-
ization. During action selection, exploration noise (ϵ) is added to the deterministic
output of the current policy, injecting Gaussian noise into the actions to encourage
broader exploration:

ai = µ(oi) + ϵ, |ϵ| ∼ clip(N (0, σ), cL, cH) (5)

where clip(N (0, σ), cL, cH) represents a clipped Gaussian distribution and cL and cH denote
the lower and upper bounds for the noise, respectively.

However, MATD3 still faces three critical challenges when applied to complex dynamic
environments: (1) the use of fixed policy noise leads to either insufficient exploration or
excessive perturbation; (2) experience replay lacks prioritization or hierarchical processing,
resulting in inefficient sample utilization; and (3) the fixed frequency of policy updates fails
to adapt based on network error, which adversely affects convergence stability.

Therefore, this paper introduces mechanism-level improvements to the MATD3 frame-
work to address these issues, laying the theoretical foundation for the design of the pro-
posed algorithm and subsequent experimental validation.

3. Methodology
To achieve coordinated optimization of policy exploration, sample utilization, and

policy updating, this study introduces a multi-agent co-evolution algorithm named
MATD3_AHD, which integrates three enhanced strategies—AEP, HSP, and DDU—into
the MATD3 framework. The overall schematic is illustrated in Figure 1. The algorithmic
workflow includes the initialization of each agent’s actor and critic network parameters,
target network parameters, replay buffer, and the hyperparameters required by the AEP,
HSP, and DDU. During each training episode, the process includes adaptive modulation of
exploration noise according to the AEP mechanism. Furthermore, diverse and high-quality
experiences are sampled from the replay buffer using HSP, and the policy update frequency
is regulated according to the TD error through the DDU. This iterative process continuously
optimizes the agents’ policies and enhances their collaborative decision-making capabil-
ity. Our three modules co-evolve through a shared TD error-driven feedback loop. HSP
reshapes the replay distribution using cluster TD errors; this changes critic loss and, thus,
the TD error, which, in turn, drives the AEP to adapt exploration noise (Equation (7)) and
the DDU to adjust the actor update frequency via a TD error threshold. The updated policy
then generates new trajectories that refresh the buffer and priorities, closing the loop and
making the modules adapt jointly rather than independently.

3.1. Adaptive Exploration Policy

In multi-agent reinforcement learning, fixed-level exploration noise may lead to in-
efficient policy learning and make it difficult to adapt to the dynamic changes in policy
stability during training. To address this issue, this paper proposes a two-phase AEP, which
adjusts the noise intensity based on the dynamic variation of the TD error, thereby enabling
more efficient policy exploration and exploitation. The overall structure of the proposed
strategy is illustrated in Figure 2, which is divided into two phases:
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Figure 1. Schematic of the proposed MATD3_AHD framework.

Figure 2. Schematic of the Adaptive Exploration Policy (AEP).

3.1.1. Phase 1: Threshold Adaptation

In the early stages of training, when the policy has not yet converged, it is crucial to
assess its stability. To this end, the algorithm samples the TD error values from the previous
K steps, denoted as {δk}K

k=1.
These samples are used to estimate the current fluctuation in training by comput-

ing the mean µδ and standard deviation σδ of the TD error. Based on this, a dynamic
exploration threshold (st) is defined to distinguish between “normal” variations and ab-
normal fluctuations that may warrant intensified exploration. The threshold is computed
as follows:

st = µδ + m · σδ (6)

where m is a sensitivity coefficient that determines the response of the exploration strategy
to variations in TD error.

The current TD error exceeding the threshold (st) indicates that the policy may be
in an unstable state and that the agent should increase exploration to facilitate more
effective learning.



Electronics 2025, 14, 4181 7 of 20

3.1.2. Phase 2: Noise Adjustment

In the second phase, the intensity of exploration is controlled by dynamically adjusting
the standard deviation of noise based on the current TD error and the adaptively set
threshold. The relationship between the TD error and the standard deviation of noise
determines the degree of exploration. When the policy is unstable (i.e., the TD error exceeds
the threshold), the noise increases to encourage more exploration. Conversely, when the
policy is stable (i.e., the TD error is below the threshold), the noise decreases to reduce
unnecessary perturbations.

