
Large Language Model-Assisted Zoning for
Heterogeneous Automatic Voltage Control in
Renewable-Rich Regional Power Grids
Jun Zhao 

State Grid Shanxi Electric Power Company Electric Power Research Institute
Xiaoqiang Nan 

State Grid Shanxi Electric Power Company (China)
Shifeng Zhang 

State Grid Shanxi Electric Power Company Electric Power Research Institute

Article

Keywords: renewable energy integration, automatic voltage control, large language models, control-
region zoning, multi-agent deep deterministic policy gradient

Posted Date: November 4th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11301328/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11301328/v1
https://doi.org/10.21203/rs.3.rs-11301328/v1
https://doi.org/10.21203/rs.3.rs-11301328/v1
https://creativecommons.org/licenses/by/4.0/


 

 
 

Large Language Model-Assisted Zoning for 
Heterogeneous Automatic Voltage Control in 
Renewable-Rich Regional Power Grids 
Jun Zhao1*, Xiaoqiang Nan2 & Shifeng Zhang1 

High penetration of wind and photovoltaic generation complicates reactive power and voltage regulation in regional power 

grids. A uniform automatic voltage control (AVC) mode may not meet differing regional requirements, while independent 

control by electrically coupled renewable energy stations can produce poorly coordinated reactive power responses. This paper 

proposes a heterogeneous AVC framework assisted by a large language model (LLM). First, the LLM uses structured operating 

features and AVC constraints to group renewable energy stations into control regions, assign control modes, and recommend 

initial parameters. Then, constant reactive power (CQP) and conventional constant-voltage (CV) strategies are applied in their 

assigned regions. In strongly coupled regions, an external CV loop determines station-group reactive power requirements, which 

a multi-agent deep deterministic policy gradient (MADDPG) policy allocates among stations. Finally, power-flow calculations 

validate the control results, and the validation feedback is used to refine the zoning, mode assignments, and parameters.  Case 

studies on a modified IEEE 39-bus system show improved voltage regulation, more balanced reactive power utilization among 

stations, and fewer voltage violations than uniform CV control. 

Keywords  renewable energy integration; automatic voltage control; large language models; control-region zoning; multi-agent deep 

deterministic policy gradient 

Introduction 

Renewable-rich power systems are an important part of the low-carbon energy transition1, 2. The integration of wind farms and 

photovoltaic plants changes regional grid operation and increases demands on reactive power and voltage control3. Automatic voltage 

control (AVC) coordinates reactive power resources to regulate grid voltage; its performance affects voltage security and reactive power 

support when renewable penetration is high4. AVC strategies must therefore account for differences in operating conditions across 

regions. 

Regional AVC schemes for renewable energy stations generally include two basic control modes: constant reactive power (CQP) 

control and constant voltage (CV) control. CQP control operates according to a predefined reactive power reference and lacks direct 

response to voltage deviations, resulting in limited voltage regulation capability. In contrast, CV control can track voltage references 

effectively; however, independent regulation among multiple stations may lead to uneven reactive power allocation and reactive power 

counteraction. Therefore, a single control mode is difficult to satisfy the diversified reactive power and voltage regulation requirements 

of renewable-rich regional power grids. 

Previous work has addressed regional AVC zoning and coordination. Ref. 5 developed an adaptive zone-division AVC system that 

adjusts control regions to operating conditions. Ref. 6 proposed robust reactive power partitioning under frequent power-flow 

fluctuations to stabilize region boundaries. Ref. 7 introduced regional-provincial AVC coordination across dispatch levels under 

renewable energy integration. For multi-station CV control, Ref. 8 adjusted the reactive power regulation step size of AVC substations 

and imposed output constraints. These changes improved reactive power sharing among wind farms and accelerated voltage regulation. 

Ref. 9 combined model- and data-driven methods for photovoltaic cluster reactive power and voltage control, balancing system-wide 

optimization performance with online response capability. 

These studies have improved the adaptability of AVC zoning and the coordination of reactive power and voltage control. Most, 

however, address a particular control level or predefined station groups. Zoning and strategy design are often treated separately, with 

zoning used mainly to limit the control area rather than to assign different modes. Renewable-rich regional grids therefore need a 

framework that links regional voltage-control requirements, mode assignment, and performance feedback. 

After zoning and mode assignment, CQP or conventional CV control can serve regions with relatively simple operating 

characteristics. Strongly coupled constant-voltage regions, however, require coordinated allocation of reactive power regulation tasks 

among stations. Fixed-ratio allocation or independent responses to local voltage deviations can overlook differences in inter-station 

electrical coupling and response characteristics, leading to uneven reactive power sharing10, 11. 

Deep reinforcement learning (DRL) can learn a policy that maps operating states to control actions through interaction with a 

power-system environment. Once trained, a policy can reduce the need for repeated online optimization. Ref. 12 applied DRL to 

autonomous voltage control, and Ref. 13 developed a two-time-scale voltage control method. For control across multiple devices, multi-

agent deep reinforcement learning (MADRL) has attracted attention. Ref. 14 formulated active voltage control as a cooperative multi-

agent task. Ref. 15 used multi-agent deep deterministic policy gradient (MADDPG) to coordinate photovoltaic inverter reactive power, 

illustrating its use for coupled devices and continuous actions. 

Reward design and training parameters also affect DRL control performance. Ref. 16 used reward shaping to improve learning 

under complex operating conditions, while Ref. 17 introduced an automatic optimization mechanism during training to reduce reliance 

on expert tuning. However, studies of regional AVC have given limited attention to coordinated reactive power allocation among 

stations under CV control. In many methods, reward weights and training parameters remain fixed in advance, limiting their adjustment 

in response to operating conditions and validation feedback. 

