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Abstract—The increasing penetration of renewable energy 
has facilitated the transition from traditional distribution 
networks to active distribution networks (ADN). However, the 
integration of renewable energy exacerbates the complexity and 
fragility of ADN, leading to more frequent fault occurrence. 
Maintaining voltage within tolerance during the fault event is 
critical for ADN. This paper proposes a knowledge fusion-
enhanced multi-agent meta-reinforcement learning voltage 
control strategy for photovoltaic (PV) integrated ADN. The 
proposed strategy is applied to batches of pre-training tasks for 
knowledge extraction. An average cosine similarity-based 
masking mechanism (ACSMM) is embedded into the meta-
learning process to enhance the effect of knowledge fusion from 
various pre-training tasks. This enables the agents to rapidly 
fine-tune and make optimal decisions based solely on limited data 
during unpredictable emergency failures. Case studies validate 
the effectiveness of the proposed strategy in controlling the 
voltage into safety domain.  

Keywords—active distribution network, meta-learning, 
reinforcement learning, renewable energy 

I. INTRODUCTION  

As the penetration rate of renewable energy continues to 
rise, active distribution networks (ADN) with local 
consumption capabilities of renewable energy have seen rapid 
development in recent years [1]. The deployment of numerous 
advanced measurement and monitoring devices has enhanced 
the efficiency of the ADN and its capacity to integrate 
renewable energy. However, the integration of numerous 
metering devices and renewable energy sources increases the 
risk of emergency fault events occurring, thereby heightening 
the risk of voltage violations in ADN [2] [3].  

Emergency events in distribution networks are 
characterized by high uncertainty. Various model-based control 
methods have been proposed to alleviate the voltage violations 
under uncertain emergency faults. A robust voltage control 
strategy in [4] is proposed for the V2G procedure under ADN 
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measurement anomalies. A ܪஶ controller is constructed in [5] 
to alleviate the threat of cyber-attack. Nazir et al. [6] proposed 
a robust optimization theory-based voltage control algorithm 
for active distribution networks considering the uncertainty of 
renewable energy output. However, most existing robust 
control strategies are designed based on the worst-case 
scenario, leading to insufficient flexibility.  

The high level of uncertainty inherent in emergency faults 
can be mitigated with the help of advanced machine learning 
optimization methods. Among the various machine learning 
methods, reinforcement learning (RL) methods have been 
successfully applied to ADN voltage control due to their high 
adaptability without the need for accurate environment 
modeling. A multi-agent deep reinforcement learning strategy 
is constructed in [7] for PV-integrated ADN voltage control. It 
is noted that the unpredictable emergency faults usually happen 
in renewable energy integrated ADN, leading to RL-based 
agents needing to be retrained, which is time-consuming and 
requires a lot of operational data. Since emergency events 
demand fast responses and only limited data is available under 
emergency faults, most reinforcement learning–based 
approaches are unable to satisfy this requirement. In recent 
years, meta-reinforcement learning has been introduced into 
the power system domain to train learners to achieve rapid 
adaptation [8]. However, due to variations in fault locations, 
load conditions, and network topologies, emergency scenarios 
may exhibit significant differences. In such contexts, 
traditional meta-learning may encounter gradient conflicts [9], 
thereby reducing its generalization. Consequently, the meta-
reinforcement learning for voltage control in ADNs 
considering emergency conditions remains in its infancy and 
needs further exploration. 

To this end, this paper proposes a knowledge fusion-
enhanced multi-agent meta-reinforcement learning method for 
ADN voltage control considering the unpredictable emergency 
faults. The main contributions are summarized as follows: 

1) The proposed meta-learning–based approach enables fast 
and effective inverter output decision-making under new 
emergency events with only a small amount of fine-tuning 
data. Compared with existing RL approaches that require large-
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scale data for training, it exhibits advantages in rapid 
deployment. 

2) An average cosine similarity-based masking mechanism 
(ACSMM) is embedded into the outer loop of the meta-
learning process to enhance the effect of knowledge fusion 
from various pre-training tasks. This is achieved by mitigating 
gradient conflicts through scaling the learning rates across 
different layers of the agents. 

3) The proposed method adopts a centralized training and 
decentralized execution (CTDE) framework. During the meta-
training stage, agents with the multi-agent proximal policy 
optimization (MAPPO) algorithm fully utilize global 
information, whereas in the execution phase, they make real-
time independent decisions based on local observations. This 
framework enhances the flexibility  of the system. 

The remainder of this paper is organized as follows: 
Section Ⅱ provides the problem formulation. The proposed 
methodology is formulated in Section Ⅲ. Case studies are 
conducted in Section Ⅳ. Section Ⅴ summarizes this paper. 