At each time step (t), the algorithm determines whether to increase or decrease the
exploration noise based on the comparison between the current TD error and the thresh-
old (st). The standard deviation of noise (σt+1) is updated using exponential smoothing
as follows:

σt+1 =

min(σt · η+, σmax) if |δt| > st

max(σt · η−, σmin) otherwise
(7)

where η+ and η− denote the growth and decay factors of the noise standard deviation,
respectively, and σmax and σmin define the upper and lower bounds to prevent the noise
scale from becoming excessively large or too small. The parameter values are set as
η+ = 1 + 10−5, η− = 1− 10−5, σmax = 0.2, and σmin = 0.05.

If η+ > 1, the standard deviation of noise gradually increases during unstable training
phases, thereby enhancing exploration.

η− < 1 indicates that during stable policy training, the standard deviation of
noise gradually decreases to reduce unnecessary perturbations. The pseudocode for
MATD3_AEP is presented in Table 1.

Table 1. MATD3_AEP algorithmic process.

Step Description

1 Initialize θ, Qθ1 , Qθ2 , θ′, σ0, and AEP parameters m; set Episode, N, Step; initialize buffer β.
2 for each episode e = 1 to N:
3 Initialize oi for each agent and obtain global observation O = (o1, o2, ..., on).
4 for t in range(Step):
5 Each agent selects at

i = µ(ot
i ) + ϵi, where ϵi ∼ N (0, σt).

6 Execute action in environment, receive reward rt and next state
O′ = (ot+1

1 , ot+1
2 , ..., ot+1

n ).
7 Store (O, A, R, O′) into replay buffer β.
8 if buffer has enough samples:
9 Sample mini-batch (O, A, R, O′).

10 Compute Q-values Qθ1 (o
t
i , at

i ) and Qθ2 (o
t
i , at

i ), then:
yi = ri + γ ·min

(
Qθi

1

(
s′, a′1, . . . , a′n

)
, Qθi

2

(
s′, a′1, . . . , a′n

))
11 Compute TD-error:

TD-error = rt + γ ·maxa Q(s′, a)−Q(s′, a′)
12 Compute loss:

L(δi) = E(s,a,r,s′)∼β

[(
yi −Qθi (s, a; θi)

)2
]

13 Update critic networks θ1, θ2.
14 if t mod 2 = 0:
15 Update actor: θi ← θi − αθ∇θi J(θi)
16 Update target networks θ′.
17 if TD-error ≥ st:
18 Update noise std σt using Equation (7).

3.2. Hierarchical Sampling Policy

Traditional experience replay (ER) mechanisms typically rely on uniform random
sampling, which makes it difficult to fully exploit critical experience samples. On the
other hand, Prioritized Experience Replay (PER) may lead to sample homogenization,
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thereby limiting policy diversity. To address these issues, this paper proposes an HSP,
which integrates K-means clustering with a priority-based replay mechanism to improve
both sample efficiency and diversity.

The HSP process consists of two stages: first, samples in the replay buffer are clus-
tered using K-means based on features such as state, action, and reward, forming several
experience clusters; then, the priority of each cluster is calculated according to the average
TD error of samples within the cluster as follows:

priority(Ck) =
1
|Ck|

|Ck |

∑
i=1
|δi| (8)

Clusters are sampled in proportion to their priority, meaning that clusters with higher
priority have a greater probability of being selected. The sampling probability of cluster Ck

is computed as follows:

P(Ck) =
priority(Ck)

∑K
i=1 priority(Ci)

(9)

where K is the total number of clusters and the denominator normalizes the priority scores
across all clusters.

After selecting a cluster, experiences are further sampled within the cluster. To ensure
diversity in sampling, uniform sampling is adopted within each cluster, meaning that each
experience in a given cluster has an equal probability of being selected. Specifically, let
cluster Ck contain |Ck| experiences; then, the sampling probability of experience ti within
cluster Ck is expressed as follows:

P(ti | Ck) =
1
|Ck|

(10)

To correct for sampling bias in experience replay [34], importance sampling (IS)
weights are introduced. Since the overall sampling process is non-uniform (i.e., certain
experiences have higher sampling probabilities), IS weights are used to offset the bias intro-
duced by non-uniform sampling. These weights adjust the contribution of each experience
during model updates, preventing overfitting to highly prioritized samples.

