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Abstract

Voltage and reactive power control in active distribution networks is a safety-critical and
highly dynamic problem, where traditional optimization methods often struggle to balance
efficiency and robustness under complex operating conditions. Recently, large language
models (LLMs) have shown promise in sequential decision-making tasks, but their direct
application to power system control remains limited by the lack of physical grounding and
safety guarantees. In this paper, we propose SafeVolt, a closed-loop LLM-based framework
that integrates multi-candidate action generation, simulator-in-the-loop evaluation, and a fine-
tuned expert judge for safety-aware decision making. In addition, a high-level rule distillation
mechanism that converts successful control experiences into reusable operational axioms is
introduced to enable iterative self-improvement. Experiments on a standard distribution
network scenario demonstrate that the proposed method outperforms representative baselines,
achieving substantial improvements in average reward, voltage violation rate, reactive power
loss, and system stability. In particular, voltage violations and extreme events are substantially
reduced, indicating enhanced operational safety. These results suggest that combining LLM
reasoning with physical simulation and structured feedback provides a promising direction
for reliable and adaptive power system control.

Keywords: reactive power control; large language model-based decision making; supervised
fine-tuning; memory-augmented learning

1. Introduction
The growing penetration of distributed renewable energy, particularly photovoltaics,

has increased the operational complexity of modern distribution grids, introducing stronger
uncertainty, frequent voltage fluctuations, and tighter requirements for fast and adaptive
voltage/reactive power control [1]. In practice, however, many distribution-grid opera-
tional tasks still rely heavily on human dispatchers, rule-based procedures, and predefined
operating plans. Existing studies have pointed out that such workflows often depend
on expert experience, suffer from limited efficiency, and are prone to errors when system
conditions change rapidly [2,3]. Although model-based control methods such as model
predictive control and coordinated reactive power optimization have demonstrated ef-
fectiveness in voltage regulation and reactive power dispatch, they still heavily rely on
accurate physical modeling, manual formulation of objectives and constraints, and repeated
online optimization, which may limit their flexibility and responsiveness in renewable-rich
and fast-changing operating environments [4,5]. Therefore, there is a clear need for more
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adaptive and efficient decision-making frameworks for voltage/reactive power dispatch in
active distribution systems.

Recent advances in large language models (LLMs) have made them increasingly rele-
vant to power dispatch and grid operation tasks where structured operational data must
be jointly interpreted with natural-language regulations, dispatch rules, and historical
operation records [6]. For voltage and reactive power dispatch in distribution networks,
this capability is particularly attractive because practical decisions often require not only nu-
merical grid-state analysis, but also semantic understanding of operating procedures, safety
margins, device-control rules, and dispatcher experience. Existing studies have demon-
strated the potential of domain-adapted and retrieval-augmented LLMs in the electric
energy sector. They can effectively process numerical dispatch information, semantically
interpret complex grid regulations, and also generate structured executable commands
(e.g., SQL queries) for dispatching systems [7–9].

However, directly deploying LLMs as end-to-end decision makers remains challenging
due to several inherent limitations. Fundamentally, factual hallucination presents a key chal-
lenge to trustworthy deployment [10]. In voltage and reactive power control, hallucinated
outputs—such as generating setpoints that exceed inverter capacities or ignoring voltage
thresholds—can directly compromise system stability. Compounding this reliability issue
is the severe controllability challenge of LLM: it is difficult to ensure that LLMs consistently
adhere to strict, user-specified constraints [11]. This deficiency is especially concerning in
distribution networks, where control actions must satisfy complex physical boundaries
(e.g., AC power flow equations and N-1 security limits) that statistical language models
cannot guarantee by design. Furthermore, in dynamic, interactive decision-making tasks,
naive one-shot prompting frequently fails because an isolated model lacks the iterative,
experience-based feedback required to adapt to changing environments [12]. Given the
continuous uncertainties from renewable energy fluctuations and load variations, an open-
loop LLM decision that ignores real-time physical feedback quickly becomes outdated or
even counterproductive. These compounding vulnerabilities suggest that, in safety-critical
dispatch and control scenarios, LLMs should be embedded into a closed-loop framework
with explicit physical verification, controllable decision constraints, and iterative feedback,
rather than being used as unconstrained conversational generators in a one-shot manner.