Large language models (LLMs) have also been explored for power-system analysis and control. Ref. 18 coupled a GPT agent with 

DRL to incorporate natural-language operating requirements into real-time optimal power flow. Ref. 19 adapted pretrained LLMs to 

power-system data and tasks. Ref. 20 used LLM-generated training data to improve the generalization of DRL-based voltage control 

 
1 Electric Power Research Institute of State Grid Shanxi Electric Power Co., Ltd., Taiyuan 030001, Shanxi, China 
2 State Grid Shanxi Electric Power Co., Ltd., Taiyuan 030021, Shanxi, China 

* Correspondence: Jun Zhao, 2644665107@qq.com 



 

across operating conditions. Ref. 21 integrated LLMs into MADRL training and adjusted reward functions using training and testing 

feedback. 

These studies show the potential of LLMs as decision aids in power systems, but their application to regional AVC remains limited. 

They leave open how an LLM can combine regional operating features, grid information, and AVC rules to support zoning and mode 

assignment and then refine these decisions using validation feedback. This gap motivates an upper-level LLM module that assists these 

tasks without generating station-level reactive power commands. 

This study proposes an LLM-assisted zoning framework for heterogeneous AVC in renewable-rich regional power grids. First, 

structured operating features are developed, and the LLM uses them to group stations into control regions, assign modes, and 

recommend initial parameters. Then, each region applies its assigned strategy. In strongly coupled CV regions, an external CV loop 

determines station-group reactive power requirements, and CV-MADDPG allocates them among stations. Finally, power-flow 

calculations validate the control results and provide feedback for revisions to the zoning, modes, and parameters. The LLM also uses 

training and validation feedback to refine CV-MADDPG reward weights and training parameters. 

LLM-Assisted Zoning-Based Heterogeneous AVC Framework 

Framework of Zoning-Based Heterogeneous AVC Control 

With the high penetration of renewable energy, renewable energy stations, such as wind farms and photovoltaic plants, are 

commonly connected to regional power grids through collector lines or adjacent grid nodes. The fluctuations in renewable power output 

can significantly change the reactive power and voltage regulation characteristics of regional power systems. If CQP control is 

uniformly applied across the entire region, weak voltage nodes may not receive sufficient reactive power support. Conversely, when CV 

control is adopted uniformly, independent closed-loop regulation among multiple stations may result in overlapping control actions, 

leading to uneven reactive power allocation, reactive power counteraction at the same nodes, and frequent device operations. Therefore, 

it is necessary to select heterogeneous AVC control modes according to regional operating characteristics. Figure 1 shows the proposed 

framework for LLM-assisted zoning and heterogeneous AVC. 
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Figure 1. Framework for LLM-assisted zoning and heterogeneous AVC 

First, the LLM receives station operating states, key-node voltages, grid topology information, and AVC rules. It recommends 

station zoning, control modes, and initial parameters. Then, the assigned regions apply CQP, CV, or CV-MADDPG control; CV-

MADDPG coordinates reactive power allocation among stations in strongly coupled regions. Finally, power-flow calculations assess 

voltage limits, reactive power capability, allocation balance, and device operations. If a requirement is not met, the validation results are 

returned to the LLM for revisions to the zoning, control modes, or parameters. 

Let ( )tX  denote the regional operating feature matrix, gridK  represent the grid topology and operational prior knowledge, and 

AVCR  indicate the AVC control rules and operating constraints. The LLM-assisted zoning decision is expressed as: 

 ( )LLM grid AVC[ ( ), ( ), ( )] ( ), ,t t t f t=P M K RΘ X  (1) 

where ( )tP  represents the station zoning results generated by the LLM, ( )tM  denotes the set of control modes assigned to different 

regions, and ( )tΘ  represents the recommended control parameters. 

Based on the output of Eq. (1), renewable energy stations are classified into three types of control regions: the CQP control region 

CQPG , the CV control region CVG , and the complex coupled control region CV-MADDPGG . The CQPG  region generally corresponds to areas 

with relatively stable voltage profiles and weak closed-loop voltage regulation requirements. In such regions, reactive power support can 

be provided by maintaining a predefined reactive power reference. The CVG  region generally represents areas with noticeable voltage 

deviations and relatively clear voltage regulation characteristics, where voltage support capability can be improved by tracking voltage 

references. The CV-MADDPGG  region corresponds to areas with strong interactions among multiple stations and key nodes. If only CQP 

control is applied, the voltage variations at multiple nodes may not be responded to in time. Meanwhile, directly applying conventional 

CV control may cause conflicts among station-level voltage regulation actions, resulting in uneven reactive power allocation and 

frequent control adjustments. Therefore, coordinated reactive power allocation among multiple stations is further considered in the 



 

complex coupled region. Accordingly, the regional AVC control scheme is transformed from a single control mode into a collaborative 

process of zoning identification, control-mode matching, and heterogeneous control implementation, providing the basis for subsequent 

control strategy design. 

Regional Operating Constraints and Zoning Feature Modeling 

Because regional AVC controls the aggregate reactive power response of renewable energy stations, the reactive power resources 

within each station are aggregated into an adjustable station-level capability. Let the lower and upper reactive power regulation limits of 

station i at time t be denoted as min ( )iQ t  and max ( )iQ t , respectively. After zoning-based control, the station reactive power responses and 

key-node voltages must satisfy the following constraints: 
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where G  denotes the set of renewable energy stations, B  represents the set of key voltage nodes, ( )jV t  denotes the voltage magnitude 

of the j-th key node, c ( )iQ t  represents the reactive power response of station i after zoning-based control, and max

iQ  is the maximum 

allowable change in station reactive power during one control period. 