The IS weight (wi) of each experience (ti) is calculated as follows:

wi =

(
1

N · P(ti)

)φ

(11)

In this paper, N represents the total number of samples stored in the replay
memory, while P(ti) indicates the likelihood of selecting the experience ti during
sampling. The φ coefficient is introduced to balance the correction intensity of the
importance-sampling process.

To avoid excessive magnitude of the IS coefficients, they are normalized as follows:

wi ←
wi

max(wi)
(12)

The normalized importance weights ensure that each experience contributes proportionally
to policy updates, preventing imbalance caused by non-uniform sampling probabilities.

Consequently, the proposed sampling mechanism increases the participation of diverse
experience types, reduces the omission of informative samples, and further strengthens
both the robustness and generalization performance of the learned policy. The schematic of
this mechanism is illustrated in Figure 3.
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Figure 3. Schematic of the Hierarchical Sampling Policy (HSP).

The pseudocode for MATD3_HSP is presented in Table 2.

Table 2. MATD3_HSP algorithmic process.

Step Description

1 Initialize the parameters θ, Qθ1 , Qθ2 , θ′, σ0, and HSP-related parameters; set Episode, N, and
Step; initialize buffer β.

2 for each episode e = 1 to N:
3 Initialize local observation oi for each agent and obtain global state O = (o1, o2, . . . , on).
4 for t in range(Step):
5 Each agent selects action at

i = µ(ot
i ) + ϵi, where ϵi ∼ N (0, σt).

6 Execute action in environment and obtain reward rt and next observation
O′ = (ot+1

1 , ot+1
2 , . . . , ot+1

n ).
7 Compute TD-error using: TD-error = rt + γ maxa Q(s′, a)−Q(s′, a′)
8 Store (O, A, R, O′, TD-error) into buffer β.
9 if buffer is sufficient:

10 Cluster buffer samples into K clusters using HSP and obtain cluster index β j.
11 Calculate cluster sampling priority, sample (O, A, R, O′) based on priority.
12 Update sampling weights and network priorities.
13 Compute TD target using:

yi = ri + γ ·min
(

Qθi
1

(
s′, a′1, . . . , a′n

)
, Qθi

2

(
s′, a′1, . . . , a′n

))
14 Compute TD loss using:

L(δi) = E(s,a,r,s′)∼β

[(
yi −Qθi (s, a; θi)

)2
]

15 Update critic networks θ1, θ2 using gradient descent.
16 if t mod 2 = 0:
17 Update actor network using: θi ← θi − αθ∇θi J(θi)
18 Update target networks θ′.

3.3. Dynamic Delayed Update Mechanism

In the standard MATD3 algorithm, the update frequency of the actor network is fixed
and does not adapt to the dynamic changes in Q-value estimation errors. This may lead
to unstable policy updates or convergence to suboptimal solutions. To address this issue,
we propose a DDU mechanism based on TD error, which adjusts the actor update interval
dynamically using an exponentially weighted moving average approach. The core idea is
outlined as follows:
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By evaluating the TD error to reflect the estimation error of the critic network, we
adjust the update interval of the actor network accordingly. When the TD-error is large,
indicating that the Q-value estimates are unreliable, more critic updates are needed before
updating the actor. Hence, the actor update should be delayed to avoid optimizing the
policy based on unstable Q-values. Conversely, when the TD-error is small, indicating
accurate Q-value estimates, the actor can be updated more frequently, thereby accelerating
policy optimization and improving training efficiency. The schematic diagram is shown
in Figure 4.

Figure 4. Schematic of the Dynamic Delayed Update (DDU) mechanism.

To enhance the stability and adaptability of policy updates, the proposed Dynamic
Delayed Update (DDU) mechanism employs the TD error as the core indicator. It estimates
the trend of critic-network error using an Exponentially Weighted Moving Average (EWMA)
and dynamically adjusts the actor update frequency accordingly. The design logic of this
mechanism is reflected in the following aspects:

• Error-driven update: A large TD error indicates inaccurate estimation by the critic. In
such cases, the critic should be updated first while delaying the actor update to avoid
optimizing the policy based on erroneous Q-values.

• Avoidance of local optima: Frequent updates to the actor in the presence of unstable
Q-values can trap the policy in a suboptimal solution. Regulating the update pace
ensures that policy improvements are based on reliable evaluations.