To address the above challenges, this paper proposes SafeVolt, a closed-loop decision
framework that bridges LLM reasoning and actual grid physics for voltage and reactive
power control in active distribution systems. The proposed method departs from naive
end-to-end generation by establishing a tightly coupled, closed-loop architecture. At its
core, rather than directly producing a single action, the framework prompts the LLM to
perform LLM-based multi-candidate policy generation conditioned on the current system
state and accumulated historical knowledge. Instead of executing these raw outputs, the
system explicitly grounds them in physical reality through Simulation-based evaluation,
including power-flow simulation, reward modeling, and N-1 security analysis. Building
upon this rigorous evaluation, Safety-aware decision via a fine-tuned judge model serves as
a safety-aware decision module, which filters out infeasible actions and finalizes the most
reliable control command. Furthermore, to ensure the framework does not remain static
in dynamic operating environments, a Memory-augmented self-evolution mechanism
is incorporated. This module actively tracks performance trends, retrieves analogous
historical dispatch cases, and distills successful regulation profiles into reusable, high-level
axioms. Together, these components establish a practical unified framework for safely
exploiting LLM capabilities within the strict operational boundaries of power systems.

The main contributions of this work are summarized as follows:
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• We propose SafeVolt, the first closed-loop LLM-augmented framework for continuous
reactive power control in active distribution networks that tightly integrates four
components—multi-candidate policy generation, simulation-based physical evalua-
tion, safety-aware decision making via a fine-tuned judge, and memory-augmented
self-evolution—into a unified pipeline. Unlike existing LLM-based power-system
studies that operate as offline assistants or one-shot generators, SafeVolt maintains a
persistent closed loop with physical simulation feedback at every decision step.

• We introduce two novel technical mechanisms specifically designed for the safety-
critical and dynamic characteristics of distribution network voltage control: (i) an
axiom extraction and reuse mechanism that distills successful control patterns into high-
level reusable rules, enabling iterative self-improvement without offline retraining;
and (ii) a domain-specific fine-tuned judge model that performs binary safety screening
based on simulated physical metrics (voltage profile, N-1 security), preventing the
execution of LLM-generated actions that violate operational constraints. These designs
go beyond simple retrieval augmentation or direct fine-tuning by grounding LLM
reasoning in physical simulation.

• Simulation results on the IEEE 33-bus active distribution network scenario verify the
effectiveness of the proposed framework within the evaluated setting. Compared with
representative LLM-based baselines, SafeVolt achieves significantly lower voltage
violation rates (reducing from 23–40% to 1.23%), higher average reward, and near-
elimination of extreme voltage events, demonstrating that physically grounded closed-
loop filtering substantially improves the safety and reliability of LLM-based control.

2. Related Work
2.1. Non-LLM Methods for Power Grid Scheduling and Control

Physics-informed and model-based methods. Early research on voltage regulation
in active distribution networks was dominated by model-based and scientific-computing
approaches that rely on explicit physical models, solver-accessible constraints, and numer-
ically interpretable objectives. Representative studies formulated voltage regulation as
constrained predictive control or coordinated reactive-power optimization. For instance,
MPC-based centralized control [4] updates multi-step optimization decisions using real-
time measurements, while distributed coordinated reactive power control [5] handles un-
certain voltage violations across heterogeneous devices. OLTC–inverter coordination [13]
further addresses voltage regulation in unbalanced feeders through a linearized multi-
objective optimization model. These approaches are strong in constraint handling and
operational interpretability, making them suitable for many well-defined voltage-regulation
and reactive-power optimization tasks. However, in high-PV active distribution networks,
their dependence on accurate feeder models, manually specified objectives and constraints,
and repeated online optimization can limit their real-time scalability and robustness to
model mismatch. When source-load fluctuations are severe, topology information is incom-
plete, or operating rules need to be adjusted online, purely model-based workflows may
respond slowly or require substantial manual intervention from dispatchers.