To characterize a station's ability to continue regulating reactive power, define the normalized reactive power margin as: 
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where ( )iQ t  denotes the current reactive power output of station i, and   is a small positive constant introduced to avoid division by 

zero. A larger ( )i t  indicates more bidirectional reactive power headroom at the current operating point. 

For LLM-assisted zoning, candidate-region operating states and electrical coupling are organized as structured inputs. Let the set of 

candidate regions be {1,2, , }rN= R . For region r, let its station set and key-node set be ,r r G G B B , respectively. The regional 

feature matrix is: 
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where ( )r

VF t , ( )r

QF t , ( )S

rF t , and ( )C

rF t  represent the regional voltage state, reactive power capability, electrical coupling, and control 

action features, respectively. These constraints and features provide the basis for the region-specific AVC strategies developed below. 

Heterogeneous AVC Control Strategy 

Constant Reactive Power and Conventional Constant Voltage Control Strategies 

The voltage regulation characteristics of the CQP control regions and conventional CV control regions are relatively clear, and 

basic control strategies can be adopted to generate the reactive power responses of renewable energy stations. Specifically, CQP control 

regions focus on maintaining stable reactive power support, while conventional CV control regions emphasize voltage reference 

tracking. To avoid frequent control actions caused by small voltage deviations around the acceptable voltage range, a voltage control 

deadband is introduced, and the effective voltage deviation of key node j is defined as: 
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where ref

jV  denotes the reference voltage of key node j, and V  represents the voltage control deadband. 

For CQP control regions, the regional reactive power support requirement is obtained by weighting the voltage deviations of key 

nodes and is allocated according to the available reactive power capacity and voltage regulation contribution of each station. The 

equivalent reactive power response of station i is expressed as: 
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where rB  and rG  represent the sets of key voltage nodes and renewable energy stations in region r, respectively; rK  denotes the 

regional reactive power regulation coefficient; j  represents the voltage weight of key node j; ( )i t  is the reactive power allocation 

coefficient of station i; iS  denotes the rated capacity of station i; and , ( )i rS t  represents the average voltage regulation contribution of 

station i to the key nodes in region r. 

Conventional CV regions primarily track voltage references. Their dominant station-to-node voltage relationships are relatively 

clear, allowing each station's reactive power response to be determined from voltage deviations and voltage–reactive power sensitivities. 

Let ( )ji t  denote the voltage deviation weight of station i with respect to key node j, and define the weighted voltage deviation for 

station i as: 
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The equivalent reactive power response of station i in the conventional CV control region is expressed as: 

 ctrl
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where iK  denotes the voltage control response coefficient of station i. 

Coordinated Control Strategy for Complex Constant-Voltage Regions 

For CV-MADDPGG , several stations significantly affect the voltages of multiple key nodes, creating strong voltage–reactive power 

coupling. Independent conventional CV control may cause stations to respond repeatedly to similar voltage deviations, leading to 

counteracting reactive power adjustments, uneven outputs, and frequent device operations. The proposed control scheme therefore 

separates the regional reactive power requirement from its allocation among stations. An external CV loop determines the requirement 

from key-node voltage deviations, and CV-MADDPG allocates it among stations in the region. This coordinated allocation problem is 

formulated as a decentralized partially observable Markov decision process (Dec-POMDP) and addressed using CV-MADDPG. 

Dec-POMDP Formulation for Complex Constant-Voltage Regions 

Let the key-node set in a complex constant-voltage region be 1 2{ , , , }mB b b b=  , and the renewable energy station set be  

1 2{ , , , }nG g g g=  . Each key node is associated with a station group, which is treated as an agent. The agent set and its station groups 

are: 
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where aG  denotes the set of renewable energy stations assigned to agent a. 

At time t, the external CV loop determines the reactive power requirement for agent a from key-node voltage deviations and the 

voltage–reactive power sensitivities of its associated stations. 
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where ref

aV  and ( )aV t  denote the voltage reference and actual voltage of the key node corresponding to agent a, respectively; ( )
aBGS t  

represents the voltage-reactive power sensitivity between the station group aG  and the corresponding key-node set; 0 ( )jV t  denotes the 

reference voltage of key node j under the current operating condition; ( )( )i

jV t  represents the node voltage obtained from power-flow 

calculation; and CV ( )f   represents the external CV control regulation logic of the region. 

The external CV loop's reactive power requirements are clipped according to the stations' current outputs and adjustable limits so 

that they remain within the region's available regulation range. The resulting commands are denoted by cmd ( )aQ t . The allocation 

problem is then formulated as a Dec-POMDP: 

 , , , , , ,M N S O A P R =    (11) 

where N denotes the set of agents; S represents the state space; O denotes the observation space; A represents the action space; P is the 

state transition function; R denotes the reward function; and   represents the discount factor. 

1) State space: At time t, the state is: 

 min max cmd( ) ( ), ( ), ( ), ( ) ( ) ( )G G G BGs t V t Q t Q t Q t S t Q t =   ， ，
 (12) 

where ( )V t  denotes the voltage deviation vector of key nodes; ( )GQ t  represents the reactive power output vector of renewable energy 

stations; and min ( )GQ t  and max ( )GQ t  denote the lower and upper reactive power output limits of renewable energy stations, respectively. 