• Improved convergence stability: When the TD error is small, the critic is considered
stable. Accelerating the actor updates under these circumstances helps speed up the
overall convergence.

• Coordinated exploration and exploitation: The TD error also reflects the agent’s
current exploration status. When combined with the Adaptive Exploration Policy
(AEP), reducing the actor update frequency during highly dynamic environmental
changes can enhance policy robustness.

In addition, the EWMA is used to smooth the TD error, thereby avoiding the storage
of large amounts of historical data and effectively preserving the error trend. This enables
efficient update scheduling, even under noise interference. The EWMA is computed
as follows:

TDt = α · TDt + (1− α) · TDt−1 (13)

where TDt denotes the exponentially weighted moving average of the TD error at time step
t, TDt is the current TD error, and α ∈ (0, 1) is the smoothing factor.
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The actor update interval denotes the number of environment/critic steps between two
actor updates in the DDU schedule. Formally, the actor is updated when t mod It = 0. Thus,
It = 4 means updating every 4 steps, It = 2 indicates updating every other step, and It = 1
corresponds to updating every step. We adopt a discrete set (It ∈ {4, 3, 2, 1}): larger intervals
are used when the TD error is high to stabilize the critic; as the TD error decreases, the interval
is reduced to 1 to accelerate policy fine-tuning.

This method enables the actor network to reduce its update frequency when the
critic exhibits high estimation error, thereby ensuring policy stability. Conversely, when
critic estimation is more accurate, the actor updates more frequently to improve training
efficiency. It is evident that the actor update interval is inversely proportional to the TD
error. Table 3 summarizes how the algorithm dynamically adjusts the actor update interval
according to the trend of TD error across different training phases, thereby achieving
appropriate optimization effects.

Table 3. Practical scenarios of the dynamic delay policy update.

Training Phase TD Error Trend Actor Update Interval Optimization Effect

Exploration Phase TDt continuously rises or
fluctuates

Interval increases:
2→ 3→ 4

Reduce policy update
frequency; prioritize
stabilization of critic
estimation

Convergence Phase TDt gradually decreases Interval remains at 2 Balance critic training
and actor optimization

Stabilization Phase TDt is low and stable Interval shortens: 2→ 1
Accelerate policy
fine-tuning toward
optimal solution

Therefore, the dynamic delayed update mechanism not only enhances the algorithm’s
ability to handle complex scenarios by prioritizing reliable information but also increases the
update frequency of high-quality policies, ultimately accelerating the overall decision-making
efficiency of the algorithm. The pseudocode for MATD3_DDU is presented in Table 4.

Table 4. MATD3_DDU algorithmic process.

Step Description

1 Initialize parameters θ, Qθ1 , Qθ2 , θ′, σ0, and DDU-related parameters α; set Episode, N, and
Step; initialize replay buffer β.

2 for each episode e = 1 to N:
3 Initialize local observation oi for each agent and get joint state O = (o1, o2, . . . , on).
4 for t in range(Step):
5 Each agent selects action at

i = µ(ot
i ) + ϵi, where ϵi ∼ N (0, σt).

6 Execute actions; environment returns reward rt and next state
O′ = (ot+1

1 , ot+1
2 , . . . , ot+1

n ).
7 Store interaction (O, A, R, O′) into buffer β.
8 if buffer size is sufficient:
9 Sample a mini-batch (O, A, R, O′) from buffer.

10 Compute target value:
yi = ri + γ ·min

(
Qθi

1

(
s′, a′1, . . . , a′n

)
, Qθi

2

(
s′, a′1, . . . , a′n

))
11 Compute TD-error:

TD-error = rt + γ maxa Q(s′, a)−Q(s, a′)
12 Estimate smoothed TD-error TD
13 Compute loss:

L(δi) = E(s,a,r,s′)∼β

[(
yi −Qθi (s, a; θi)

)2
]

14 Update critic networks θ1, θ2 using gradient descent.
15 if t%TD == 0:
16 Update actor network: θi ← θi − αθ∇θi J(θi)
17 Update target networks θ′
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4. Experiments
This section presents systematic experiments to validate the effectiveness and robust-

ness of the three proposed key improvement strategies—the AEP, HSP, and DDU—as well
as their integrated algorithm, MATD3_AHD. We evaluate the canonical MADDPG and
MATD3 as baselines; for recent empirical evaluations and strong variants of these families
used for performance comparison, please refer to Section 2 and refs. [25–28].