II. PROBLEM FORMULATION 

The goal of voltage control is to minimize the voltage 
deviation in ADN. Such minimization is realized by controlling 
the reactive power outputs of PV. In this context, the objective 
function is formulated as follows: 
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where ௜ܸ,௧  is the voltage of i-th node and ଴ܸ  represents the 
voltage of reference node. Eq. (2) constrains the active and 
reactive power balance of ADN where ௜ܲ,௧௉௏/ ௜ܳ,௧௉௏  is the 
active/reactive power output of PV of node i at time t. ܩ௜௝,௧/ܤ௜௝,௧  represent the susceptance and conductance of 
branch between node i and j at time t. ߠ௜௝ represent the phase 
angle difference between de i and j at time t. ௜ܲ,௧௅ / ௜ܳ,௧௅  are the 
active/reactive power load of node i at time t. Eq. (3) provides 
the calculation of the load shedding power of node i. Eq. (4)-
(5) constrain the upper limit of reactive power output of PV of 
node i at time t. Voltage constraints of each node are 

formulated in Eq. (6)-(7) to ensure the safety and optimal 
operation of the ADN. 

III. METHODOLOGY 

To explore the voltage control method of ADN considering 
the unpredictable emergency faults, a knowledge fusion-
enhanced multi-agent meta-reinforcement learning method is 
proposed. The optimization model is reconstructed as a 
Markov game (MG), where the core elements include agents, 
states, and actions, and the reward functions are constructed 
based on the optimization model. A meta-learning framework 
with a double loop is constructed to enable agents to rapidly 
converge in the face of unseen new tasks via the acquisition of 
prior knowledge. In the inner loop, a multi-agent deep 
reinforcement learning approach with the CTDE framework is 
employed for rapid adaptation to a specific task. The objective 
of outer loop meta-learning is the optimization of meta-
parameters such that all tasks are rapidly adapted in the inner 
loop. This is achieved by training agents in multiple batches of 
tasks to adjust the initial parameters to improve cross-task 
knowledge extraction. It is noted that differences between pre-
training tasks can lead to gradient conflicts in the meta-learning 
update process, thereby reducing the effectiveness of 
knowledge fusion. To enhance the effect of knowledge fusion 
in the outer loop, an ACSMM method is constructed. The 
proposed ACSMM aims to identify layers of agents that 
experience gradient conflicts across different tasks and slow 
down updates in those layers to mitigate such conflicts. 

A. The Construction of a Markov Game 
To improve operational efficiency, the large-scale ADN is 

divided into multiple sub-regions, each equipped with several 
photovoltaic (PV) modules. Each module is connected to an 
inverter that regulates reactive power to maintain the voltage 
within the tolerance value. In this framework, each region can 
be regarded as an “agent,” and the voltage control of ADN is 
formulated as a Markov game (MG) as follows: 

Agent: In this MG, each sub-region is represented as an 
agent. 

State: The global state set at time t, ܵ௧, includes all agents’ 
observations. For agent j, the observation contains 
active/reactive power load of all nodes in its corresponding 
sub-region and active/reactive power of PVs in its 
corresponding sub-region, which is formulated as follows:  

 , , , ,( , , , )PV PV L L
j t j tt j t t

j
jo = P Q P Q  (8) 

Action: The action set at time t, ܣ௧ , includes all agents’ 
actions. For agent j, the action ܽ௧௝  contains the control 
variables within the j-th sub-region. The continuous action is 
represented as ܽ௧௝ = ௝,௧ߙ  ∈ {−1,1}, indicating the proportion 
of maximum reactive power generated by the inverter. Hence, 
the control variable of agent j is formulated as follows: 

 2 2
, ,, ,( ) ( )PV

j t j t
PV PV
j t j tQ S Pα= −  (9) 

where ௝ܵ,௧௉௏ represent the capacity of the PV at node j.  
State Transition: The transition probability function is 

applied to describe the dynamic characteristics of the 
environment as follows: 

 ( ) ( )1, Prob ,t t tp S A S S S A AS S′ ′
−= = = =∣ ∣  (10) 
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It can be observed from the above equation that the 
transition probability of the current state ௧ܵ  is related only 
with the previous state ܵ1−ݐ and actions 1−ݐܣ. 