2) Observation space: During decentralized execution, agent a uses the voltages of its corresponding key nodes, the operating states 

of its station group, and the reactive power requirement from the external CV loop. Its observation is: 

 min max cmd( ) ( ), ( ), ( ), ( ), ( ) ( )
a a a aa G G G BG ao t V t Q t Q t Q t S t Q t =   ，  (13) 

where ( )
aGQ t , min ( )

aGQ t , and max ( )
aGQ t  represent the reactive power outputs and the lower and upper reactive power limits of stations 

within the station group aG , respectively; ( )
aBGS t  denotes the voltage-reactive power sensitivity between the station group aG  and the 

key-node set B. 

3) Action space: A CV-MADDPG action specifies how a station group's reactive power requirement is allocated among its stations. 

The action of agent a is defined as: 
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where ( )i t  denotes the allocation coefficient of station i for the station group's reactive power requirement. The resulting reactive 

power reference for each station is: 



 

 ref cmd( ) ( ) ( ) ( ),i i i a i aQ t Q t t Q t g G= +    (15) 

CV-MADDPG allocates the reactive power requirement among stations. If a station's resulting reference exceeds its adjustable 

limit, that reference is clipped and the remaining requirement is redistributed among stations with available reactive power margins. The 

joint action is: 

  1 2( ) ( ), ( ), , ( )mu t u t u t u t=   (16) 

4) State transition function: Applying the agents' actions changes the station reactive power references and hence the calculated 

power flow. Key-node voltages and station operating states are then updated. The transition is: 

 ( )( 1) ~ ( 1) ( ), ( )s t P s t s t u t+ + ∣  (17) 

During training, the power-flow calculation environment implements this transition. 

5) Reward function: CV-MADDPG coordinates station reactive power allocation while pursuing the regional voltage references. Its 

reward contains voltage tracking, reactive power balancing, and action smoothing terms: 
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where ( )vR t  denotes the voltage control term, ( )bR t  represents the reactive power balancing term, and ( )sR t  denotes the action 

smoothing term. vw , bw , and sw  are the corresponding weighting coefficients, respectively. ( )i t  and ( )a t denote the normalized 

reactive power utilization ratio of station i and the mean ratio within station group a, respectively. 
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CV-MADDPG Solution Process 

The Dec-POMDP is addressed with CV-MADDPG using centralized training and decentralized execution (CTDE). During training, 

each Critic evaluates joint actions using the global state. During execution, the external CV loop determines each station group's reactive 

power requirement from key-node voltage deviations. Each agent then uses its observation to produce allocation coefficients for its 

stations. Combining these coefficients with the group requirement yields station-level reactive power references. Figure 2 shows this 

process. 
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Figure 2. Coordinated control procedure for CV-MADDPG 

Let the Actor network and Critic network of agent a be denoted as: 

 ( ) ( ( ); ), ( ( ), ( ); )a a a a a a au t o t Q Q s t u t  = =  (20) 

where ( )a   denotes the policy function of agent a, ( )aQ   represents its action-value function, and a  and a  denote the parameters of 

the Actor network and Critic network, respectively. 

Centralized training proceeds as follows. 



 

1) Network initialization. Initialize each agent's Actor, Critic, and corresponding target networks. Configure the replay buffer, 

discount factor  , learning rates, soft update coefficients, and exploration noise parameters. 

2) Action generation and execution. At time t, the external CV loop calculates the reactive power requirement for each station 

group cmd ( )aQ t  from key-node voltage deviations. The requirement, voltage deviations, sensitivity information, and station-group 

operating states form the agent observations. Each agent uses its observation ( )ao t  to generate allocation coefficients. During training, 

exploration noise is added to the Actor output: 

 ( ) ( ( ); ) ( )a a a a au t o t t = + N  (21) 

where ( )a tN  denotes the action exploration noise of agent a. 

3) Reactive power reference mapping and environment interaction. The allocation coefficients and group requirements from the 

external CV loop determine station-level reactive power references. These references are applied to the power-flow calculation 

environment, which updates key-node voltages, station reactive power outputs, and adjustable limits. The updated states are used to 

calculate the voltage tracking, reactive power balancing, and action smoothing terms. 

4) Experience storage. Store each interaction in replay buffer D . A transition sample is: 

 ( )( ) ( ), ( ), ( ), ( ), ( 1), ( 1)e t s t o t u t R t s t o t= + +  (22) 

5) Network parameter update. Sample mini-batches from replay buffer D . Each Critic uses the global state and joint actions to 

estimate the action value and minimizes the temporal-difference error. Each Actor updates its policy using the corresponding Critic's 

gradient to favor actions with higher estimated long-term returns. The target for agent a is: 

 ( )( ) ( ) ( 1), ( 1);a a ay t R t Q s t u t − − −= + + +  (23) 

where aQ−  denotes the target Critic network, a
−  represents the parameters of the target Critic network, and ( 1)u t− +  denotes the next-

step joint action generated by the target Actor networks. The loss function of the Critic network is defined as: 

  21
( ) ( ( ), ( ); ) ( )

| |
a a a aL Q s t u t y t = −

BB

 (24) 

where B  denotes the mini-batch training sample set. 

6) Target network update. Soft updates of the target Actor and Critic networks reduce training oscillations: 

 (1 ) , (1 )a a a a a a       − − − − + −  + −  (25) 

where   denotes the soft update coefficient. 