This work aims to isolate and quantify the contributions of our three plug-in mech-
anisms (AEP, HSP, and DDU) on an off-policy TD3/MATD3 backbone. Therefore, we
adopt the canonical MADDPG and MATD3 as baselines under a matched training pipeline
(same budgets, networks, and hyper-parameters). Recent strong MARL baselines from
other paradigms—including on-policy actor–critic methods such as MAPPO and IPPO, as
well as value decomposition methods such as QMIX and COMA (with variants such as
MAAC and R-MAPPO)—are summarized in the Related Work section; a comprehensive
cross-paradigm benchmark is left for future work.

The experiments are analyzed from four perspectives: environmental settings, ablation
studies, comparative evaluations, and real-world simulations. All experiments were run on
a workstation with an Intel Core i7-8700K CPU and an NVIDIA GTX 1060 GPU (PyTorch
1.13.1). For each task, a training budget of 5× 105 steps required approximately 3–4 h of
wall-clock time under this configuration, and the three MPE tasks were completed within
24 h in total. The proposed modules introduce only minor overhead: the HSP adds some
cost due to clustering and prioritized replay maintenance, while the DDU incurs negligible
scheduling overhead; in practice, end-to-end runtime per task remained within the 3–4 h
range mentioned above.

4.1. Experimental Environment

The experiments were primarily conducted in the Multi-Agent Particle Environment
(MPE), an environment proposed by OpenAI that features high controllability and flex-
ibility, making it well-suited for evaluating MARL algorithms in terms of cooperative
control performance. Three MPE scenarios are selected for evaluation in this work:
Simple_Speaker_Listener, Simple_Spread, and Simple_Spread_Multigoal. We evalu-
ate on three canonical MPE tasks (Simple_Speaker_Listener, Simple_Spread, and Sim-
ple_Spread_Multigoal) to keep training pipelines identical and isolate the effects of the
AEP/HSP/DDU. This trio jointly covers communication, cooperative coverage with colli-
sion avoidance, and higher non-stationarity, providing a compact yet diverse testbed. We
do not claim universality; extending the evaluation to broader suites (e.g., additional Pet-
tingZoo/MPE variants, multi-robot navigation, and other cooperative control benchmarks)
is left for future work.

The MPE environment is illustrated in Figure 5.

(a) Simple_Speaker_Listener (b) Simple_Spread (c) Simple_Spread_Multigoal

Figure 5. Illustrations of selected scenarios in the MPE.
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The experimental platform is implemented based on Python 3.10 and the PyTorch
1.13.1 framework. The main hyperparameter settings are summarized in Table 5. For
the improved variants proposed later, most parameters remain the same and will not
be repeated.

For all evaluated algorithms, each task is trained for a total of 5× 105 time steps.
During training, the learned policy is evaluated once every 1000 time steps. Each evaluation
runs the current policy for five episodes, and the average cumulative return of these five
runs is reported as the evaluation result.

Additionally, all reward curves presented in this paper are smoothed to facilitate
performance comparison.

Table 5. MATD3 main parameter settings.

Parameter Value Description

batch_size 1024 Size of the experience replay buffer
lr_a 5× 10−4 Learning rate of the actor network
lr_c 5× 10−4 Learning rate of the critic network

γ 0.95 Discount factor
τ 0.01 Soft update rate for target networks
e 5 Number of episodes used to evaluate training stability
d 2 Frequency of delayed policy updates

4.2. Ablation Study and Analysis

To verify the contribution of the three key mechanisms in the proposed co-evolution
algorithm—AEP, HSP, and DDU—we design a series of ablation experiments by removing
each component individually and conducting comparative analysis.

4.2.1. Effectiveness Analysis of AEP

To demonstrate the ability of the AEP to balance exploration and exploitation and
accelerate learning efficiency, we evaluate the performance of the MATD3_AEP algorithm
in two MPE environments. In addition, to verify the generality of this mechanism across
different algorithms, we also integrate AEP into MADDPG, resulting in a variant named
MADDPG_AEP, which is used as a reference. All other hyperparameters are kept the same
for fair comparison.