Reward: The reward function contains two parts: voltage 
violation penalty and active power load shedding penalty. The 
reward function is formulated as follows: 

 ,,
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where ௜ܸ,௧  and ௜ܲ,௧௟௢௦௦  is calculated by Eq. (2)-(5). ݎ௜,௧voltage  
represents the voltage violation penalty, which is formulated 
by the piecewise function in Eq. (12). The piecewise reward 
function enables the agent to distinguish voltage states with 
different severity levels, thus improving control stability and 
accelerating convergence during voltage regulation. 

B. Solution via MAPPO Algorithm 
The MG problem can be solved by modeling each sub-

region as a proximal policy optimization (PPO) agent within 
the centralized training, decentralized execution (CTDE) 
framework. In the PPO strategy, each agent consists of an actor 
network and a critic network, both of which are composed of 
deep neural networks (DNNs). The actor network takes the 
state from Eq. (8) as input and outputs the action in Eq. (9), 
while the critic network outputs an evaluation of the actor's 
decision. In the decentralized execution stage, each actor 
network receives local observations and outputs real-time 
control decisions. Owing to the critic network’s explicit 
modeling of other agents’ policies during pretraining, actors 
can learn coordinated behaviors. As a result, cooperation is 
able to emerge from local observations alone, greatly reducing 
communication overhead and enhancing scalability to large-
scale systems. 

The actor networks are trained by maximizing their 
objectives as follows: 

 ( max ( ) ( )) u
i

u
i i i i iL r pθ
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θ τ τ= ∑  (13) 

where ߠ௜௨  represents the in i-th agent’s actor network 
parameters. ݎ௜(߬) is the reward. ߬௜ = { ଵܵ, ,ଵܣ ܵଶ, ,ଶܣ … , ௧ܵ,  {௧ܣ
denotes the trajectory collected by the agents. ݌ఏ೔ೠ(߬) indicates 
the distribution of samples. By introducing the clip function 
and generalized advantage estimation, Eq. (13) can be written 
as follows: 
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where clip(∙)  represents the clip function and ܧ௜(∙)  is the 
generalized advantage estimation.  

Given the above optimizations, the update of actor network 
parameters is formulated as follows:  

 ( )CLIP
u
i

u u u
i i u iJθθ θ η θ← + ∇  (15) 

where ߟ௨ is the learning rate of the actor network. The critic 
networks are trained according to global states and updated via 
a loss function to improve the accuracy of the estimate: 

 ( ) ( ) ( )2
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where ܸగ(∙) represents the scalar value of the function output 
by critic network. ߠ௜ொ is the parameters of i-th critic network 
and ߟொ is the learning rate of i-th critic network. 

C. Meta-learning with ACSMM Embedded 

The meta-learning aims to adjust the initial parameters of 
agents to appropriate values, enabling rapid deployment with 
minimal gradient update steps described by Eq. (15) and Eq. 
(17) when confronting unpredictable emergencies. This is 
achieved by pre-training and updating initial parameters at 
diverse batch tasks that encompass various emergency failure 
scenarios. These initial parameters are also referred to as meta-
parameters. The traditional update procedure of actor network 
meta-parameters and critic network meta-parameters are 
formulated as follows: 

 ( )meta, meta, meta,
meta ,
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where ߝ௠௘௧௔௨ ௠௘௧௔ொߝ/  denotes the meta-learning rate of actor 
network/critic network. ߠ௜,௛௨ ௜,௛ொߠ/  represents the parameters of 
actor network/critic network obtained from h-th tasks. m is the 
number of tasks in the batch 

It is noted that, in the pretraining stage, task discrepancies 
can cause gradient conflicts that hinder effective knowledge 
integration during meta-parameter updates [10]. To address 
this issue, ACSMM aims to compute the cosine similarity to 
detect conflicting gradients in the agents and alleviate the 
gradient conflict by reducing the learning rate, thereby 
improving the knowledge fusion effect.  

To illustrate the procedure of the proposed ACSMM, actor 
networks and critic networks of the i-th agents are written as 
follows: 
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where ߠ௜௨,௣/ߠ௜ொ,௤  represents the weight and bias of p-th/q-th 
layers of actor network/critic network.  

In this way, the meta-parameter variations for the i-th actor 
network/critic network across different tasks within the same 
batch can be expressed respectively as follows: 
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For the j-th layer of the i-th actor network/critic network, the 
average cosine similarity in the same batch is formulated as 
follows: 
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where ܥܣ ௜ܵ,௝௨ ܥܣ/ ௜ܵ,௝ொ  represent the average cosine similarity of 
j-th layer of actor network/critic network at i-th agent. Aܥ ௜ܵ,௝௨ ܥܣ/ ௜ܵ,௝ொ  reflect the degree of gradient conflict across all 
tasks within the same batch for j-th layer of actor 
network/critic network at i-th agent. A smaller a ܥܣ ௜ܵ,௝௨ ܥܣ/ ௜ܵ,௝ொ  
indicates more severe conflict, and the meta-updating learning 
rate for that layer should be reduced to mitigate gradient 
conflict.  

