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 A B S T R A C T

Reconfigurable battery systems (RBSs) offer flexibility in battery connections to address several critical issues 
in battery safety, balancing, degradation, energy delivery, etc. However, the optimal control of RBSs is 
complicated due to the nonlinear characteristics of batteries and the discrete-value states of switches. To solve 
RBS optimal control problems, while some traditional methods, such as rule-based methods, graph theory-based 
methods, dynamic programming, and heuristic algorithms, can be deployed, some assumptions are commonly 
needed to simplify the system modeling or problem formulation. Deep reinforcement learning (DRL) has 
shown the potential to solve RBS optimal control problems without such assumptions, but it still faces critical 
difficulties in dealing with large-scale discrete action spaces. To address this challenge, we propose to introduce 
and enhance the Wolpertinger architecture (WA) when using DRL for solving RBS optimal control problems. 
Specifically, three action embedding methods are designed to enable the training of WA. Then, the original 
WA is enhanced by deploying a higher-performance agent and a nearest neighbor search algorithm to improve 
the convergence optimality and computation efficiency, respectively. Case studies based on an experimentally 
verified RBS model demonstrate that the enhanced WA manages to effectively solve RBS optimal control 
problems and outperforms the original WA and other DRL methods in terms of the convergence speed and 
converged reward. Such advantages become increasingly pronounced as the system scales up. For even larger-
scale practical battery systems (e.g., 50 cells), a multi-agent architecture is introduced to successfully solve the 
optimal control problem. Experimental tests on an embedded RBS control platform further confirm the superior 
real-time performance and potential applicability of the enhanced WA in practical RBS control scenarios.
1. Introduction

The intrinsic electrochemical nature of batteries necessitates their 
series or parallel connection to meet high voltage, current, or power de-
mands. However, heterogeneity among connected batteries can lead to 
imbalances in key states such as state of charge (SoC), temperature, and 
state of health (SoH), resulting in significant issues like reduced energy 
delivery, accelerated degradation, and increased safety risks. Conven-
tionally, passive or active balancing technologies have been widely 
employed to mitigate these imbalances. Passive balancing dissipates 
excess energy as heat through resistors, leading to poor system energy 
efficiency [1]. While traditional active balancing improves efficiency, 
it heavily relies on auxiliary energy transfer components, e.g., capac-
itors, inductors, or transformers. This reliance not only increases the 
system’s cost and volume but also introduces parasitic power losses 
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during charge transfer. Furthermore, the mandatory charge-shuttling 
process imposes additional micro-charge/discharge cycles on the cells, 
inadvertently accelerating battery aging [2].

To overcome these fundamental limitations, reconfigurable battery 
systems (RBSs) have emerged as a superior option. Compared with 
traditional balancing schemes, the core advantage of an RBS lies in 
its ability to achieve highly efficient balancing by dynamically altering 
the battery topology to directly route current during operation [3]. By 
eliminating the need for dedicated, single-function equalization hard-
ware, RBS transforms the balancing task into a pure software-defined 
control problem. Although the introduction of a switch array incurs 
an initial hardware cost, it offers multiplexing functional advantages. 
Thanks to the introduced flexibility in battery connections, the system 
performance can be enhanced from multiple perspectives, such as iso-
lating faulty batteries for continuous and safe operation [4], improving 
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Nomenclature

A2C Advantage Actor-Critic
ANN Approximate Nearest Neighbor
BP Bypassed
CCV Cell Current Vector
DDPG Deep Deterministic Policy Gradient
DP Dynamic Programming
DQN Deep Q-Network
DRL Deep Reinforcement Learning
FLANN Fast Library for Approximate Nearest 

Neighbors
HNSW Hierarchical Navigable Small World
LN Last Non-Bypassed
NCV Neighboring Connection Pattern Vector
NMSLIB Non-Metric Space Library
PL Parallel Connection
PPO Proximal Policy Optimization
RBS Reconfigurable Battery System
SoC State of Charge
SoH State of Health
SR Series Connection
SSV Switch State Vector
TD3 Twin Delayed Deep Deterministic Policy 

Gradient
WA Wolpertinger Architecture

energy conversion [5], balancing battery SoCs [6], optimizing ther-
mal management [7], customizing the terminal voltage within a wide 
range [8,9], enhancing lifetime [10], and facilitating the management 
of batteries with varying degradation, types, and chemistries [11].

To fully harness the benefits of RBSs, an optimal control problem 
needs to be formulated, incorporating the objective function, system 
model, and necessary constraints. However, due to the nonlinearity 
of battery characteristics and the discrete nature of switch states, the 
formulated RBS optimal control problem becomes a complex, high-
dimensional, nonlinear, 0–1 integer programming problem, resulting in 
critical challenges in solving the problem. Additionally, the problem’s 
dimensionality increases as the number of batteries and switches in 
the RBS grows, further complicating the problem solving. To solve 
RBS optimal control problems, several methods have been proposed in 
recent studies.

Kim et al. [12] established an offline lookup table to determine 
the optimal configuration for maximizing converter efficiency. This 
rule-based method is effective and easy to implement, but it is only 
applicable to small search spaces. He et al. developed graph theory-
based algorithms to minimize the discharging current of individual 
cells [13], and maximize the deliverable discharge capacity [14] and 
charge capacity [15]. In such graph theory-based methods, the RBS 
model was simplified to a graph representation, and the constraints and 
objectives were expressed accordingly. For example, minimizing the 
discharging current was transformed into finding the maximum number 
of disjoint simple paths [13]. Although model simplification facilitates 
the problem solving, it inevitably results in certain loss of accuracy and 
reduced applicability.

Some studies also explored the application of widely used general 
optimization methods to solve RBS optimal control problems, such as 
dynamic programming (DP) [16,17] and heuristic algorithms [18]. DP 
is inherently designed for discrete states, making it less suitable for the 
continuous battery state space of RBSs. On the other hand, heuristic 
algorithms struggle to guarantee both optimality and convergence. 
More importantly, as the complexity of sequential decision problems 
2 
increases with the number of actions and states, the computational time 
for both methods grows at a rate far exceeding linear scaling.

To further reduce the complexities associated with the sequential 
decision-making in RBS optimal control problems, Deep Reinforcement 
Learning (DRL), built on Markov decision processes, offers a control 
framework that transforms the originally combinatorial policy search 
problem into one scaling linearly with the number of decision steps, 
states, and actions [19]. Although DRL requires substantial training 
data and time to develop a policy or value network, its computational 
demands during real-time operation are minimal compared to the 
above DP and heuristic methods. After training, the DRL model no 
longer needs to compute the entire optimization trajectory in advance. 
Instead, it generates a suitable action in real time based solely on 
the current system state using a compact neural network with high 
computational efficiency. By repeatedly executing this policy network, 
multi-step optimization can be achieved. This high efficiency makes 
the DRL-based approach well-suited for real-time applications on em-
bedded devices. Jeon et al. [20] utilized proximal policy optimization 
(PPO) method to enhance the discharge efficiency of RBS consider-
ing the cell balancing and rate capacity effect, demonstrating better 
performance than rule-based methods. Yang et al. [21] employed a 
model-free deep Q-network (DQN) to dynamically improve cell bal-
ancing in an RBS. While the DRL agent interacts directly with the 
real-world environment to collect necessary data, the training speed is 
significantly limited by data collection, and operational safety is not 
guaranteed. Silvio et al. [22] also optimized cell balancing in an RBS 
using DQN, showing that DRL approaches outperform rule-based and 
heuristic methods while exhibiting strong generalization capabilities.

While the above methods have been applied to RBS optimal con-
trol problems, solution search must be conducted within sufficiently 
small search spaces. This is typically achieved by limiting the system 
size or control horizon length, simplifying system modeling based on 
certain assumptions, or restricting the number of switch operations 
per decision step. However, when binary switch states are treated as 
control variables, the size of the search space grows exponentially 
with the number of switches and decision steps. For example, a 20-
switch RBS over a three-step horizon results in a search space of 260 ≈
1.15 × 1018. Faced with such vast discrete action spaces, DP requires 
too long computation time to achieve an optimal solution. Similarly, 
heuristic methods also demand substantial time while often yielding 
only low-quality solutions. DRL, despite its advantages, still struggles 
in large discrete action spaces. In value-based methods like DQN, the 
complexity of the value network scales linearly with the action space 
size, making training impractical for large-scale problems. Meanwhile, 
policy-based methods like PPO struggle to generalize effectively across 
actions, often leading to suboptimal performance [23].

To address the critical challenges caused by the large-scale discrete 
action space in this study, Wolpertinger architecture (WA) [23] based 
on DRL is introduced to solve RBS optimal control problems. In WA, the 
discrete actions are first embedded into the continuous space of Deep 
Deterministic Policy Gradient (DDPG) to enable action generalization. 
The actions generated by the DDPG actor in the continuous space 
are then mapped back to the original discrete actions through near-
est neighbor search algorithms and inverse embedding. Through this 
design, WA harnesses the action generalization capabilities of value-
based methods while avoiding the computational burden of evaluating 
the entire action space. Moreover, WA is a single-agent approach more 
computationally efficient than many MA learning methods [24,25].

When applying WA to solving RBS optimization problems, the first 
step is to design specific embedding methods to map discrete actions 
into a continuous space. Thus, three action embedding methods are 
proposed and tested in this study. Further, to improve the solution 
optimality, the original agent DDPG is updated by Twin Delayed Deep 
Deterministic Policy Gradient (TD3) in this study since TD3 has demon-
strated superior performance over DDPG in various training scenarios, 
offering improved stability and reducing overestimation bias [26]. 
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Additionally, to reduce the computational burden for searching the 
nearest neighbor of the generated action, in this study Hierarchical 
Navigable Small World (HNSW) is selected for showing significantly 
higher computational speed in benchmark tests than the originally 
deployed K-means and K-d tree methods [27]. As will be demonstrated 
in Section 3, through the proposed embedding design and modifica-
tions to WA, the convergence optimality and computational efficiency 
can be enhanced as compared with DRL methods using original WA, 
PPO, or DQN. These advantages become even more significant as the 
action space expands. In addition, experimental results demonstrate 
that, under identical training conditions, the proposed enhanced WA 
achieves faster SoC balancing, longer discharge duration, and higher 
energy output compared to the traditional PPO algorithm, confirming 
its superior real-time performance and practical applicability.