By analyzing Figure 6, it can be observed that the MATD3_AEP algorithm significantly
improves exploration efficiency compared to other deep reinforcement learning algorithms.
In most cases, AEP enables agents to learn effective policies more quickly. Specifically, for
the MPE tasks evaluated in this section, MATD3_AEP achieves faster exploration efficiency
than the original MATD3. Within the 5× 105-step budget, MATD3_AEP is about 20×more
sample-efficient than vanilla MATD3.

Table 6 reports the average maximum cumulative rewards after convergence across
the three environments. The data are collected by averaging the maximum returns over
the last 10,000 episodes. Compared with MATD3, MATD3_AEP improves the average
reward by 3%, 2%, and 5% in the Simple_Speaker_Listener, Simple_Spread, and Sim-
ple_Spread_Multigoal environments, respectively. Similarly, MADDPG_AEP achieves
average reward improvements of 5% and 7% compared to MADDPG. Overall, the results
show that MATD3_AEP consistently outperforms MATD3, while MADDPG_AEP also
achieves higher performance than MADDPG, demonstrating the effectiveness of the AEP
in enhancing exploration efficiency.

In conclusion, the MATD3_AEP algorithm exhibits improved convergence compared
to MATD3 and MADDPG, indicating that AEP effectively balances exploration and ex-
ploitation and enhances the efficiency of exploration. By dynamically adjusting the scale of
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exploration noise, the AEP improves the agent’s learning efficiency and accelerates policy ac-
quisition. Furthermore, the results show that the AEP is also applicable to other multi-agent
reinforcement learning algorithms, providing efficient exploration and utilization support.

Figure 6. Noise decay and reward comparison of the AEP strategy in three MPE environments.

Table 6. Average rewards of MATD3_AEP and baseline algorithms across MPE environments.

Environment MATD3_AEP MATD3 MADDPG_AEP MADDPG

Simple_Speaker_Listener −10.3703 −10.0327 −11.7825 −12.4876
Simple_Spread −136.483 −140.415 −165.946 −177.941

Simple_Spread_Multigoal −73.5716 −76.0813 −95.2052 −94.1553

4.2.2. Effectiveness Analysis of HSP

To evaluate whether the HSP enhances sample utilization and ensures a comprehensive
experience replay across different sample types, the MATD3_HSP algorithm was trained
and tested in three MPE environments. MADDPG was also included as a reference baseline
with identical hyperparameters.

By analyzing the reward curves in Figure 7, it can be observed that the MATD3_HSP
algorithm maintains a comparable convergence speed while exhibiting lower variance in
the reward trajectories, indicating enhanced stability. In the Simple_Speaker_Listener envi-
ronment, the improvement is moderate, while in the Simple_Spread environment, the HSP
demonstrates more significant benefits, validating its effectiveness in stabilizing training.

Table 7 presents the standard deviation of evaluation rewards post 10,000 episodes.
MATD3_HSP consistently achieved the lowest reward variance in all environments. Com-
pared with MATD3, the improvements in reward stability were approximately 4.7%, 3.4%,
and 6.9%. Compared with MADDPG, the improvements were more pronounced at 16.0%,
21.7%, and 6.6%.

In summary, MATD3_HSP significantly improves training stability across multi-
ple MPE scenarios. Its hierarchical sampling mechanism—combining experience clus-
tering with prioritized scheduling—enhances sample efficiency and suppresses train-
ing variance, providing a viable solution for improving the robustness of multi-agent
reinforcement learning.
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Figure 7. Reward comparison of the MATD3_HSP algorithm in different MPE environments.

Table 7. Reward stability analysis of the MATD3_HSP algorithm in different MPE environments.

Environment MADDPG MATD3 MATD3_HSP

Simple_Speaker_Listener 4.8382 4.2688 4.0644
Simple_Spread 17.6133 14.2733 13.7763
Simple_Spread_Multigoal 19.2530 19.3310 17.9901

4.2.3. Effectiveness Analysis of DDU

To verify that the DDU can enhance the agent’s capacity for processing environmental
information and adaptively adjusting the update frequency of the actor network, we trained
the MATD3_DDU algorithm and evaluated it in three MPE environments.