The SoftMax function is used to calculate the scalar value 
of the j-th layer of the actor network/critic network at the i-th 
agent for meta-learning rate adjustment as follows: 
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The meta-learning rate with ACSMM can be written as 
follows: 
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where n represents the number of batches. In this way, the 
meta parameter updates procedure with ACSMM can be 
expressed by rewriting Eqs. (18)-(19) as follows: 
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Eq. (30)-(31) adjusts the meta-learning rate according to the 
average cosine similarity to mitigate gradient conflicts and 
enhance knowledge fusion. In particular, a higher average 
cosine similarity indicates smaller gradient conflicts, in which 
case the corresponding layer should be updated normally. 
Conversely, when the average cosine similarity is low, the 
meta-learning rate is reduced to alleviate gradient conflicts. 
The flowchart of the proposed method is shown in Fig. 1. 
 

 
Fig. 1. Flowchart of the proposed voltage control strategy

IV. CASE STUDY 

Case studies are conducted on the IEEE 33-bus system [11] 
with 4 PVs equipped to validate the effect of the proposed 
method. Gaussian noise is added to the load data to ensure 
realism. Solar data is obtained from the Belgian grid operator 
Elia Group with 3-min resolution to align with the AND's real-

time control procedure. The technical parameters are provided 
in TABLE Ⅰ 

The proposed method is trained based on the algorithm in 
Fig. 1. The rewards and relative improvement ratios are 
illustrated in Fig. 2. It can be observed from Fig. 2 (a) that the 
proposed method converges after approximately 300 episodes, 
with the reward value at convergence ranging from -4 to 2. 
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This indicates that the proposed method exhibits strong 
stability. Fig 2 (b) presents ablation experiments, with 
MAPPO serving as the baseline. As shown in Fig 2 (b), 
compared to the MAPPO method, the meta-learning approach 
without ACSMM achieves about 110% performance 
improvement after 20 adaptations. Incorporating the ACSMM 
mechanism further enhances performance by 120%. These 
results demonstrate the effectiveness of both the meta-learning 
approach and the proposed ACSMM method in enhancing the 
agent's fast adaptation capabilities and knowledge fusion 
abilities. 

Besides, a stem plot is constructed to comprehensively 
illustrate the variation of the proposed method's reward with 
adaptation steps under 50 test scenarios. As evidenced in Fig. 
3, the proposed method consistently achieves high reward 
values after 15 adaptation iterations across all test tasks, 
demonstrating its superior cross-task adaptability. 

TABLE Ⅰ 
TECHNICAL PARAMETERS OF THE PROPOSED STRATEGY 

Parameters Value 
Minibatch size  100 ߟ 0.1 ߦ௨/ߟொ 5e-2/5e-2 ߝ௠௘௧௔௨ ௠௘௧௔ொߝ/  5e-3 

 
Fig. 2. (a) Reward over 1000 episodes of the proposed method on the 33-node 

system. (b) Relative improvement ratio curves for different methods on the 
33-node system. 

 
Fig. 3. Stem plot of reward for different test tasks on a 33-node system. 

 
Fig.4 (a). voltage distribution under 20 scenarios on 33-node system. (b). 

voltage distribution under 20 scenarios on 69-node system. 
The voltage distributions under 20 test scenarios on both the 

IEEE 33-node system and 69-node system are shown in Fig. 4. 
It can be observed that the voltage distribution is centered 
around 1 p.u. and remains within the range of 1.05 p.u. to 0.95 
p.u. in all scenarios, meeting safety requirements.  

V. CONCLUSION  

This paper proposes a knowledge fusion-enhanced multi-
agent meta-reinforcement learning method for active 
distribution network voltage control considering the 
emergency faults. The proposed method aims to maintain 
voltage within permissible limits with minimal data fine-
tuning when encountering unpredictable faults. This is 
achieved by acquiring prior knowledge through multi-batch 
task pre-training using the constructed meta-reinforcement 
learning strategy. An average cosine similarity masking 
mechanism is proposed to be embedded within the meta-
learning process to enhance knowledge fusion effectiveness. 
Case studies conducted on the IEEE 33-node distribution 
network and the IEEE 69-node distribution network validate 
that the proposed method achieved fast convergence when 
facing new emergency faults and realized voltage control 
within the tolerance. Future work will focus on safety 
constrained RL method to enhance the safety of control action.  
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