When deploying the enhanced WA for RBS control, handling ex-
ponentially growing discrete action spaces remains one critical chal-
lenge [28]. In practical energy storage applications, as the system scales 
up, the centralized discrete action space explodes exponentially. This 
rapid expansion easily exceeds physical memory limits, rendering cen-
tralized action evaluation computationally intractable [29]. To address 
this challenge, the latest paradigm in DRL has shifted towards Multi-
Agent Reinforcement Learning (MARL) relying on a divide-and-conquer 
strategy [30,31]. Recent studies have also demonstrated the promising 
application of MARL to decentralized control in multi-module battery 
systems [32]. More specifically, the integration of MARL with action 
space embedding (i.e., the MA+WA framework) has been proven highly 
feasible in tackling massive discrete control problems, such as multi-
user beamforming in massive MIMO systems [33,34]. However, these 
application scenarios of existing MA+WA methods fundamentally differ 
from the RBS control. In communication systems, an invalid or sub-
optimal action merely results in a performance penalty (e.g., signal 
degradation or interference). In contrast, an invalid topological action 
in RBS can trigger catastrophic safety issues, such as short-circuits or 
dangerous voltage surges.

To bridge this critical safety gap, a safety-guaranteed MA+WA 
framework tailored for large-scale RBS control is further proposed in 
this study. First, building upon the feasible solution space principles 
established in our previous work, we allocate to each decentralized 
agent only the valid switch configurations corresponding to its local po-
sition. This fundamentally eliminates the vast majority of impossible or 
dangerous actions at the local level. Secondly, to address the dangerous 
configurations that may still emerge when local actions are stitched to-
gether, we introduce a robust fail-safe mechanism. Utilizing high-speed 
topology detection algorithm, any dangerous action is instantaneously 
identified and forcefully replaced by its nearest safe action within the 
global feasible space. This dual-layer protection guarantees the absolute 
physical safety of the DRL outputs. Thus, this paper not only fully 
develops the enhanced WA framework for a small size RBS control, 
but also successfully propose this highly-scalable and safety-guaranteed 
MA+WA framework for industrial-level RBSs.

This paper is organized as follows. Section 2 provides a detailed 
description of the enhanced WA, including the essential virtual environ-
ment and embedding methods as well as the proposed modifications. 
Then, Section 3 presents various case studies along with experimental 
tests to demonstrate the effectiveness and advantages of the enhanced 
WA in addressing the critical challenge of large-scale discrete action 
spaces. Finally, conclusions are drawn in Section 4.

2. Enhanced Wolpertinger architecture for solving RBS optimal 
control problems

2.1. Wolpertinger architecture (WA)

The RBS optimal control problem is formulated as a Markov Deci-
sion Process (MDP), defined by a tuple ( ,, , 𝑟, 𝛾) [35]. In this tuple, 
the definitions of the state space , action space , and reward function 
3 
𝑟 ∶  ×  → R depend on the specific RBS optimal control problem. 
Therefore, they will be explicitly defined for the case study in Section 3. 
Moreover,  ∶  ×  ×  → [0, 1] is the state transition probability 
distribution determined by the system dynamics. 𝛾 ∈ [0, 1] is the 
discount factor that accounts for the importance of future rewards. As 
discussed in Section 1, WA is selected to solve the formulated problem.

The original WA was proposed based on the DDPG algorithm [23]. 
DDPG inherently operates in a continuous action space, rendering 
it incompatible with discrete action spaces in RBS optimal control 
problems. To bridge this gap, an embedding mechanism needs to 
be developed to map the discrete action space  into a continuous 
space , yielding the embedded action space ̂. The structure of WA 
based on DDPG is illustrated in Fig.  1. For each decision step, given 
the initial system state, the actor network in DDPG first generates 
a proto-action within the continuous action space . Subsequently, 
Approximate Nearest Neighbors (ANN) search is deployed to identify 
K nearest neighbors of this proto-action within the embedded action 
space ̂. These K candidate actions are evaluated by the critic network, 
and the one with the highest Q-value is selected as the best embedded 
action. This embedded action is then inversely embedded into the 
original discrete action space  and executed in the environment, 
yielding a corresponding reward and the next state, i.e., the initial 
system state for the next decision step. Finally, the transition tuple, 
comprising the state, proto-action, reward, and the next state, is stored 
in the replay buffer for further training. The actor and critic networks 
are then updated following the DDPG training framework.

In the WA structure shown in Fig.  1, the essential environment 
and embedding methods for constructing WA will be developed in 
Sections 2.2 and 2.3, respectively. To further enhance the optimization 
performance of WA, the original DDPG-based agent and ANN methods 
will be improved in Section 2.4.

2.2. RBS simulation environment

In the WA structure shown in Fig.  1, an environment needs to be 
constructed to generate the system response to a specific action for 
each decision step. For the optimal control of RBSs, such as the 10-cell 
RBS illustrated in Fig.  2, the on or off switch states are regarded as 
decision variables, and, hence, the action is characterized by a vector 
consisting of all switch states (SSV). For each decision step, given the 
initial system state, the state update and reward in response to the 
given action can be obtained by an RBS experiment or a high-fidelity 
simulation. Since a huge number of combinations of initial states and 
potential actions need to be tested and evaluated during the training 
process, it becomes too time- and energy-consuming to accomplish this 
task through RBS experiments. Moreover, the majority of SSVs in the 
search space are infeasible, which can lead to battery faults such as 
short circuits or undesired open circuits. Testing such infeasible actions 
by experiments can incur safety issues. Thus, a simulation-based virtual 
environment is developed using the unified equivalent circuit model for 
RBSs proposed in our recent work [36]. The high simulation accuracy 
of this model has also been validated by experimental data. Thanks 
to this unified RBS model, there is no need to reconstruct the system 
model due to dynamic system reconfiguration.

2.3. Action embedding methods

As illustrated in Fig.  1, the DDPG method, receiving inputs from 
both the environment and the replay buffer, is designed to operate 
within a continuous action space. While the state information of battery 
cells, such as voltages or currents of modeling components, consists 
of continuous values, the discrete-valued SSVs form a discrete action 
space, which is unsuitable for training the DDPG-based agent. Thus, an 
embedding method needs to be developed to map the discrete action 
space into a continuous space. In the absence of a universal embedding 
method for all situations, three action embedding methods are proposed 
as follows.
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Fig. 1. Structure of the enhanced Wolpertinger architecture.
Fig. 2. Diagram of a 10-cell RBS with 3 switches associated with each cell except the last one.
2.3.1. Switch state vector method
Each SSV in the original discrete action space  can be directly 

mapped to the same SSV in a continuous action space 𝑆𝑆𝑉  as defined 
below. The SSVs in 𝑆𝑆𝑉  corresponding to all SSVs in  constitute an 
embedded action space denoted by ̂𝑆𝑆𝑉 .

𝑆𝑆𝑉 = [0, 1]𝑁𝑆 , (1)

̂𝑆𝑆𝑉 = , (2)

where 𝑁𝑆 denotes the total number of switches in the RBS.

2.3.2. Cell current vector method
In an RBS, the SSV in the original discrete action space  specifies 

the connection structure of all cells, i.e., the system configuration, 
which influences the current distribution among cells, described by a 
cell current vector (CCV). The CCV determines the operating perfor-
mance of each battery cell and the entire battery system. Motivated by 
this, the discrete space  for SSVs can be embedded into a continuous 
space for CCVs, denoted by 𝐶𝐶𝑉 , as defined below. The CCVs in 𝐶𝐶𝑉
corresponding to all SSVs in  constitute an embedded action space 
denoted by ̂𝐶𝐶𝑉 .

𝐶𝐶𝑉 =[𝑖low, 𝑖high]𝑁𝐵 , (3)

̂𝐶𝐶𝑉 =
{

𝐶𝐶𝑉 ∣ 𝐶𝐶𝑉 = 𝛷𝐼 (𝑥, 𝑆𝑆𝑉 , 𝑢sys), 𝑆𝑆𝑉 ∈ 
}

. (4)

where 𝑖low and 𝑖high denote the minimum and maximum allowable 
cell currents, respectively, 𝑁𝐵 the number of battery cells, 𝛷𝐼  the cell 
current output function based on the unified RBS model introduced 
in Section 2.2, 𝑥 the battery state vector, and 𝑢sys the system’s input 
current or power.

It can be seen that the defined continuous space 𝐶𝐶𝑉  has a dimen-
sion of 𝑁𝐵 , much smaller than that of the original discrete action space 
, i.e., 𝑁𝑆 , especially for RBSs with multiple switches associated with 
each cell. For instance, 𝑁 = 1 (𝑁 +2) for the RBS illustrated in Fig.  2. 
𝐵 3 𝑆

4 
Thus, in addition to generating a continuous action space for the DDPG, 
this embedding method can significantly reduce the dimension of the 
action space. This will enhance the computational efficiency, especially 
for the ANN search process.

Moreover, as shown in (4), the battery cell current distribution is 
also dependent on the battery state vector 𝑥 and the system input. 
However, it is too computationally expensive to rebuild the embedded 
set ̂ and to update the ANN search index for all possible battery 
state vectors and system inputs. Alternatively, a fixed battery state 
vector and a constant system input are deployed during the training 
period so that the ANN search index only needs to be constructed and 
precomputed once. Two options for the fixed battery state vector are 
considered. One is a vector composed of all cells’ initial SoCs, and the 
other is a vector of the same size with each entry equal to the mean of 
all cells’ SoCs. These two embedded methods, referred to as CCV1 and 
CCV2, respectively, will be evaluated and compared in Section 3.4.

2.3.3. Neighboring connection vector method
The SSV of an RBS determines the connection patterns between 

neighboring battery cells, described by a vector consisting of each cell’s 
neighboring connection pattern (NCV). Specifically, as shown in Fig.  2, 
each cell can get connected with its next neighboring cell in series (SR) 
or parallel (PL). The last non-bypassed (LN) cell is directly connected 
with the system’s negative terminal. Moreover, a bypassed (BP) cell 
has no connection with others. Taking the RBS design in Fig.  2 with 
three switches per cell as an example, these four types of neighboring 
connection patterns between battery cells are indexed from 0 to 3 in 
Table  1, where their corresponding states of switches around the cell 
(referred to as the cell SSV) are also specified. Thus, as defined below, 
the original SSV space  can be mapped to a NCV space, denoted 
by ̂𝑁𝐶𝑉 , and ̂𝑁𝐶𝑉  is further expanded to a continuous-value space 
𝑁𝐶𝑉  to facilitate the training of DDPG-based agent.
̂ = 𝑁𝐶𝑉 ∣ 𝑁𝐶𝑉 = map(𝑆𝑆𝑉 ), 𝑆𝑆𝑉 ∈  , (5)
𝑁𝐶𝑉 { }
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Table 1
Cell neighboring connection patterns and the corresponding cell SSVs for the 
RBS design in Fig.  2.
 Index Cell neighboring connection pattern Cell SSV 
 0 BP: The cell is bypassed. [1, 0, 0] 
 1 SR: The cell is series-connected with the next one. [0, 1, 0] 
 2 PL: The cell is parallel-connected with the next one. [1, 0, 1] 
 3 LN: The cell is the last non-bypassed one. [0, 0, 1] 

𝑁𝐶𝑉 =[0, 3]𝑁𝐵 . (6)

Since the neighboring connection pattern is defined for each battery 
cell, ̂𝑁𝐶𝑉  has a dimension of 𝑁𝐵 , which is the same as that of 
̂𝐶𝐶𝑉  and about one third of the original SSV space’s dimension. This 
dimension reduction can enhance the search efficiency of ANN.