7) Training termination. Training ends when a specified episode limit, reward convergence criterion, or voltage tracking criterion is 

met. Otherwise, interaction and network updates continue from Step 2). 

During decentralized execution, only the trained Actor networks are used. Agent a selects an action from its current observation 

( )ao t : 

 ( ) ( ( ); )a a a au t o t =  (26) 

The action mapping converts each agent's output into reactive power references for its stations. At execution, the trained Actors 

generate these references from their observations without running the Critic networks or a centralized optimization solver. 

Power-Flow Validation and LLM Feedback Correction Mechanism 

Once the heterogeneous AVC controller generates station-level reactive power references, a power-flow calculation checks the 

candidate control result. As operating conditions change, a single zoning scheme may cease to meet the operational requirements. 

Validation indices and detected violations are returned to the LLM to recommend revisions to the zoning, control modes, or parameters. 

At time t, let the zoning controller generate the station reactive power reference vector 
ref ( )tQ . Applying these references to the 

power-flow model yields calculated node voltages, station reactive power outputs, and modeled equipment states: 
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The power-flow results are summarized by a validation index vector: 

 
T

( ) ( ), ( ), ( ), ( )V Q B AI t I t I t I t I t =  
 (28) 

where ( )VI t , ( )QI t , ( )BI t , and ( )AI t  represent the voltage validation index, reactive power capability validation index, reactive power 

balancing index, and equipment operation index, respectively. The definitions of these indices are given as follows: 
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where ( )i t  denotes the normalized reactive power utilization ratio of station ig , and ( )a t  represents the average reactive power 

utilization ratio within the station group aG . 

An abnormality set is formed from the index thresholds: 

  ( ) ( ) , { , , , }k kt k I t I k V Q B A=  ∣E  (30) 

where 
kI  denotes the allowable threshold of the k-th index. If ( )t = E , the result passes the specified power-flow checks. 

Otherwise, the abnormality set, validation indices, current zoning, control modes, and parameters are returned to the LLM for correction 

suggestions. 

The LLM may recommend changes to zoning, control modes, or their parameters. Parameter revisions may involve the reactive 

power allocation parameters in CQP regions, voltage control parameters in conventional CV regions, or reward weights and training 

parameters for CV-MADDPG in complex constant-voltage regions. The revised scheme is evaluated again by power flow. This process 

stops when the operational requirements are met or the maximum number of correction iterations is reached. 

LLM-Assisted Prompt Design 

In the proposed heterogeneous AVC framework, the LLM acts as an upper-level decision-support module. Using structured 

operating features, AVC rules, and power-flow validation results, it recommends station zoning, control modes, initial parameters, and 

feedback revisions. The LLM does not generate station-level reactive power setpoints; these are calculated by the CQP, conventional 

CV, and CV-MADDPG control modules, and the resulting control scheme is checked by power-flow calculations. 

The initial prompt provides regional voltage conditions, station reactive power capability, electrical coupling information, and 

operating constraints. It guides the LLM to assign stations to control regions, select the corresponding control modes, and recommend 

control parameters. For complex constant-voltage regions using CV-MADDPG, the recommendations also include initial reward 

weights and training parameters. The prompt requires structured outputs with brief rationales and constrains recommendations to respect 

reactive power capability limits and avoid unjustified frequent changes in control mode. 

When power-flow validation detects an abnormality, the feedback prompt supplies the current zoning, control modes, parameters, 

validation indices, and abnormality types to the LLM. Parameter revisions are preferred when they may resolve the issue; zoning or 

mode assignments are reconsidered if the abnormality persists and appears related to an unsuitable region or mode. Each suggestion 

specifies the target, magnitude, and rationale for the change. The revised control scheme is checked again by power flow until the 

operational requirements are met or the maximum number of correction iterations is reached. 

Case Study 

Case Study Setup 

The proposed LLM-assisted zoning and heterogeneous AVC method is evaluated on a modified IEEE 39-bus system with eight 

wind farms and eight photovoltaic plants connected to the corresponding key nodes. Figure 3 shows the modified system. The 

simulation platform uses Python 3.9, pandapower for time-series power-flow calculations, and PyTorch for CV-MADDPG. Simulations 

are run on an Intel Core i7-13700K CPU with an NVIDIA GeForce RTX 4070 Ti GPU (12 GB) and 64 GB RAM. GPT-5.6 is used for 

the LLM-assisted decision module. 
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Figure 3. Configuration of the modified IEEE 39-bus system 

Load and renewable generation measurements were collected at 5 min intervals over one year from a municipal power grid in 

Shanxi Province, China. Days are randomly selected using seasonal stratification to form training, validation, and test sets of 200, 30, 



 

and 60 days, respectively. Each CV-MADDPG training episode uses one day of operating data, and final performance is evaluated over 

the full test set. The key-node voltage reference is 1.0 p.u., the allowable voltage range is 0.95-1.05 p.u., and the deadband of CV control 

is set to ±0.002 p.u. The regional AVC decision interval is 5 min, and station-level AVC controllers respond to commands within 2 min. 

Table 1 lists the baseline CV-MADDPG training parameters. 

Parameter Value 

Actor learning rate 0.0001 

Discount factor 0.99 

Mini-batch size 128 

Critic learning rate 0.0003 

Soft-update coefficient 0.005 

Initial exploration noise 0.30 

Experience replay buffer capacity 100000 

Table 1. Baseline training parameters for CV-MADDPG 

Validation of LLM-Assisted Zoning and Heterogeneous AVC Control Performance 

The operating features of station groups associated with different key nodes are first examined to assess the LLM-generated zoning 

and control-mode assignments. These features and the voltage–reactive power sensitivity matrix characterize regional operating 

differences and electrical coupling. The resulting heterogeneous control scheme is then compared with alternative AVC strategies. 