As shown in Figure 8, the reward curves of the MATD3_DDU algorithm are more
stable with smaller fluctuations, indicating its improved ability to process environmental
information and stabilize Q-value estimation through adaptive critic updates. This leads to
more accurate and reliable value functions, which accelerates convergence.

Table 8 reports the average cumulative reward after 10,000 episodes in each environ-
ment. Compared to MATD3, the MATD3_DDU algorithm achieves an average reward
improvement of 2.5%, 2%, and 2.6% in the Simple_Speaker_Listener, Simple_Spread, and
Simple_Spread_Multigoal environments, respectively. Compared to MADDPG, the im-
provements are even more pronounced, reaching 17%, 22%, and 20%, respectively.

These results confirm that the dynamic delayed policy update mechanism enhances
policy learning efficiency and robustness. It improves agents’ responsiveness to complex en-
vironments by regulating update frequencies based on TD error trends, thereby increasing
the number of high-quality policy updates.

Figure 8. Reward comparison of the MATD3_DDU algorithm in different MPE environments.

Table 8. Average reward analysis of the MATD3_DDU algorithm in different MPE environments.

Environment MATD3_DDU MATD3 MADDPG

Simple_Speaker_Listener −10.135 −10.0327 −12.4876
Simple_Spread −137.004 −140.415 −177.941

Simple_Spread_Multigoal −73.7779 −76.0813 −94.1553
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4.3. Comparative Experimental Analysis

This section verifies whether the multi-agent co-evolution algorithm, MATD3_AHD,
can simultaneously optimize exploration, sample utilization, and policy update efficiency.
Experiments are conducted in three MPE environments, using MADDPG and MATD3 as
baselines. To ensure the validity of the comparison, all hyperparameters are kept consistent
across algorithms.

Reporting protocol. Unless otherwise stated, learning curves show the mean over
10 random seeds. For readability, we apply light exponential moving average (EMA)
smoothing; confidence-interval shading is omitted. Final scalar results are reported in
tables, and per seed logs are available upon request.

The reward curves of the MATD3_AHD algorithm and the baseline algorithms are
illustrated in Figure 9. As observed from the analysis, MATD3_AHD achieves significantly
improved reward performance compared to the other algorithms. Its reward curves show
smaller fluctuations and more stable convergence. Although the algorithm experiences
partial local optima in the Simple_Speaker_Listener environment, it does not affect the
overall experimental conclusions. Moreover, MATD3_AHD reaches training stability
using fewer time steps, demonstrating improvements in convergence speed, stability,
and efficiency.

Tables 9 and 10 summarize the quantitative results across the three MPE environments.
Table 9 reports the average maximum cumulative rewards after convergence, whereas
Table 10 further presents the final performance as mean ± std over the last 1× 105 training
steps. Consistent trends are observed in both tables: MATD3_AHD achieves the best (less
negative) returns in Simple_Spread and Simple_Spread_Multigoal and shows comparable
performance to MATD3 in Simple_Speaker_Listener. For readability, the MATD3_AHD
column is highlighted. The results show that MATD3_AHD outperforms both baseline
algorithms in all environments. Specifically, in the Simple_Speaker_Listener environment,
MATD3_AHD improves the average reward by 2% over MATD3 and by 18% over MAD-
DPG. In the Simple_Spread environment, the improvements reach 5% and 25%, respectively.
In the Simple_Spread_Multigoal environment, MATD3_AHD achieves 7% and 24% higher
rewards compared to MATD3 and MADDPG, respectively. These quantitative results
strongly validate the superiority of the proposed MATD3_AHD algorithm.

In conclusion, the multi-agent co-evolutionary approach, MATD3_AHD, exhibits
significant performance gains over the baseline algorithms. It demonstrates improve-
ments in exploration, sample efficiency, and decision-making quality, effectively address-
ing the key challenges proposed in this study and achieving enhanced collaborative
evolution capabilities.

Table 9. Average reward analysis of the MATD3_AHD algorithm in different MPE environments.

Environment MATD3_AHD MATD3 MADDPG

Simple_Speaker_Listener −10.266 −10.0327 −12.4876
Simple_Spread −132.791 −140.415 −177.941

Simple_Spread_Multigoal −70.6516 −76.0813 −94.1553

Table 10. Final performance reported as mean ± std over the last 1× 105 training steps.