The performance of these three embedding methods will be assessed 
and compared in Section 3.7. When the critic scores the embedded 
actions in Fig.  3, the embedded action closest to the proto-action may 
not yield the highest Q-value. To address this, the K nearest neighbors 
in the embedded action space are first identified as candidates, and 
the one with the highest Q-value is selected as the optimal action. In 
theory, increasing K can improve the Q-value of the selected action. 
However, this also increases the search time for ANN and the critic’s 
evaluation time. Therefore, in the experimental setup, K will be treated 
as a variable when evaluating the three proposed embedding methods, 
and its impact on training speed and performance will be analyzed in 
Section 3.5.

2.4. Modifications to WA

After developing the essential simulation environment and embed-
ding methods for WA, the DRL agent and ANN algorithm in the original 
WA are further improved to pursue enhanced training performance and 
computational efficiency.

To enhance the training robustness and performance, the DDPG-
based agent in the original WA is replaced with one based on the 
Twin Delayed Deep Deterministic Policy Gradient (TD3). TD3 is an 
improved version of DDPG, designed to mitigate overestimation bias 
and enhance learning efficiency [26]. TD3 significantly outperforms 
DDPG in continuous control tasks, e.g., within OpenAI Gym, due to 
introducing three key innovations: clipped double Q-learning to reduce 
Q-value overestimation, delayed target network updates to improve 
policy stability, and policy smoothing regularization to prevent over-
fitting to Q-function noise. Since TD3 still follows the Deterministic 
Policy Gradient framework, just like DDPG, it is fully compatible with 
WA. The network update strategy of the enhanced WA is introduced 
in Appendix. Details on the TD3 implementation and hyperparameter 
settings are provided in Section 3.2.4, and its performance in WA is 
compared with that of the DDPG in Section 3.4.

Moreover, when searching for the nearest discrete actions of the 
continuous proto-action in the WA illustrated in Fig.  1, the original 
ANN search method is updated to enhance the search efficiency. Since 
exact k-nearest neighbors search is highly time-consuming for large-
scale and high-dimensional data, ANN algorithms [37] have become a 
common approach in both industry and academia, offering a substantial 
improvement in retrieval speed at the cost of a slight loss in accuracy. 
The original WA utilizes the Fast Library for Approximate Nearest 
Neighbors (FLANN) [38], which employs a so-called ‘‘auto-tuned’’ al-
gorithm to automatically select the appropriate ANN algorithms, such 
as K-means and K-d tree, along with the optimal parameters based 
on the target recall accuracy. However, FLANN’s slow search speed 
may impact the training efficiency, particularly when handling large 
values of K. To enhance the computational efficiency without compro-
mising accuracy, the original FLANN is replaced with the Hierarchical 
Navigable Small World (HNSW) algorithm. HNSW is an advanced 
5 
ANN search method that uses a hierarchical multilayer graph structure 
to allow efficient traversal across different distance scales, heuristic 
neighbor selection to minimize unnecessary distance computations, 
and an optimized search process to significantly accelerate nearest 
neighbor retrieval, particularly in high-dimensional large-scale datasets 
[39]. Compared to the K-d tree in FLANN, HNSW demonstrates su-
perior efficiency and accuracy, as confirmed by benchmarking studies 
[27]. Detailed performance comparison of FLANN and HNSW will be 
presented in Section 3.3.

3. Case studies for performance evaluation

3.1. General settings for case studies

To evaluate the performance of using the proposed enhanced WA for 
solving RBS optimal control problems, a series of case studies aimed at 
maximizing the discharge energy are investigated in this section. For 
the RBS design illustrated in Fig.  2, both 10-cell and 15-cell systems 
are tested using the high-fidelity simulation environment introduced in 
Section 2.2 on a desktop computer with an Intel Xeon W-2245 CPU.

In each case study, each lithium-ion battery cell has a nominal 
charge capacity of 2 Ah. Battery cells with inconsistent SoCs and model 
parameter values are discharged with a constant power of 70 W until 
any cell’s SoC falls below 5%. During this process, i.e., the duration 
of each decision step, denoted by 𝑇𝑑𝑠, is set to 20 s, the system is 
reconfigured every 20 s according to the obtained optimization result. 
The total number of decision steps involved in the discharge process 
is denoted by 𝑁𝑑𝑠. Then, the total discharge time is 𝑁𝑑𝑠𝑇𝑑𝑠. Since 
the discharge power is constant, maximizing the discharge energy is 
equivalent to maximizing the total discharge time. Because the initial 
total available energy of the battery pack is fixed, maximizing the 
total discharge time mathematically guarantees maximizing the total 
delivered energy, which directly translates to maximizing the system’s 
overall capacity utilization rate (i.e., energy efficiency). Furthermore, 
the discharge process of a battery system is constrained by the ‘‘bucket 
effect’’—the entire system must terminate discharge the moment the 
weakest cell hits the predefined lower SoC boundary. Therefore, an 
extended total discharge time inherently drives the agent to actively 
balance the cells, ensuring that the SoC levels of all cells approach 
the depletion limit as uniformly as possible before termination. Thus, 
maximizing 𝑁𝑑𝑠𝑇𝑑𝑠 serves as an effective macroscopic reflection of both 
energy efficiency and balancing performance. Thus, the optimization 
problem is formulated as follows.

max
𝑆𝑆𝑉1 ,…,𝑆𝑆𝑉𝑁𝑑𝑠

𝐽 = 𝑁𝑑𝑠𝑇𝑑𝑠 (7)

𝑥𝑘 = 𝛷𝑥
(

𝑥𝑘−1, 𝑆𝑆𝑉𝑘, 𝑃𝑘
)

, (8)

𝑆𝑆𝑉𝑘 ∈ {0, 1}𝑁𝐵 , (9)

𝑣lb𝑡 ≤ 𝑣𝑡,𝑘 ≤ 𝑣ub𝑡 , (10)

𝐼 lb𝐵 ≤ 𝐼𝑛,𝑘 ≤ 𝐼ub𝐵 , (11)

𝑆𝑜𝐶 lb ≤ 𝑆𝑜𝐶𝑛,𝑘 ≤ 𝑆𝑜𝐶ub, (12)

𝑘 = 1, 2,… , 𝑁𝑑𝑠, 𝑛 = 1, 2,… , 𝑁𝐵 . (13)

In this formulation, the decision steps are indexed by 𝑘, 1 ≤ 𝑘 ≤
𝑁𝑑𝑠. At the 𝑘th decision step, 𝑥𝑘, 𝑆𝑆𝑉𝑘, and 𝑃𝑘 denote the switch 
state vector, system state vector, and system load power, respectively. 
𝛷𝑥(𝑥𝑘−1, 𝑆𝑆𝑉𝑘, 𝑃𝑘) denotes the system’s state transition function. More-
over, at the 𝑘th decision step, the system’s terminal voltage, the 𝑛th 
cell’s current, and the 𝑛th cell’s SoC are denoted by 𝑣𝑡,𝑘, 𝐼𝑛,𝑘, and 𝑆𝑜𝐶𝑛,𝑘, 
respectively. They must fall within their own lower and upper bounds, 
indicated by lb and ub in the superscripts, respectively. These specific 
bounds are strictly determined by the physical hardware specifications. 
For instance, the upper bound of the cell current (𝐼ub𝐵 = 9 A) is 
explicitly selected based on the maximum continuous discharge current 
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rating provided in commercial lithium-ion cell datasheets to prevent 
accelerated battery degradation and safety issues. The upper bound of 
the cell SoC (𝑆𝑜𝐶ub = 1) corresponds to the absolute maximum cell 
voltage limit (e.g., 4.2 V) to prevent overcharging. The system voltage 
is rigidly bounded on both ends: the lower bound 𝑣lb𝑡  is dictated by 
the minimum input voltage requirement of the downstream DC load 
or inverter, while the upper bound 𝑣ub𝑡  is specified by the maximum 
design voltage of the battery system and the maximum allowable load 
voltage.

To clarify the control logic during the discharge process, it is crucial 
to distinguish between safety constraint violations and the normal 
termination signal. Constraints on system voltage (10) and cell current 
(11) are strict safety constraints. If a poor topological decision causes 
a violation of these limits, the system fails to safely support the load, 
triggering an early termination with a severe penalty to the DRL agent. 
Conversely, reaching the lower SoC limit serves as the normal End-of-
Discharge (EoD) signal. If the episode ends simply due to reaching the 
cell SoC limit without violating other voltage and current constraints, 
it is considered a normal termination of the discharge episode, and no 
penalty is needed.

3.2. Specific settings for the enhanced WA

To solve the formulated RBS optimal control problem using DRL, 
the enhanced WA is adopted as the learning framework. The specific 
settings of WA are detailed in this subsection, including the state 
space, action space, reward function, embedded constraint-handling 
mechanism, and DRL agents.

It is important to note that in the proposed enhanced WA, the net-
work is trained on specified ranges of cell SoCs and load power values. 
When deploying the trained network for optimization, it can generate 
results for any SoC and load power within those trained ranges. In this 
study, since the primary objective of the case studies is to validate the 
effectiveness of the enhanced WA, the power profile is kept constant 
during both training and deployment for simplification. Additionally, 
operational constraints, such as voltage and current limits, are enforced 
by incorporating penalty terms in the reward design, as detailed in 
Section 3.2.3.

3.2.1. State space
The state 𝑠 is defined as the SoCs of all battery cells. Cell SoCs can 

be estimated using commonly used methods, such as Coulomb counting 
or Kalman Filter-based methods. Thus, the estimation of cell SoCs is 
detailed here.