Figure 4 shows the normalized voltage deviation, voltage violation rate, reactive power margin, electrical coupling strength, and 

response heterogeneity of the station groups associated with each key node. Both bubble size and color intensity indicate the normalized 

feature values. 
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Figure 4. Operating features of station groups associated with key nodes 

Figure 4 shows clear differences in voltage conditions, reactive power capability, and coupling characteristics among station 

groups. The groups at nodes 18 and 27 have relatively small voltage deviations and low violation rates, together with sufficient reactive 

power margins. These features indicate relatively stable voltages and a limited need for continuous closed-loop voltage regulation. The 

groups at nodes 12 and 15 require voltage regulation but retain sufficient reactive power margins. Their lower electrical coupling 

strength and response heterogeneity suggest relatively clear dominant voltage regulation relationships between stations and key nodes. 

The groups at nodes 16, 20, and 23 have larger voltage deviations and higher violation rates. Some also have limited reactive power 

margins, stronger electrical coupling, and greater response heterogeneity. These features suggest strong coupling between individual 

stations and multiple key nodes. Independent control based only on local voltage deviations may therefore distribute reactive power 

duties unevenly and create interactions among station controllers. 

Figure 5 shows the voltage–reactive power sensitivity matrix used to examine the electrical basis of the station grouping. Key 

nodes and stations are ordered by the candidate groups generated by the LLM. Darker colors indicate larger absolute sensitivities of 

node voltage to station reactive power changes. 
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Figure 5. Voltage–reactive power sensitivities between key nodes and renewable energy stations 

The sensitivity matrix in Figure 5 has a clear block structure. Node 18 is mainly influenced by W1 and PV1, and node 27 by W2 

and PV2. Node 12 has relatively high sensitivities to W3 and PV3, while node 15 is mainly influenced by W4 and PV4. These groups 

have identifiable dominant station-to-node voltage relationships, consistent with the lower electrical coupling strength and response 

heterogeneity shown in Figure 4. 

The rows for nodes 16, 20, and 23 contain more high-sensitivity entries. W5, PV5, and PV6 strongly influence node 16; W6, W7, 

and PV7 are closely associated with node 20; and W8 and PV8 mainly affect node 23. Several stations also have high sensitivities to 

multiple key nodes, indicating strong coupling within these regions. Under independent constant-voltage control, stations with faster 

responses or higher sensitivities may take on a larger share of reactive power regulation, resulting in uneven allocation among stations 8. 

Nonzero sensitivities across regions show that the control regions are not electrically isolated, although the dominant station-to-

node relationships remain within each region. Together, Figures 4 and 5 show how the LLM-generated zoning reflects differences in 

voltage regulation needs, reactive power capability, and electrical coupling. Three regions are formed: R1 comprises the groups at nodes 

18 and 27 and uses CQP control; R2 comprises the groups at nodes 12 and 15 and uses conventional CV control; and R3 comprises the 

groups at nodes 16, 20, and 23 and uses CV-MADDPG to coordinate station reactive power allocation under constant-voltage control 

objectives. 

Four schemes are compared in Table 2: the base operating condition, uniform CQP control, uniform CV control, and the proposed 

heterogeneous AVC scheme. The base condition has no additional AVC regulation. The two uniform schemes apply CQP or CV 

control, respectively, to all renewable energy stations. The proposed scheme uses CQP, CV, and CV-MADDPG in R1, R2, and R3, 

following the LLM-generated zoning. All schemes use the same operating data, equipment parameters, and power-flow constraints. 

Control 

strategy 

Mean voltage 

deviation 

(p.u.) 

Maximum 

voltage rise 

(p.u.) 

Maximum 

voltage drop 

(p.u.) 

Voltage 

violation 

rate (%) 

Reactive power 

utilization 

imbalance 

Intra-group reverse 

reactive power 

adjustment rate (%) 

Mean magnitude of 

reactive power 

adjustment (MVAr) 

Base 

operating 

condition 

0.0287 0.074 0.092 9.84 — — — 

Uniform 

CQP control 
0.0225 0.063 0.079 6.12 0.16 0 2.78 

Uniform CV 

control 
0.0126 0.052 0.059 2.07 0.34 12.86 5.61 

Proposed 

method 
0.0113 0.053 0.054 1.16 0.11 0 3.96 

Table 2. Performance comparison of AVC control strategies 

Table 2 shows that the base operating condition has a mean voltage deviation of 0.0287 p.u. and a voltage violation rate of 9.84%, 

indicating inadequate voltage regulation under the evaluated renewable generation fluctuations. The uniform CQP control reduces the 

average voltage deviation and voltage violation rate to 0.0225 p.u. and 6.12%, respectively, and no reverse regulation among stations 

within the same group occurs. However, since the reactive power references of stations cannot be dynamically adjusted according to 

voltage states, its voltage regulation performance remains limited. Uniform CV control reduces the mean voltage deviation and violation 

rate to 0.0126 p.u. and 2.07%, respectively. Each station responds independently to local voltage deviations, and differences in coupling 

and response characteristics can produce uneven reactive power allocation. The reactive power utilization imbalance is 0.34, the intra-

group reverse reactive power adjustment rate is 12.86%, and the mean magnitude of reactive power adjustment is 5.61 MVAr. Thus, 

improved voltage regulation is accompanied by less balanced allocation and larger adjustments. 