Graph learning methods. Graph learning methods were introduced because power
systems are naturally graph-structured, and electrical states evolve over non-Euclidean
topologies that are difficult to capture with plain vector-based models. As summarized in a
recent review [14], graph neural networks provide a suitable inductive bias for modeling
node attributes, line connectivity, and spatial dependencies in power systems. Building on
this intuition, a physics-aware spatio-temporal graph convolution framework [15] enables
topology-aware feature extraction for grid-state forecasting and downstream voltage-
control decision making. A multi-agent graph reinforcement learning framework [16]
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further allows local controllers to aggregate neighborhood information under partial observ-
ability, while a physical-assisted graph learning method [17] improves learning efficiency
and adapts to topology variation in PV-rich active distribution networks. This line of work
substantially improves topology-aware representation and decentralized coordination,
but it remains centered on structured electrical-state encoding and policy learning, rather
than directly exploiting unstructured operating rules, textual documents, or transferable
experiential memory. To bridge this gap, some recent studies have integrated LLMs with
grid knowledge graphs for tasks like fault attribution [18] and work-ticket generation [19].
More broadly, emerging hybrid GNN-LLM architectures such as GraphRAG [18] and graph-
conditioned transformer approaches are beginning to combine topological encoding with
language-model generation, and could in principle serve as an informative comparison
baseline for SafeVolt. However, these graph-enhanced LLM approaches primarily treat the
power grid as a static informational network for offline text generation or static diagnosis;
they do not support real-time physical simulation feedback, continuous reactive-power
action generation, or online safety verification. Extending such hybrid architectures to
dynamic closed-loop control with strict continuous safety constraints remains an open
research direction that we identify as a meaningful avenue for future work.

Reinforcement learning and sequential decision-making methods. Reinforcement
learning recasts voltage regulation as a sequential decision-making problem, allowing con-
trollers to learn closed-loop policies directly from interaction with the environment. Deep
reinforcement learning for Volt-VAR control [20] formulates voltage regulation as a model-free
learning problem in unbalanced distribution systems, and data-driven multi-agent deep
reinforcement learning [21] extends this direction with centralized training and decentralized
execution for high-PV settings. The MAPDN benchmark [22] makes partial observability and
large-scale coordination explicit. More recently, safety-constrained MARL [23] models active
voltage control as a constrained Markov game. Together, these studies establish RL and MARL
as strong tools for numerical sequential control; however, they still face persistent challenges
in training cost, interpretability, safety during exploration, and cross-topology generalization,
which motivates the search for frameworks that can additionally exploit textual knowledge,
retrieved experience, and higher-level reasoning.

2.2. LLMs for Power Scheduling and Operational Decision Making

LLMs as knowledge interfaces and document interpreters. Compared with con-
ventional numerical optimization and learning-based controllers, LLM-based methods
provide a new possibility for connecting power dispatch tasks with unstructured operat-
ing knowledge, such as dispatch regulations, work tickets, equipment descriptions, and
historical operation cases. This is important for distribution-network voltage and reactive
power dispatch, where practical decisions are often shaped by both physical constraints
and human-readable operating rules. Large language models first entered power-system
workflows primarily as knowledge interfaces rather than stand-alone numerical solvers.
ChatGPT (GPT-3.5, OpenAI)-based OpenDSS generation [24] can assist with distribution-
system modeling and simple load-flow-related engineering tasks under guided prompting.
To improve domain grounding, a knowledge-graph-enhanced fault attribution framework
[18] integrates a fault knowledge graph with an LLM and a reinforcement-learning-based
node-selection mechanism. More recently, a retrieval-augmented framework for compli-
ance evaluation [8] has moved closer to operational support by using hierarchical document
retrieval and automatic prompt construction to interpret operating rules. Extending this
line beyond pure text, MGRAG [19] integrates historical text, equipment images, and
wiring-diagram subgraphs into a multimodal retrieval pipeline for power-grid work-ticket
generation. Taken together, these studies suggest that the main contribution of LLMs at
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this stage is not to replace power-flow calculation or reactive-power optimization itself,
but to connect dispatch workflows with unstructured documents, operating regulations,
historical voltage-control cases, and multimodal operational knowledge.