3.2.2. Action space
The system configuration of an RBS is determined by the switch 

state vector (SSV). As aforementioned in Section 2.2, among all possible 
actions, many SSVs correspond to infeasible system configurations 
incurring local battery faults or failing to meet the requirement of 
system voltage. Moreover, different SSVs might lead to the same system 
configuration for certain RBSs. Therefore, the complete action space is 
narrowed down to the feasible action space  corresponding to only 
feasible configurations through the automatic algorithm proposed in 
our recent work [29]. The feasible action space  is defined as the set of 
𝑆𝑆𝑉 ∈ {0, 1}𝑛 that ensures the 𝑆𝑆𝑉  prevents cell short circuits, system 
open circuits, and undesired terminal voltages. The action space  is 
now a discrete space composed of these feasible SSVs from  , defined 
as follows 
 = {𝑎 ∣ 𝑎 ∈ } (14)

The action space size can be reduced from 228 to 2116 for the 10-
cell RBS, and from 243 to 147,594 for the 15-cell RBS. Despite this 
substantial reduction, the discrete action space remains large enough 
to pose significant challenges for standard DRL methods.
6 
3.2.3. Reward function
As shown in the objective function in (7), the RBS optimal control is 

aimed at extending the total discharge time. Thus, the reward function 
of each decision step is defined by the discharge time during this step, 
i.e., 𝑟𝑘 = 𝑇𝑑𝑠. Then, during the training process, the rewards of all steps 
involved in the episode add up to the episode reward, i.e., the total 
discharge time.

In addition to excluding any actions leading to cell short circuits, 
system open circuits, or undesired system terminal voltage levels by 
constructing the feasible action space, the safety constraints in (10), 
(11), and (12) must also be rigorously monitored. As established in 
Section 3.1, although the lower SoC limit in (12) is fundamentally a 
safety boundary to prevent over-discharge, it also serves as the stan-
dard End-of-Discharge (EoD) indicator. Thus, the SoC limit in (12) is 
enforced during the operation simulation in the environment. Once any 
cell SoC reaching the lower limit, the discharge episode is terminated, 
and the ‘‘done’’ flag is activated. Conversely, the voltage and current 
limits in (10) and (11) are action-dependent safety constraints. To 
ensure the learned policy strictly penalizes unsafe topological decisions 
that violate these physical boundaries, a constraint-aware modification 
to the original reward function at each decision step is proposed as 
follows. 

𝑟𝑘 =

⎧

⎪

⎨

⎪

⎩

𝑇𝑑𝑠 − 𝜆, if any action-dependent safety constraint
 in (10) or (11) is violated,

𝑇𝑑𝑠, otherwise,
(15)

where 𝜆 is a positive constant much larger than 𝑇𝑑𝑠.
As seen from this reward function design, a normal reward of 𝑇𝑑𝑠

is assigned when the system operates safely. When a cell eventually 
depletes (i.e., reaches the normal EoD threshold 𝑆𝑜𝐶 lb = 0.05), the 
episode concludes naturally, and no penalty is assigned since the dis-
charge goal has been successfully achieved. In contrast, if the DRL agent 
makes a poor topological decision that causes a system voltage falling 
below the required load level (10) or causes a cell current exceeding 
its upper limit (11), the battery system fails to safely support the load 
and an abnormal halt is triggered. Consequently, a severe penalty (−𝜆) 
is actively imposed in such cases to strongly discourage such unsafe 
actions.

Since the agent tries to maximize the following discounted return 
for each decision step, 

𝐺𝑘 =
𝑁𝑑𝑠
∑

𝑗=𝑘
𝛾 𝑗−𝑘𝑟𝑗 , (16)

any state–action trajectory including such a negatively rewarded action 
yields a low return. Therefore, through this constraint-aware reward 
function design, the learning process can be effectively steered toward 
policies that satisfy all operational constraints and extend the total 
energy delivery.

3.2.4. Agent implementation and hyperparameters
To compare the performance of the TD3 agent deployed in the 

enhanced WA with other DRL agents, several agents are tested and 
compared in the case studies. TD3 and DDPG are implemented in strict 
accordance with the original TD3 proposed in [26], while PPO follows 
OpenAI’s open-source implementation [40]. Given the wide range of 
DQN variants, the Rainbow DQN [41] is selected to ensure a robust 
and credible comparison. Due to integrating multiple enhancements, 
the Rainbow DQN has demonstrated the capability of achieving state-
of-the-art performance in terms of data efficiency and final results on 
the Atari 2600 benchmark.

The default training hyperparameters for each agent are provided 
in Table  2, while any unspecified hyperparameters remain consistent 
with their original implementations. To mitigate dependence on initial 
policy parameters, all agents follow a purely exploratory policy for the 
first 2000 training steps, as outlined in [26].
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Table 2
Main hyperparameters.
 Hidden layer learning rate Batch size Discount factor Total steps Reference 
 TD3, DDPG, PPO 256 × 256 for Actor and Critic 3 × 10−4 256 0.99 106 [26,40]  
 DQN 256 × 256 3 × 10−4 256 0.99 – [41]  
Table 3
HNSW parameters and test performance.
 M efConstruction Number of threads Batch size efSearch K Total query time (ms) Recall accuracy 
 
20 600 8 256

5 5 2.99 0.934  
 50 50 6.98 0.979  
 100 100 9.97 0.988  
 1000 1000 79.79 0.998  
Table 4
Performance comparison of HNSW and K-means.
 Total query time (ms) Recall accuracy
 K 5 50 100 1000 5 50 100 1000  
 HNSW 4 12 20 151 0.995 0.999 0.999 0.999 
 K-means 146 196 204 472 0.991 0.991 0.991 0.992 

3.3. Computational efficiency comparison between HNSW and FLANN

HNSW, implemented using the Non-Metric Space Library (NM-
SLIB) [39], is introduced into the enhanced WA to improve the ANN 
search performance. Table  3 presents the HNSW index construction 
and search parameters along with the query time and recall accuracy 
for retrieving 𝐾 nearest neighbors within the embedded action space 
̂𝐶𝐶𝑉  of a 15-cell RBS. HNSW supports multi-threaded search to boost 
computational efficiency, and, hence, the number of threads is set to 8 
in the case studies. Parameters ‘‘M’’ and ‘‘efConstruction’’ are essential 
for building the HNSW index, while parameters ‘‘Batch size’’ and ‘‘ef-
Search’’ primarily influence the search phase. Specifically, M specifies 
the maximum number of neighbors in the base and higher layers of 
the hierarchical graph. A higher value of efConstruction can enhance 
the graph quality during index construction, resulting in improved 
search accuracy while increasing the indexing time. Likewise, a higher 
efSearch value leads to longer query time but enhanced accuracy, as 
demonstrated in Table  3, and efSearch needs to reach or exceed 𝐾 due 
to HNSW’s constraints. Therefore, in HNSW case studies, efSearch is set 
equal to 𝐾, and the batch size is set to 256, corresponding to the batch 
size for training the agent.

To quantitatively evaluate the advantages of HNSW over FLANN, 
their query time and recall accuracy under different K values are com-
pared in Table  4. In FLANN, K-means is selected by the ‘‘auto-tuned’’ 
algorithm. To ensure a fair comparison, HNSW uses a single-thread 
execution to match FLANN’s limitation, while other parameters are set 
to the same values presented in Table  3. As compared with K-means, 
HNSW can achieve higher recall accuracy while using much shorter 
query time, especially for small K values such as 5. Thus, substituting 
the FLANN in the original WA with HNSW can boost the computational 
efficiency of both the ANN process and the overall training pipeline. 
Moreover, as shown in Tables  3 and 4, when increasing the number 
of threads from 1 to 8 in HNSW, the query time can be significantly 
reduced while the recall accuracy is only slightly compromised. Then, 
multiple threads are preferred in the setting of HNSW.

3.4. Optimality comparison between original and enhanced WAs

After introducing the above settings of the agent and ANN search 
method, the total discharge times obtained by the enhanced and orig-
inal WAs over up to 1 million training steps are compared in Fig.  3 
based on a virtual environment for a 10-cell RBS. In all the tests, the 
episode reward characterized by the total discharge time is evaluated 
7 
Fig. 3. Training performance comparison between original and enhanced WAs 
with different embedding methods. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this 
article.)

every 5000 training steps. For the comparative evaluation, the initial 
SoC values are fixed to a specific deterministic array generated from 
 (0.94, 1.0) to ensure a fair and reproducible baseline. In both WAs, K 
is set to 5, and the four embedding methods proposed in Section 2.3, 
referred to as SSV, CCV1, CCV2, and NCV methods, respectively, are all 
examined. To focus on comparing the optimality of DDPG and TD3, the 
accuracy of FLANN in the original WA is set to the same as the HNSW 
in the enhanced WA.

As shown in Fig.  3, for all embedding methods (indicated by differ-
ent curve colors) except CCV1, the enhanced WA (described by the solid 
curve) generally outperforms the original WA (described by the dashed 
curve) in terms of the resulting total discharge time. Since the ANN 
search accuracy is set to the same in both WAs, the higher optimality 
of the enhanced WA can be primarily attributed to replacing the DDPG 
agent with a TD3 agent, as discussed in Section 2.4. Furthermore, as 
compared with the CCV1 embedding method based on the initial cell 
SoCs, the CCV2 method based on the mean of initial cell SoCs yields 
longer discharge times in both WAs and demonstrates better stability in 
the enhanced WA. The major reason is that battery cell SoCs gradually 
get more balanced during the optimal operation, which is closer to the 
identical cell SoCs assumed in CCV2. Thus, CCV2 is selected in all the 
remaining analyses of the enhanced WA.

As demonstrated in Table  4 and Fig.  3, the WA enhanced by TD3 and 
HNSW offers superior agent performance and ANN search efficiency 
than the original WA. Therefore, the following case studies will be 
focused on the enhanced WA.
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Fig. 4. Comparison of the training performance over training steps and training time for the 10-cell case studies with different embedding methods and various 
𝐾 values.
3.5. Influence of the number of nearest neighbors in HNSW

In the WA shown in Fig.  1, increasing the number of nearest neigh-
bors in HNSW, i.e., the value of 𝐾, leads to improved recall accuracy 
but longer query time, as shown in Tables  3. Moreover, a larger 𝐾 value 
expands the action search range for the critic, potentially improving 
the convergence performance but requiring more computational time 
for action evaluation. Therefore, the 𝐾 value needs to be appropriately 
selected to make a trade-off between the training performance and 
computational cost. To quantitatively analyze the influence of the 
number of nearest neighbors in HNSW, different 𝐾 values are tested 
across multiple RBS scales. For instance, the test results for the 10-cell 
RBS using three different embedding methods are presented in Fig.  4.

To facilitate the comparison of convergence performance, several 
metrics are defined as follows. For each evolution curve of the episode 
reward (i.e., the total discharge time) over training steps, as illustrated 
in Fig.  4, the convergence is achieved if the moving average episode 
reward successfully stabilizes. The moving average over a window of 
𝑊  evaluations, alongside the specific convergence condition (where the 
absolute differences between consecutive moving averages and their 
previous 𝑊 -point windows strictly fall below a tolerance threshold 𝜖
for 𝑁 consecutive steps), are mathematically defined as follows.