Environment MATD3_AHD MATD3 MADDPG

Simple_Speaker_Listener −9.872± 1.152 −9.316± 0.652 −12.029± 1.569
Simple_Spread −82.331± 2.115 −73.764± 2.966 −85.322± 2.389

Simple_Spread_Multigoal −82.337± 2.123 −73.764± 2.966 −85.322± 2.389
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Figure 9. Comparison of MATD3_AHD algorithm rewards in different MPE environments.

4.4. Simulation Experiments

To validate the practical applicability of the proposed algorithm, a simulated environ-
ment was constructed based on ROS and Gazebo, utilizing the Turtlebot3 (Waffle) mobile
robot platform. This setup was designed to evaluate the feasibility and efficiency of apply-
ing the multi-agent co-evolutionary algorithm in real-world-like multi-robot exploration
tasks. The simulation involves three robots and three goals. The robots collaborate in real
time through LiDAR and visual perception modules to perform coordinated path planning.
The MATD3_AHD algorithm is employed for path regulation and coordination. As shown
in Figure 10, the system successfully enables multi-robot coordination for both obstacle
avoidance and goal reaching.

Figure 10. Multiple mobile robot scenarios.

As illustrated in Figure 11, in an obstacle-free environment, all robots are capable of
perceiving their surroundings and navigating freely within the space. The co-evolutionary
algorithm effectively guides each robot toward its assigned goal without relying on prede-
fined maps, while enabling real-time coordination and collision-free path planning among
the robots to ensure timely and accurate arrival at their respective destinations.

Figure 11. Simulation of barrier-free environments.

To further evaluate the algorithm’s adaptability in more complex environments, an
obstacle-rich simulation scenario was designed. In this environment, all three robots must
cooperate simultaneously to complete the task while avoiding collisions with obstacles
and one another. The co-evolutionary algorithm enables the robots to dynamically adjust
their paths in real time, achieving efficient obstacle avoidance and smooth coordination, as
demonstrated in Figure 12.
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Figure 12. Simulation of obstacle environments.

The experimental results demonstrate that robots can successfully reach their goals
in obstacle-free environments. In obstacle-rich scenarios, the robots are capable of
autonomously planning paths, avoiding obstacles, and completing tasks through the
co-evolutionary mechanism, thereby validating the practicality and robustness of the
proposed algorithm.

5. Conclusions
This paper proposes three enhancement strategies based on the MATD3 algorithm to

address the challenges of low exploration efficiency, insufficient sample utilization, and
delayed policy updates in multi-agent MARL. These strategies are integrated into a unified
co-evolutionary algorithm named MATD3_AHD. Specifically, the AEP dynamically adjusts
the scale of exploration noise according to training stability, improving the algorithm’s
ability to balance exploration and exploitation across different learning phases. The HSP
clusters experience samples and adjusts replay priorities to enhance sample efficiency. The
DDU mechanism adaptively regulates the update frequency based on the critic’s error
(state-change sensitivity), improving decision-making efficiency and adaptability.

Experimental results show that AEP improves exploration efficiency by approximately
4% and achieves a 17% gain over MADDPG, accelerating policy convergence. HSP enhances
algorithmic stability by around 5% and achieves a 21% gain over MADDPG, yielding more
stable reward convergence. With DDU, the convergence performance improves by 2.6%. By
integrating all three strategies, the proposed MATD3_AHD algorithm achieves an average
performance improvement of 5% over baseline MATD3 and 20% over MADDPG across
three MARL tasks.

Furthermore, on the ROS + Gazebo simulation platform using Turtlebot3, the proposed
algorithm successfully completes multi-robot cooperative navigation tasks, demonstrat-
ing its practicality and robustness in real-world-like scenarios. Overall, MATD3_AHD
shows excellent performance in terms of training stability, convergence speed, and policy
generalization, indicating strong potential for real-world engineering applications.

Future research may focus on the following directions: investigating the influence of
AEP parameter dynamics on learning performance, studying the impact of dynamically
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changing agent populations on co-evolution mechanisms to adapt to more complex en-
vironments, and extending the proposed MARL framework to real-world scenarios such
as UAVs and unmanned vehicles to promote its application in intelligent systems and the
Internet of Things.
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