The proposed scheme achieves a mean voltage deviation of 0.0113 p.u. and a voltage violation rate of 1.16%, reductions of 60.63% 

and 88.21% from the base operating condition. Relative to uniform CV control, the reductions are 10.32% and 43.96%, respectively. 

The maximum voltage drop decreases from 0.059 p.u. to 0.054 p.u., while the maximum voltage rise remains nearly unchanged. These 

results indicate less severe undervoltage without a substantial increase in overvoltage in the evaluated cases. Reactive power utilization 

imbalance decreases to 0.11, a reduction of 67.65% from uniform CV control. The intra-group reverse reactive power adjustment rate 

decreases to 0, and the mean magnitude of reactive power adjustment decreases from 5.61 MVAr to 3.96 MVAr. 



 

These results are consistent with the division of control duties among regions. R1 and R2 use CQP and CV control suited to their 

operating characteristics, avoiding unnecessary coordinated allocation where the dominant control relationships are clear. In the strongly 

coupled R3 region, the external CV loop determines each station group's reactive power requirement, and CV-MADDPG allocates that 

requirement within the group. This coordination reduces opposing reactive power adjustments and distributes regulation duties more 

evenly. 

Validation of LLM-Assisted CV-MADDPG Optimization Performance 

After R3 is identified, the LLM assists in refining the CV-MADDPG reward weights and training parameters. It uses training and 

validation feedback on voltage regulation, reactive power allocation, and action smoothness to recommend parameter revisions. Its role 

is limited to parameter refinement; station-level reactive power references are obtained from the trained CV-MADDPG policy outputs. 

Four training schemes are compared: the baseline setting, reward-weight optimization, training-parameter optimization, and LLM-

based joint optimization. The baseline uses the initial reward weights and training parameters. Reward-weight optimization adjusts only 

the weights of the voltage tracking, reactive power balancing, and action smoothing terms. Training-parameter optimization adjusts 

selected CV-MADDPG training parameters while retaining the initial reward weights. LLM-based joint optimization refines both 

parameter groups. The schemes are trained independently using the same data, network architecture, and remaining training conditions. 

Figure 6 illustrates a representative sequence of parameter revisions based on training and validation feedback. Red dashed boxes 

identify changes to reward weights, and blue dashed boxes identify changes to training parameters. 

def calc_reward(v_dev, q_unb, 

delta_q):

    R_v = v_dev ** 2

    R_b = q_unb ** 2

    R_s = delta_q ** 2

    reward = -(w_v*R_v + w_b*R_b

 + w_s*R_s)

    return reward

# reward weights

w_v, w_b, w_s = 1.0, 1.0, 1.0

# training parameters

actor_lr = 1e-4

critic_lr = 3e-4

noise = [0.30, 0.05]

# training feedback:

# voltage deviation remains high

def calc_reward(v_dev, 

q_unb, delta_q):

    R_v = v_dev ** 2

    R_b = q_unb ** 2

    R_s = delta_q ** 2

    w_v = 1.5

    w_b = 0.9

    w_s = 0.9

    reward = -(w_v*R_v + w_b*R_b 

+ w_s*R_s)

    return reward

noise = [0.24, 0.04]

Initial configuration Revision X

Strengthen 

the voltage-

tracking 

objective

Revision Y

# training feedback:

# voltage performance improved

# q imbalance remains noticeable

def calc_reward(v_dev, q_unb

, delta_q):

    R_v = v_dev ** 2

    R_b = q_unb ** 2

    R_s = delta_q ** 2

    w_v = 1.8

    w_b = 1.1

    w_s = 1.0

    reward =-( w_v*R_v + w_b*R_b +

 w_s*R_s)

    return reward

noise = [0.20, 0.03]

# final LLM adjustment

def calc_reward

(v_dev, q_unb, delta_q):

    R_v = v_dev ** 2

    R_b = q_unb ** 2

    R_s = delta_q ** 2

    w_v = 1.8

    w_b = 1.2

    w_s = 1.1

    reward = -(w_v*R_v + 

w_b*R_b + w_s*R_s)

    return reward

noise = [0.16, 0.02]

Final joint optimization

Moderately 

reduce 

exploration noise

Increase the weights 

on reactive 

power balance 

and action 

smoothness

Further narrow 

the exploration 

range

Reward weights 

converge

Establish the 

final configuration

Figure 6. Example of LLM-assisted parameter refinement for CV-MADDPG 

In Figure 6, the early revisions place greater emphasis on voltage tracking. Later revisions adjust the balance among voltage 

tracking, reactive power balancing, and action smoothness, together with the training parameters, to obtain the final joint configuration. 

The LLM recommends these parameter revisions, while the trained CV-MADDPG policy supplies the outputs used to determine station 

reactive power references. 

In R3, CV-MADDPG replaces independent station responses with coordinated reactive power allocation under a common voltage 

control objective. This control structure eliminates the mechanism that leads to reverse reactive power regulation among stations within 

the same group. Training performance is therefore assessed using the daily mean key-node voltage deviation and daily mean station 

reactive power utilization imbalance, as shown in Figure 7. Each episode covers one training day with 288 intervals of 5 min. 
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(a) Daily mean voltage deviation at key nodes in R3 
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(b) Daily mean reactive power utilization imbalance among stations in R3 

Figure 7. CV-MADDPG training performance under different parameter settings 

In Figure 7, both indicators decrease rapidly early in training and then fluctuate around relatively stable levels. This trend is 

consistent with CV-MADDPG learning to allocate station reactive power in response to key-node voltage regulation requirements. The 

remaining fluctuations and occasional curve crossings may reflect differences among training days and changes in available reactive 

power margins. Both forms of individual parameter refinement improve the indicators relative to the baseline. Reward-weight 

optimization yields lower voltage deviations later in training, whereas training-parameter optimization yields lower reactive power 

utilization imbalance. 