𝑟̄𝑡(𝑊 ) = 1
𝑊

𝑡
∑

𝜏=𝑡−𝑊 +1
𝑟𝜏 , (17)

|

|

|

𝑟̄𝑡+𝑛(𝑊 ) − 𝑟̄𝑡+𝑛−𝑊 (𝑊 )||
|

≤ 𝜖, ∀ 𝑛 = 0, 1,… , 𝑁 − 1, (18)

where 𝑟𝜏 denotes the episode reward at the evaluation point 𝜏 (eval-
uated every 5000 training steps, as introduced in Section 3.1), and 
𝑟̄𝑡(𝑊 ) denotes the average of the most recent 𝑊  episode rewards 
up to evaluation point 𝑡. When the average episode reward meets 
this stabilization condition, the training step corresponding to the last 
evaluation point is regarded as the convergence step, the training time 
taken to reach the convergence step as the convergence time, and 
the average episode reward at the convergence step as the converged 
reward.

In these tests, the quantitative convergence parameters are set to 
𝑊 = 10, 𝑁 = 10, and 𝜖 = 30 s. Given that the optimal total 
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discharge time typically spans thousands of seconds, a tolerance of 
𝜖 = 30 s represents a stringent relative error margin of less than 1%. 
This tight margin ensures that the policy has reached a high-quality 
optimum rather than experiencing stochastic oscillations. Meanwhile, 
requiring the variation to remain within this margin for 𝑁 = 10 consec-
utive evaluations provides high statistical confidence, mathematically 
confirming that the optimization has settled into a stable state and 
effectively preventing premature termination. The convergence time 
and reward for various system sizes, embedding methods, and 𝐾 values, 
are compared in Table  5.

The selection of the optimal number of nearest neighbors, 𝐾, is 
examined for increasing RBS sizes, as detailed in Table  5. A larger 
𝐾 expands the exploration boundary for seeking higher rewards but 
significantly increases the ANN search overhead. To establish a quan-
titative parameter-selection guideline for various system sizes, a com-
prehensive evaluation score, denoted by 𝐽𝐾 , is introduced as follows, 
in which the max–min normalization is used to ensure that the metric 
is strictly bounded within (0, 1]. 

𝐽𝐾 = 𝜔𝑅 ⋅
(

𝑅𝐾
𝑅max

)

+ 𝜔𝑇 ⋅
(

𝑇min
𝑇𝐾

)

, (19)

where 𝑅𝐾 and 𝑇𝐾 represent the final reward and convergence time 
for a given 𝐾, respectively. 𝑅max and 𝑇min are the highest reward 
and the shortest convergence time observed for the same system size, 
e.g., 𝑅max = 2202.1 s and 𝑇min = 3.14 h for the 7-cell system tests. 
The weight coefficients are set to 𝜔𝑅 = 0.7 and 𝜔𝑇 = 0.3, prioritizing 
extending discharge time over saving computational time. Based on this 
quantitative metric, the preferred 𝐾 value along with the corresponding 
embedding method can be suggested for various system scales. By 
comprehensively considering both the evaluation score 𝐽𝐾 and its 
stability over 𝐾, 𝐾 ∈ [50, 100] paired with the NCV method is suggested 
for the 7-cell and 15-cell systems. For the 10-cell system, 𝐾 ∈ [50, 100]
utilizing SSV provides the best performance, whereas the 12-cell system 
benefits from a broader search radius with 𝐾 ∈ [100, 1000] under the 
CCV method.

These results indicate that under the action space complexities ex-
plored in this study, anchoring 𝐾 at these suggested values universally 
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Table 5
Quantitative convergence metrics and comprehensive evaluation scores across various RBS sizes.
 Cell (𝑁𝐵)Action space 

size
Embedding 
method

𝐾 Convergence time 𝑇𝐾
(h)

Reward 𝑅𝐾
(s)

Score 𝐽𝐾  

 
7 102

NCV 5/50/100 4.00/3.53/3.14 2190.0/2193.5/2185.8 0.93/0.96/0.99  
 SSV 5/50/100 8.48/8.26/8.18 2144.6/2197.8/2190.3 0.79/0.81/0.81  
 CCV 5/50/100 8.57/8.43/8.15 2170.9/2190.1/2202.1 0.80/0.81/0.82  
 
10 2,116

NCV 5/50/100/1k 6.10/6.00/5.80/19.80 3093/3111/3122/3073 0.94/0.95/0.96/0.76  
 SSV 5/50/100/1k 6.80/5.50/5.80/23.50 3074/3103/3096/3147 0.91/0.97/0.96/0.77  
 CCV 5/50/100/1k 5.70/8.30/5.20/19.80 3023/3082/3106/3111 0.95/0.87/0.99/0.77  
 
12 12,381

NCV 5/50/100/1k 18.31/22.96/10.30/16.41 3735/3685/3690/3766 0.84/0.80/0.95/0.87  
 SSV 5/50/100/1k 21.84/13.64/13.16/13.66 3352/3633/3708/3741 0.75/0.87/0.90/0.89  
 CCV 5/50/100/1k 19.04/13.72/10.33/9.07 3596/3613/3649/3655 0.81/0.87/0.94/0.98  
 
15 147,594

NCV 5/50/100/1k 18.10/20.90/23.00/53.20 4512/4515/4566/4622 0.98/0.94/0.93/0.80  
 SSV 5/50/100/1k -/26.20/35.10/63.10 -/4490/4522/4568 -/0.89/0.84/0.78  
 CCV 5/50/100/1k 22.70/23.90/30.10/52.90 4532/4610/4601/4618 0.93/0.93/0.88/0.80  
Table 6
Quantitative sensitivity analysis of hyperparameters (𝑁𝐵 = 10).
 Evaluated parameter Setting Average reward (s) Stability (SD) (s) Peak reward (s) 
 Adopted baseline 𝜏 = 0.005, 𝜎 = 0.2, 𝑙𝑟 = 3 × 10−4 3125.4 14.0 3158.0  
 Soft update rate (𝜏) 0.0005 2015.2 62.4 2696.4  
 0.0500 2513.4 6.0 2696.4  
 Target policy noise (𝜎) 0.10 3097.4 24.2 3162.4  
 0.40 3101.0 20.4 3156.0  
 Learning rate (𝑙𝑟) 3 × 10−5 2917.4 84.2 3108.6  
 3 × 10−3 2990.0 72.8 3114.4  
provides a sufficient local search radius to achieve high-quality con-
trol policies. This effectively decouples the computational search bur-
den from the rapidly expanding action space, indicating the practical 
feasibility for large-scale RBS deployments.

3.6. Hyperparameter selection

Following the analysis of the nearest neighbor parameter 𝐾, a quan-
titative hyperparameter tuning process is conducted to further optimize 
the learning performance and ensure the robustness of the proposed 
DRL-based RBS control framework. Initially, the core hyperparameters 
are set based on standard empirical values widely recommended in 
the DRL literature. Subsequently, a localized neighborhood search is 
performed on the 10-cell RBS to meticulously fine-tune three critical 
parameters: the soft update rate (𝜏), the target policy noise (𝜎), and 
the learning rate (𝑙𝑟). During these tests, the embedding method and 
the number of nearest neighbors are fixed to NCV and 𝐾 = 100, 
respectively.

Table  6 illustrates the localized sensitivity analysis around the 
finally adopted optimal baseline configuration. To provide a rigorous 
statistical evaluation, the performance of each deviated configuration 
is assessed based on the averaged total discharge time and its stan-
dard deviation (SD) (representing training stability) over the final 50 
training.

As demonstrated in Table  6, the selected baseline configuration 
(𝜏 = 0.005, 𝜎 = 0.2, and 𝑙𝑟 = 3×10−4) unequivocally achieves the highest 
steady-state average discharge time (3125.4 s) while maintaining an 
exceptionally low SD (14.0 s). The results clearly indicate that deviating 
from this optimal neighborhood inevitably compromises either learning 
efficiency or training stability. For instance, varying the soft update 
rate (𝜏) or learning rate (𝑙𝑟) leads to substantial policy oscillations 
or severely decelerated convergence. Furthermore, although a lower 
target policy noise (𝜎 = 0.10) occasionally yields a marginally higher 
singular peak reward (3162.4 s), it noticeably deteriorates the over-
all mean performance and stability. Therefore, this quantitative local 
sensitivity analysis rigorously justifies the adopted parameter selection, 
ensuring a robust and well-balanced control policy for the proposed 
framework.
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Furthermore, to ensure a fair and rigorous comparison in the sub-
sequent benchmark analysis, the hyperparameters for the baseline al-
gorithms, i.e., DQN and PPO, are also meticulously tuned to match the 
RBS control task. For the DQN baseline, the experience replay buffer 
size and target network update frequency are optimized to 105 and 10, 
respectively, to ensure stable Q-value estimation. For PPO, the clip ratio 
and target KL divergence are optimized to 0.2 and 0.01 to maintain 
stable policy updates and prevent catastrophic forgetting. The learning 
rates for both baselines are optimized at 3 × 10−4. This consistent 
optimization ensures that all compared algorithms are evaluated under 
their respective optimal configurations, providing a solid foundation for 
the performance benchmark.

3.7. Comparison of the enhanced WA with other DRL methods

To demonstrate the advantage of the proposed enhanced WA over 
commonly used DRL methods, such as DQN and PPO, the evolution 
curves of the total discharge time over training time for 7-, 10-, 12-
, and 15-cell systems are compared in Fig.  5. The implementation 
details and hyperparameter values for all methods are provided in 
Sections 3.6 and 3.2.4. The 𝐾 values for different embedding methods 
are selected according to the recommended optimal range established 
in Section 3.5. Specifically, the 𝐾 values for the CCV, NCV, and SSV 
methods are set to 100, 50, and 50 for the 7-cell system; 100, 100, and 
50 for the 10-cell system; 100, 100, and 100 for the 12-cell system; and 
50, 100, and 50 for the 15-cell system, respectively.

As shown in Fig.  5, the multi-scale evaluation establishes a con-
tinuous, four-stage complexity gradient. As the system scales from 7, 
10, 12, to 15 cells, the corresponding action space sizes grow expo-
nentially by orders of magnitude, specifically containing 102; 2116; 
12,381; and 147,594 discrete actions, respectively. In the small-scale 
7-cell scenario with a limited action space, both conventional baselines 
manage to converge. Specifically, DQN reaches a final reward of 2101 s, 
while PPO exhibits more acceptable exploration capability (reaching 
2181 s), which is only marginally inferior to the proposed enhanced 
WAs (e.g., 2202 s for CCV). However, as the action space increases by 
orders of magnitude, the conventional DRL baselines begin to struggle 
with the increasing complexity, while the three enhanced WAs robustly 
converge to significantly higher final rewards.
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Fig. 5. Comparison of the enhanced WA with DQN and PPO under 7-, 10-, 12-, and 15-cell RBS test environments.
Crucially, such advantages become more pronounced with the sys-
tem scale. In the 10-cell scenario, PPO plateaus at 2768 s, while the 
proposed methods securely converge between 3103 s and 3122 s. Sim-
ilarly, in the 12-cell scenario, PPO struggles to surpass 3457 s, whereas 
the proposed methods robustly converge to higher values (ranging from 
3649 s to 3708 s). In the highly complex 15-cell environment with 
nearly 150,000 action combinations, PPO plateaus at roughly 3480 s, 
while the proposed framework securely navigates the high-dimensional 
space and efficiently isolates the optimal topology, converging to a 
significantly higher range (4490 s to 4610 s). Notably, although DQN 
achieves convergence in the initial 7-cell case, it performs significantly 
worse than other agents across all mid-to-large scale tests. The expo-
nentially growing action space leads to an excessively large output 
layer for DQN, which renders the network extremely slow and noto-
riously difficult to train. Ultimately, this results in DQN achieving the 
lowest final rewards or completely failing to converge according to 
the criterion specified in Section 3.5. Overall, these multi-scale results 
reveal a definitive trend: as the size of the action space increases, 
the performance gap between the proposed enhanced WAs and the 
conventional baselines widens progressively.

3.8. Algorithm implementation on an embedded RBS control platform

To assess the practical applicability of the proposed algorithm and 
demonstrate its effectiveness, an embedded RBS control platform was 
developed, as illustrated in Fig.  6. Specifically, drive circuits for the 
MOSFET switches were designed and integrated onto printed circuit 
boards (PCBs). A total of ten battery cells and ten PCBs were inter-
connected according to the RBS design illustrated in Fig.  2, forming a 
10 
complete 10-cell RBS system. A power supply provides operating power 
to the PCBs, while a programmable DC load discharges the battery 
system under either a constant power of 70 W or a highly fluctuat-
ing dynamic power profile. The voltage and current of each cell are 
acquired by a data acquisition board connected to a controller, which 
then transmits the measurements to the RK3588 via TCP protocol. The 
Rockchip RK3588, an industrial-grade embedded computer, runs the 
pre-trained enhanced WA model and determines the optimal switch 
states for the upcoming 20-second reconfiguration step based on real-
time battery conditions. These switching signals are then sent from the 
RK3588 to the PCBs, completing one reconfiguration step.

Using the above platform, both the enhanced WA algorithm (with 
NCV embedding, 𝐾 = 100) and the PPO algorithm are tested in 
discharge experiments of the RBS. The cutoff conditions, load power, 
and safety limits are kept consistent with those used during training. To 
ensure the algorithm does not overfit and to clarify the experimental 
settings for reproducibility, the initial SoC of the cells during the 
offline training phase is randomized at the beginning of every episode. 
However, for the comparative evaluation, the initial SoC values are 
fixed to a specific deterministic array generated from  (0.94, 1.0) (as 
detailed in the first column of Table  7) to ensure a fair and reproducible 
baseline. Using such initial SoCs, the cell SoC evolution trajectories 
during the constant power discharge process for the enhanced WA and 
the PPO algorithms are compared in Fig.  7.

When the enhanced WA algorithm is used to control RBS operation, 
the battery cell SoCs become balanced at around 200 s and remain 
generally balanced for the remainder of the test. By rapidly achiev-
ing SoC balance across all cells, the algorithm enables simultaneous 
full discharge of the entire battery system, thus maximizing the total 
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Fig. 6. Embedded control platform for a 10-cell RBS, consisting of 1⃝ con-
troller, 2⃝ DC load, 3⃝ DC power supply, 4⃝ Rockchip RK3588, and 5⃝ battery 
switching unit.

Fig. 7. Comparison of the cell SoC evolution trajectories under different RBS 
control algorithms during constant power discharge.

Table 7
Initial cell SoC sets and their distributions for embedded control tests.
 Cell index Constant power test Dynamic load test 1 Dynamic load test 2 
 ∼  (0.94, 1.00) ∼  (0.84, 0.95) ∼  (0.74, 0.90)  
 1 0.9988 0.8875 0.8868  
 2 0.9717 0.8961 0.8480  
 3 0.9645 0.8526 0.7474  
 4 0.9555 0.9493 0.8513  
 5 0.9743 0.8873 0.8623  
 6 0.9679 0.8409 0.8029  
 7 0.9851 0.9263 0.8686  
 8 0.9782 0.9144 0.7663  
 9 0.9681 0.8751 0.8756  
 10 0.9999 0.8899 0.8369  

discharge energy. In contrast, the PPO algorithm fails to promote SoC 
balance, resulting in a shorter discharge duration and reduced total 
energy output, since some cells reach their lower SoC limits earlier than 
11 
Fig. 8. Performance of the proposed enhanced WA framework under a highly 
fluctuating dynamic load profile with two distinct, imbalanced initial SoC 
configurations.

others. Specifically, the enhanced WA achieves approximately 3.2% 
higher energy delivery compared to PPO. These results demonstrate 
that the proposed enhanced WA can be embedded to control real 
battery systems, and it outperforms the traditional DRL method PPO 
under the same training conditions and duration.

To further evaluate the robustness of the proposed framework 
against realistic operational scenarios, additional experiments are con-
ducted utilizing a highly fluctuating dynamic load profile derived from 
Urban Dynamometer Driving Schedule (UDDS), as shown in the top 
subfigure of Fig.  8. To verify that a single pre-trained model can handle 
entirely different initial conditions without requiring retraining, two 
distinct, highly imbalanced initial SoC sets with SDs of 0.032 and 
0.047, are tested. For these two tests, the initial cell SoCs are detailed 
in the second and third columns of Table  7, and the testing results 
are presented in the middle and bottom subfigures in Fig.  8. Despite 
the intensely varying discharge currents and the random cell SoC 
imbalances, the proposed enhanced WA successfully balance the cell 
SoCs gradually in both test scenarios. The SDs of cell SoCs eventually 
drop to 0.0039 and 0.0042, respectively. These results conclusively 
prove that the proposed DRL method is highly robust to dynamic power 
fluctuations and maintains exceptional real-time control efficacy across 
various initial cell SoC conditions.

Having verified the closed-loop control performance of the proposed 
framework under dynamic operating conditions, we further evaluate 
whether its embedded implementation satisfies the real-time compu-
tational and resource requirements. First, 100 decisions are executed 
to ensure stable program operation, and these results are excluded 
from the statistics. The following 1000 decisions are then used to 
measure the decision time, CPU utilization, and memory usage. Each 
decision covers the computation from the cell SoCs to a feasible SSV 
output, excluding data acquisition, communication, and physical switch 
actuation. The measured results are summarized in Table  8.

The longest decision accounts for only 0.040% of the 20-second 
control interval. During continuous inference, the algorithm utilizes 
12.50% of the available eight-core CPU capacity, while its cycle-
averaged CPU utilization and peak memory consumption are only 
0.0043% and 14.26 MiB, respectively. These results demonstrate that 
the embedded implementation delivers low-latency performance while 
requiring only modest computational resources, confirming its suitabil-
ity for real-time control.



C. Geng et al. Journal of Energy Storage 179 (2026) 123881 
Table 8
Computational cost summary for the embedded implementation.
 Average time
± SD (ms)

P99 time
(ms)

Longest time
(ms)

Continuous algorithm
CPU utilization (%)

CPU per
control interval (%)

Algorithm peak
memory (MiB)

 

 6.96 ± 0.17 7.75 8.03 12.50 0.0043 14.26  
Notes: Average time denotes the mean time required for a single decision, where SD represents the standard deviation. P99 time 
denotes the time within which 99% of all decisions are completed, while the longest time corresponds to the slowest recorded decision. 
Continuous algorithm CPU utilization represents the percentage of the available eight-core CPU capacity used when decisions are executed 
continuously without interruption. CPU per 20-second control interval denotes the estimated average CPU utilization when one decision 
is executed every 20 s. Algorithm peak memory refers to the maximum additional process memory consumed by the algorithm after the 
required runtime libraries have been loaded, excluding memory used by the operating system and other processes.
3.9. Robustness of the frozen DRL controller under progressive battery aging

Battery aging changes the available capacity and internal resistance 
of each cell, while cell-to-cell differences may also increase because the 
cells do not necessarily age at the same rate [42–44]. Consequently, 
the electrical plant can gradually deviate from the environment used 
to train a DRL agent, and a policy that remains frozen over the entire 
battery lifetime may lose its original control and constraint-handling 
performance. This subsection therefore investigates how progressive 
parameter drift affects the optimization performance of the pretrained 
enhanced WA and whether the agent must be updated continuously or 
only after a finite change in SoH. The purpose of this simulation is to 
test the robustness of the controller at representative lifetime snapshots, 
rather than to reproduce the complete electrochemical aging process 
through physical cycle-aging tests.

The simulations use the experimentally calibrated 10-cell RBS
model. The actor and critic networks and the HNSW setting are the 
same as those used in the embedded-platform tests in Section 3.8. 
All network parameters are frozen, and neither retraining nor online 
adaptation is performed during the aging tests. Only the cell capacity 
𝑄𝑖 and ohmic resistance 𝑅0,𝑖 are varied with aging; the polarization 
parameters, the OCV–SoC relationship, and temperature are held con-
stant so that the influence of these two dominant parameter drifts can 
be isolated.