LLM-based joint optimization adjusts both reward weights and training parameters. Later in training, it yields the lowest voltage 

deviation, while reactive power utilization imbalance stabilizes at approximately 0.10, below the other three schemes. The joint 

configuration therefore provides a better balance between voltage tracking and station reactive power allocation in these training runs. 

The trained policies are evaluated on the same test set to compare performance on data not used for training. Conventional CV 

control generates independent station responses from the corresponding key-node voltage deviations. The other schemes use CV-

MADDPG for coordinated station reactive power allocation. Table 3 reports the results. 

Control scheme 
Mean voltage deviation at 

key nodes in R3 (p.u.) 

Voltage violation rate at 

key nodes in R3 (%) 

Reactive power utilization 

imbalance among stations 

in R3 

Mean change in reactive 

power setpoints between 

consecutive intervals 

(MVAr) 

Conventional CV control 0.0151 3.26 0.36 6.18 

Baseline configuration 0.0144 2.81 0.145 4.83 

Reward-weight optimization 0.0131 2.04 0.132 4.39 

Training-parameter 

optimization 
0.0138 2.35 0.122 3.26 

Joint LLM optimization 0.0123 1.42 0.105 3.08 

Table 3. Test-set performance of conventional CV control and CV-MADDPG with different parameter settings 

Relative to conventional CV control, the baseline CV-MADDPG setting reduces mean voltage deviation and the voltage violation 

rate by 4.64% and 13.80%, respectively (Table 3). Reactive power utilization imbalance and the mean change in reactive power 

setpoints between consecutive intervals decrease by 59.72% and 21.84%, respectively. These results show that coordinated allocation 

improves voltage regulation, allocation balance, and setpoint smoothness in the test cases even with the initial reward weights and 

training parameters. 

Reward-weight optimization reduces mean voltage deviation and the voltage violation rate to 0.0131 p.u. and 2.04%, respectively, 

reductions of 9.03% and 27.40% from the baseline. Training-parameter optimization reduces reactive power utilization imbalance and 

the mean change in reactive power setpoints between consecutive intervals to 0.122 and 3.26 MVAr, respectively, reductions of 15.86% 

and 32.51%. Thus, among the two schemes that refine one parameter group, reward-weight optimization produces better voltage 

regulation, while training-parameter optimization produces more balanced allocation and smoother setpoints. 

LLM-based joint optimization performs best on all four indicators in Table 3. Relative to conventional CV control, mean voltage 

deviation, the voltage violation rate, reactive power utilization imbalance, and the mean change in reactive power setpoints between 

consecutive intervals decrease by 18.54%, 56.44%, 70.83%, and 50.16%, respectively. Relative to baseline CV-MADDPG, the 

corresponding reductions are 14.58%, 49.47%, 27.59%, and 36.23%. These results support joint refinement of reward weights and 

training parameters to improve voltage tracking, allocation balance, and setpoint smoothness in R3 under the evaluated conditions. 

The LLM analyzes daily operating features and control performance in the test set to select representative days for comparing 

conventional CV control with the jointly refined CV-MADDPG scheme. Figure 8 shows the variation in reactive power utilization 

imbalance among R3 stations on one selected day. 
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Figure 8. Reactive power utilization imbalance among R3 stations on a representative day 

On the day shown in Figure 8, conventional CV control produces relatively high reactive power utilization imbalance, with peaks 

approaching 0.48. The imbalance varies with operating conditions. Under independent station control, differences in response 

characteristics, reactive power margins, and voltage–reactive power sensitivities can concentrate regulation duties at particular stations. 

With CV-MADDPG, reactive power utilization imbalance remains within 0.09–0.13 for most of the day and fluctuates less. The 

controller allocates a common reactive power requirement across stations while accounting for their available capability and effects on 

key-node voltages. This coordinated allocation yields more balanced reactive power utilization as generation and load vary over the 

illustrated day. 

Conclusion 

This paper presents an LLM-assisted approach to zoning and heterogeneous AVC for renewable-rich regional power grids. The 

LLM uses structured regional operating features to recommend station zoning, control modes, and initial parameters. CQP, conventional 

CV, and CV-MADDPG are assigned according to regional operating characteristics. In complex constant-voltage regions, the external 

CV loop determines reactive power requirements, and CV-MADDPG coordinates their allocation among stations. Power-flow 

validation provides feedback for LLM-assisted revisions to control parameters, reward weights, and training parameters. In simulations 

on the modified IEEE 39-bus system, the method improves key-node voltage regulation and reactive power allocation balance while 

reducing opposing reactive power adjustments within station groups and changes in reactive power references. 

Future work will investigate online zoning updates under changing operating conditions, safety validation for LLM-assisted 

decisions, and coordination between renewable energy stations and conventional reactive power control devices across multiple 

timescales. 

Data availability 

The data that support the findings of this study were obtained from a municipal power grid in Shanxi Province, China. Access to these 

data is subject to restrictions imposed by the data provider. The data may be made available upon reasonable request and with 

permission from the data provider. 
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