Sixteen population-mean SoH levels are evaluated, ranging from 
100% to 85% in increments of one percentage point. First, 20 vir-
tual 10-cell packs are generated. To represent cell-to-cell variation, 
the capacities of the Fresh cells follow a normal distribution with a 
coefficient of variation (CV, which quantifies the degree of cell-to-cell 
dispersion) of 0.8%, while their internal resistances follow a lognormal 
distribution with a CV of 1.94%. At 85% SoH, the capacities follow a 
Weibull distribution with a shape parameter of 51.68 and a population 
mean equal to 85% of the nominal Fresh-cell capacity. The internal 
resistances remain lognormally distributed, with their CV increasing to 
3.19%. These distribution types and CV values are based on the cell-
population measurements reported by Schuster et al. [42]. Regarding 
the population-mean internal resistance, the cycle-aging experiments 
conducted by Devie et al. showed that the internal resistance increased 
by approximately 70% when the capacity loss reached approximately 
25%–30% [43]. Under the linear approximation adopted over the SoH 
range examined in this study, a capacity loss of 15% corresponds to 
an estimated internal-resistance increase of approximately 35%–42%. 
Therefore, the population-mean internal resistance at 85% SoH is set to 
40% above its Fresh value. For an intermediate population-mean SoH 
of ℎ%, the normalized aging progress is defined as 𝜆 = (100−ℎ)∕15. The 
capacity and internal resistance of cell 𝑖 are then linearly interpolated 
as 𝑄𝑖(ℎ) = (1 − 𝜆)𝑄𝑖(100) + 𝜆𝑄𝑖(85) and 𝑅0,𝑖(ℎ) = (1 − 𝜆)𝑅0,𝑖(100) +
𝜆𝑅0,𝑖(85), respectively. Thus, 𝜆 = 0 at ℎ = 100 and 𝜆 = 1 at ℎ =
85. During sampling, each cell is further constrained to exhibit non-
increasing capacity and non-decreasing internal resistance with aging, 
ensuring that its parameters vary continuously between its own Fresh 
and 85%-SoH endpoints.

Each virtual pack is tested with ten initial-SoC arrangements. The 
first arrangement is Dynamic Load Test 1 in Table  7, with a mean 
SoC of 0.8919 and a standard deviation of 0.0324. The other nine 
12 
arrangements contain exactly the same ten SoC values but assign them 
to different cells. This changes which aged cell starts with a high or low 
SoC without changing the overall initial-SoC distribution. The same ten 
arrangements are used at every SoH level. Thus, each level contains 
20 × 10 = 200 discharge episodes, and the complete test contains 
3200 episodes. All episodes use the same UDDS-derived load profile, a 
20-second topology-reconfiguration interval, and the end-of-discharge 
condition SoCcut = 0.05.

The primary balancing metric is the residual SoC above the cutoff, 
averaged over the initial-SoC arrangements, 

𝑅̄SoC(ℎ) =
1

𝑁arr

𝑁arr
∑

𝑗=1

[𝑁B
∑

𝑖=1
SoCf inal

𝑖,𝑗 (ℎ) −𝑁BSoCcut

]

. (20)

Here, 𝑖 = 1,… , 𝑁B indexes the cells in a pack, and 𝑗 = 1,… , 𝑁arr
indexes the initial-SoC arrangements. SoCcut = 0.05 is the end-of-
discharge cutoff. In this section, 𝑁B = 10 and 𝑁arr = 10. Thus, 𝑅̄SoC(ℎ)
represents the average final residual SoC of a virtual pack at SoH ℎ
over its ten initial-SoC arrangements. A smaller value indicates less 
unused charge at the end of discharge. At each SoH level, the 20 pack-
level 𝑅̄SoC values are treated as the statistical units (𝑛 = 20), and 
their mean and two-sided 95% percentile bootstrap confidence interval 
are estimated using 10,000 resamples. In addition to 𝑅̄SoC, violations 
of the 9-A cell-current limit were observed during the simulations. 
Therefore, for every SoH level, the number of affected episodes, cu-
mulative current-violation time, and corrected maximum cell current 
are recorded directly from all 200 episodes; no bootstrap resampling is 
applied to these three safety diagnostics.

Fig.  9(a) shows no systematic deterioration in the SoC-balancing 
metric as SoH decreases. Across the complete 100%–85% SoH range, 
the mean 𝑅̄SoC remains between 0.03144 and 0.05179. Since 𝑅̄SoC is 
summed over ten cells, this range corresponds to an average residual 
of only 0.00314–0.00518 per cell, or approximately 0.314–0.518 SoC 
percentage points above the 5% cutoff. Moreover, the full minimum-to-
maximum variation is 0.02034 in the pack-level metric, equivalent to 
only 0.00203 per cell, or 0.203 SoC percentage points. The mean values 
in the Fresh and 85%-SoH conditions are 0.03927 (95% bootstrap con-
fidence interval: 0.03613–0.04308) and 0.03756 (0.03554–0.03979), 
respectively. Since a smaller residual SoC indicates less unused battery 
charge, these results confirm that the controller continues to achieve 
effective SoC balancing despite progressive battery aging.

The current-margin results reveal a different effect. No cell current 
limit violation occurs from zero to five percentage points of SoH loss. 
The first violation appears at a six-percentage-point loss, where 1 of 200 
episodes exceeds 9.0 A for a total of 3 s and reaches 9.030 A. As the 
plant drifts further, the number and cumulative duration of violations 
generally increase, although they are not strictly monotonic because the 
controller selects discrete switching topologies. For example, at a ten-
percentage-point loss, 9 of 200 episodes are affected for a cumulative 
92 s, while the largest cumulative duration is 124 s at a twelve-
percentage-point loss. More importantly, once violations emerge, the 
peak-current envelope increases continuously from 9.030 A at a six-
percentage-point loss to 9.619 A at a fifteen-percentage-point loss, as 
shown in Fig.  9(b)–(d).

Taken together, although battery aging has only a limited impact 
on SoC-balancing performance, the associated parameter variations can 
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Fig. 9. Performance and current-margin diagnostics of the frozen enhanced WA under progressive battery aging. (a) Average final residual SoC 𝑅̄SoC. Each thin 
gray line represents one of the 20 virtual packs after averaging its ten initial-SoC arrangements; the blue line and shaded band show the mean and 95% bootstrap 
confidence interval across the 20 packs. (b) Number of episodes with a cell current above 9.0 A. (c) Cumulative time above 9.0 A. (d) Peak cell current. Each 
mean-SoH level contains 200 episodes, and the dashed line in (d) denotes the adopted 9.0-A cell current threshold.
alter the current distribution corresponding to a given state–action pair. 
When the deviation from the parameters used in the training environ-
ment becomes sufficiently large, the pretrained agent may incorrectly 
determine whether a selected action satisfies the current constraint, 
thereby reducing the reliability and applicability of the original policy. 
Nevertheless, the results also show that, when the battery-parameter 
variations remain limited, the DRL agent can still accurately identify 
whether the selected actions violate the constraints. Therefore, to main-
tain the applicability of the policy, it is sufficient to update the virtual 
environment and retrain or fine-tune the agent before the SoH variation 
exceeds a predefined threshold.

Under the battery model, load profile, and aging distributions in-
vestigated in this study, a change of up to five SoH percentage points 
causes neither a systematic deterioration in SoC-balancing performance 
13 
nor a significant cell-current violation. Accordingly, five SoH percent-
age points can be adopted as a conservative model-review interval for 
the present controller. Once the cumulative SoH variation reaches this 
level, or earlier if the measured cell-current margin decreases, the cell 
parameters in the virtual environment should be re-identified, followed 
by retraining or fine-tuning of the agent. It should be emphasized 
that this five-percentage-point interval is an empirical result obtained 
for the present system and test conditions, rather than a universal 
battery-aging threshold. Alternatively, operational data collected from 
deployed systems could be used to continuously update the plant 
model and adapt the control policy online. However, such an adaptive 
framework would require explicit constraint handling, safe exploration, 
and stability guarantees during online updating, and is therefore left as 
an important direction for future research.
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Fig. 10. Genetic Algorithm optimization for the 10-cell RBS.

3.10. Comparison with traditional optimization methods

To comprehensively evaluate the performance of the proposed 
DRL framework, it is compared with traditional optimization methods. 
Then, Dynamic Programming (DP) and Genetic Algorithm (GA) are 
selected as representative baselines for evaluation tests on the 10-cell 
RBS.

3.10.1. Quantitative analysis of DP intractability
Theoretically, DP guarantees a globally optimal solution by evalu-

ating every possible future trajectory. However, its application to RBS 
control is fundamentally prohibited by the ‘‘curse of dimensionality’’. 
To demonstrate this computational bottleneck, consider a 10-cell RBS. 
If the cell SoC is coarsely discretized with a 5% resolution and the 
maximum cell SoC difference cannot exceed 20%, all cell SoCs are 
confined to a sliding window of just 5 contiguous levels. Then, the cell 
SoC grid consists of |𝑆pruned| = 15 × 510 ≈ 1.46 × 108 states, where 
15 is the total number of sliding windows from [5%, 25%] to [75%, 
95%]. At each decision step, the DP needs to evaluate |𝐴| = 2116 valid 
actions, as listed in Table  5. For a typical discharge horizon of 𝐻 = 100
steps, computing the DP value function across this pruned grid requires 
the following number of evaluations: 𝑁eval = 𝐻 × |𝑆pruned| × |𝐴| =
100×(1.46×108)×2116 ≈ 3.23×1013. Executing over 32 trillion complex 
state-transition evaluations and massive memory-indexing operations 
is prohibitively expensive. As the RBS scales towards industrial sizes, 
e.g., 50-cell systems, the state space explodes exponentially to astro-
nomical figures (e.g., 15 × 550 ≈ 1.3 × 1036). This renders DP intractable 
for large-scale applications.

3.10.2. Comparison with GA
Unlike DP, heuristic algorithms such as GA bypass strict state–

space traversal, making them computable for optimizing the discharge 
trajectory for the 10-cell RBS under the same initial cell SoCs set for 
DRL evaluation. As illustrated in Fig.  10, the GA converges at the 114th 
generation, consuming a massive computation time of 41.15 h. More 
importantly, the final converged total discharge time is only 2134.0 s, 
which is significantly inferior to the over 3000 s performance achieved 
by the proposed enhanced WA framework in Table  5.

Traditional heuristic algorithms like GA feature critical drawbacks 
such as lacking generalization and requiring long computational time. 
The 41.15 h GA computation yields a fixed action sequence strictly 
bound to one specific initial condition. Any change of initial conditions 
requires re-execution from scratch, making it too time-consuming for 
real-time control. In contrast, the offline-trained DRL agent functions as 
a generalized closed-loop policy, inferring optimal topological actions 
for arbitrary, unseen system states only in milliseconds with almost 
negligible computational cost. As rigorously verified in the previous 
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experiments in Section 3.8, the trained DRL agent exhibits robust adapt-
ability and consistent optimality under varying initial SoC distributions 
and dynamic load profiles, successfully addressing the issues of lacking 
generalization and long latency in traditional GA.

3.11. Scalable and safety-guaranteed MA+WA framework for large-scale 
RBSs

As the RBS scales up to industrial sizes, such as 50 cells, the central-
ized discrete action space explodes exponentially. This rapid expansion 
easily exceeds physical memory limits and renders the standard single-
agent WA framework computationally intractable. To enhance the scal-
ability, we propose a decentralized multi-agent (MA) WA framework 
combined with action embedding. By employing a divide-and-conquer 
strategy, the massive global action space is factorized into localized, 
computationally tractable sub-spaces, enabling scalable cooperative 
optimization for large-scale RBSs.

The proposed safety-guaranteed MA+WA framework, as illustrated 
in Fig.  11, is built upon the standard centralized-training, decentralized-
execution MA architecture [25]. While this baseline formulation effec-
tively resolves the dimensionality explosion by factorizing the 50-cell 
global observation into localized agent states, deploying it directly on 
an RBS is highly risky, as unconstrained exploratory actions easily trig-
ger short-circuit faults. To bridge this critical safety gap, our framework 
introduces a dual-layer protection mechanism. The first layer focuses on 
local feasible space allocation during the WA action embedding phase. 
Rather than allowing agents to explore the full combinatorial switch 
state space, the continuous proto-actions generated by the shared 
actors are directly mapped into an exclusive, pre-allocated feasible 
space dictionary (adapted for localized sub-modules from the global 
formulation established in our previous work [29]) via an ANN search. 
This fundamental constraint ensures that the discrete sub-actions are 
strictly physically safe within their assigned sub-modules. However, 
independently safe local sub-actions might still form dangerous global 
loops when stitched together. Therefore, a robust fail-safe mechanism 
is deployed as the second safety layer. After the localized candidates 
are assembled and the centralized Critic network identifies the optimal 
joint action, this combined topology is instantaneously evaluated by 
a high-speed topology solver. This solver is developed as a zero-
order derivation of the analytical model introduced in our other prior 
study [36]. If a fatal configuration is detected, the framework forcefully 
overrides it with the nearest safe default topology, guaranteeing abso-
lute physical safety before the global switch topology 𝑎𝑖 is executed. 
Finally, the safe transition data is stored in a prioritized replay buffer 
to drive the standard centralized training process, effectively guiding 
the decentralized actors towards global optimal SoC balancing without 
breaking physical safety boundaries.

To demonstrate the necessity and effectiveness of the proposed 
physical knowledge-injected architecture, comprehensive simulations 
are conducted on the 50-cell RBS environment utilizing the CCV em-
bedding method with 𝐾 = 50. The system operates under a power load 
of 210 W to accommodate the expanded module size. For a fair and con-
sistent evaluation, the initial SoCs for the evaluation episodes are fixed, 
generated from a uniform distribution between 0.74 and 1.0 across 
the 50 cells. Furthermore, to effectively drive the decentralized MA 
framework, the reward function is reformulated. Each agent receives 
an individualized reward comprising the original global system reward 
augmented by a localized penalty term. This local term calculates the 
change in the local SoC SD, multiplied by a scaling factor of 500, 
which explicitly encourages each agent to prioritize the balancing of 
its assigned sub-module.

The proposed safety-guaranteed framework is compared with a 
standard MA baseline, which utilizes identical MA structures but relies 
entirely on reward penalties to avoid dangerous actions, lacking both 
the local feasible space embedding and the global fail-safe mecha-
nism. The comparative results are illustrated in Fig.  12. As shown 
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Fig. 11. Structure of the proposed Safety-Guaranteed MA+WA framework.
in Fig.  12(a), the standard baseline exhibits an immediate and total 
failure, consistently yielding a total discharge time of 0 s throughout 
the training process. This catastrophic failure visually indicates that 
without the dual-layer safety mapping, the baseline generates massive 
short-circuit faults at the very first timestep, triggering an emergency 
system shutdown to prevent physical destruction. In contrast, the pro-
posed MA+WA method demonstrates highly stable learning capabili-
ties, progressively extending the operational duration and eventually 
converging to a maximum total discharge time of 4672 s.

Furthermore, Fig.  12(b) tracks the real-time SoC balancing perfor-
mance under the fully trained MA+WA framework. The framework 
successfully coordinates the 50-cell system, dynamically balancing the 
localized SoCs into a cohesive, narrow band until the end of the 
discharge cycle. The exceptional balancing capability is quantitatively 
reflected by the SoC SD trajectory, which continuously drops from a 
highly unbalanced initial value of 0.078987 to 0.020605 at the end of 
the discharge. This demonstrates that the proposed MA+WA framework 
does not only guarantee absolute physical safety but also achieves 
highly effective optimization for large-scale battery systems.

4. Conclusions and future work

Optimal control problems of RBSs involve high-dimensional and 
discrete-value search space, and the space expands exponentially as 
the system scales. To solve such challenging problems, an enhanced 
WA is developed in this study. Three embedding methods are first 
proposed to map the discrete-value actions into a continuous-value 
space to facilitate the WA training. Then, TD3 and HNSW search are 
integrated for enhanced optimality and efficiency. Case studies aimed 
at maximizing the discharge energy delivery demonstrate that the 
enhanced WA significantly improves the discharge energy compared 
15 
Fig. 12. Performance comparison between the proposed safety-guaranteed 
MA+WA framework and the standard baseline on a 50-cell RBS. (a) Con-
vergence of the evaluated total discharge time during training. (b) Real-time 
SoC balancing trajectories and the evolution of SoC SD under the proposed 
MA+WA framework.

to the original WA across various scenarios. To balance convergence 
performance and computational cost, an appropriate range for the 
number of nearest neighbors in HNSW is recommended based on 
these case studies. Furthermore, compared to other DRL methods such 
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as DQN and PPO, the enhanced WA achieves superior convergence 
performance, particularly in larger action spaces. Experimental tests 
on embedded circuit platform confirm the enhanced WA’s applicability 
and effectiveness in practical RBS control scenarios.

The enhanced WA developed in this study offers a scalable and high-
performance DRL framework for solving general RBS optimal control 
problems, with potential applications in electric vehicles and energy 
storage systems. Since the large action space size of practical battery 
systems is a primary factor limiting the training speed of DRL, future 
studies will be focused on further restricting the action space size for 
improved training efficiency. Moreover, the enhanced WA will also be 
investigated to improve other critical performance metrics of RBSs in 
our future work.
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Appendix. Network update of the enhanced WA

To train the policy within the enhanced Wolpertinger Architecture 
(WA), the Twin Delayed Deep Deterministic Policy Gradient (TD3) 
algorithm [26] is employed as the underlying learning framework. 
During the training process, as shown in Fig.  1, a batch of experience 
tuples (𝑠𝑘, 𝑎𝑘, 𝑟𝑘, 𝑠𝑘+1) are sampled from the replay buffer, and they are 
used to update the critic and actor networks as described below.

For the critic network, TD3 introduces the target policy smoothing 
to reduce overestimation bias in Q-value estimation. This is achieved by 
perturbing the target action generated by the target actor network 𝜋𝜃′𝜋
with clipped Gaussian noise. The perturbed action is defined as follows. 

𝑎̃𝑘 = 𝜋𝜃′𝜋 (𝑠𝑘+1) + clip(𝜀, −𝑐, 𝑐), 𝜀 ∼  (0, 𝜎2), (A.1)

where 𝜀 is zero-mean Gaussian noise with SD 𝜎, and the clipping 
operation ensures that the noise remains within the range [−𝑐, 𝑐]. Using 
this smoothed action, the target Q-value is then calculated. To mitigate 
overestimation, TD3 maintains two critic networks 𝑄  and 𝑄 , and 
𝜃𝑄1 𝜃𝑄2

16 
computes the target value 𝑦𝑘 as follows by taking the minimum of the 
two target Q-networks 𝑄𝜃′𝑄1

 and 𝑄𝜃′𝑄2
’s predictions. 

𝑦𝑘 = 𝑟𝑘 + 𝛾 min
𝑗=1,2

𝑄𝜃′𝑄𝑗
(𝑠𝑘+1, 𝑎̃𝑘). (A.2)

For the 𝑗th critic network, 𝑗 ∈ {1, 2}, the parameters in 𝜃𝑄𝑗
 are trained 

by minimizing the following loss function 𝐿𝑗 defined by the mean 
squared error between its predicted Q-value and the target value 𝑦𝑘. 

𝐿𝑗 (𝜃𝑄𝑗
) = 1

𝑁

𝑁
∑

𝑘=1

[

𝑄𝜃𝑄𝑗
(𝑠𝑘, 𝑎𝑘) − 𝑦𝑘

]2
, 𝑗 ∈ {1, 2}, (A.3)

where 𝑁 is the batch size.
For the actor network, the parameters in 𝜃𝜋 are updated less fre-

quently, with the goal of maximizing the expected Q-value under 
Critic-1. The actor objective is defined by 

𝐽 (𝜃𝜋 ) = − 1
𝑁

𝑁
∑

𝑘=1
𝑄𝜃𝑄1

(𝑠𝑘, 𝜋𝜃𝜋 (𝑠𝑘)), (A.4)

which encourages the policy to choose actions that lead to higher 
long-term returns.

To improve the training stability, TD3 employs soft update of the 
target networks’ parameters 𝜃′𝑄𝑗

 and 𝜃′𝜋 via Polyak averaging. The 
update rules are given as follows, in which 𝜏 ≪ 1 (e.g., 𝜏 = 0.005).

𝜃′𝑄𝑗
← 𝜏𝜃𝑄𝑗

+ (1 − 𝜏)𝜃′𝑄𝑗
, 𝜃′𝜋 ← 𝜏𝜃𝜋 + (1 − 𝜏)𝜃′𝜋 . (A.5)

In the proposed enhanced WA framework, the overall training 
procedure largely follows TD3, but with a key distinction in action 
handling. Specifically, while the actions stored in the replay buffer and 
used for critic updates are selected from the original discrete action 
space , the actor operates in a continuous proto-action space . When 
updating the actor, the output of actor 𝑎̂ = 𝜋𝜃𝜋 (𝑠𝑘) is a continuous proto-
action, which cannot be directly executed but can be used for gradient 
computation. The gradient of the actor objective is approximated using 
the following chain rule. 

∇𝜃𝜋𝐽 (𝜃𝜋 ) ≈
1
𝑁

𝑁
∑

𝑘=1

(

∇𝑎𝑄𝜃𝑄 (𝑠, 𝑎)
|

|

|𝑎̂=𝜋𝜃𝜋 (𝑠𝑘)
∇𝜃𝜋𝜋𝜃𝜋 (𝑠)

|

|

|𝑠=𝑠𝑘

)

. (A.6)

Although the actual action executed is discrete and selected via 
a nearest-neighbor search in , the actor network is trained using 
gradients taken with respect to its continuous proto-action output 𝑎̂ =
𝜋𝜃𝜋 (𝑠). This design allows the policy to be updated via gradient-based 
optimization, while the critic still learns from the actual discrete actions 
executed in the environment. The theoretical foundation of this hybrid 
learning mechanism is detailed in the original WA study [23].

Data availability

Data will be made available on request.
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