LLMs as planners and decision-makers. Beyond document grounding, recent studies
have begun to position LLMs as planners or decision-support engines in dispatch workflows.
GAIA [7] is a domain-specific LLM for advanced power dispatch and has been evaluated on
tasks such as operation adjustment, operation monitoring, and black start. A GPT-agent-based
real-time OPF framework [25] moves one step closer to optimization-in-the-loop decision
making by interpreting natural-language stipulations as objectives and constraints. For
distribution-level control under topology variation, an in-context MPC framework [26] builds
a topology-adaptive surrogate for power-flow calculation and couples it with load forecasting
and MPC for adaptive voltage regulation. In a more direct decision-generation setting, an LLM-
based distribution reconfiguration approach [27] shows that language models can output
near-real-time topology decisions while satisfying domain-specific feasibility requirements.
Nevertheless, most existing LLM-based decision-making studies still focus on high-level
dispatch assistance, discrete operational decisions, or LLM-in-the-loop coordination with
external optimizers, leaving the unified handling of graph topology, continuous control
actions, and real-time closed-loop safety underexplored.

2.3. From Task-Specific LLMs to Agentic Scheduling Systems

Memory and experience reuse. Memory-augmented LLM agents shift the role of lan-
guage models from one-shot responders to iterative decision systems that can accumulate
and reuse experience. Reflexion introduces a verbal reinforcement mechanism in which
agents summarize failures into reflective text and store these reflections in an episodic
memory buffer for subsequent trials [28]. Complementarily, MemoryBank equips LLMs
with an explicit long-term memory module that supports memory updating, retrieval, and
forgetting, thereby improving historical context retention over extended interactions [29].
For cross-task transfer, Voyager demonstrates that successful behaviors can be stored
in an ever-growing skill library and retrieved in novel environments, enabling reusable
experience rather than task-specific re-optimization [30]. In the power-system domain, Re-
Power further shows that reflection-driven iterative improvement can be embedded into an
autonomous workflow, suggesting that memory in domain-specific agents should be under-
stood not only as context preservation, but also as a mechanism for failure summarization,
experience retrieval, and transferable policy refinement [31].

Tool use and external-system coordination. Agentic power-system applications also
differ from pure text generation in that they rely on tools, simulators, and external exe-
cution modules. ReAct provides a foundational paradigm in which reasoning traces are
interleaved with actions, allowing an LLM to gather information from external knowl-
edge sources or environments instead of relying solely on parametric generation [32].
Toolformer pushes this idea further by showing that language models can learn when
to invoke APIs, what arguments to pass, and how to integrate tool outputs back into
subsequent generation [33]. In the power-grid domain, DrAgent offers a concrete exam-
ple of such tool-mediated orchestration: it combines an LLM with user-defined domain
tools for disturbance-record analysis, and further improves robustness through argument
reconstruction and tool-output caching [34]. Similarly, a GPT-agent-based real-time OPF
framework [25] interprets linguistic stipulations as optimization objectives and constraints
and then handles them within a deep-reinforcement-learning loop. Taken together, these
studies suggest that practical agentic decision support in power systems is better framed
as coordinated reasoning over external tools, simulators, databases, and solvers than as
end-to-end text-only inference [25,32–34].
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Multi-agent and long-horizon closed-loop systems. Beyond single-agent settings,
recent work has begun to organize LLM systems as multiple specialized agents that collab-
orate over long horizons. CAMEL is an early representative of this direction, proposing
a role-playing framework for autonomous cooperation among communicative agents
in multi-agent task-solving settings [35]. AutoGen generalizes this idea into a practical
multi-agent conversation framework in which multiple agents, humans, and tools can be
orchestrated within one application workflow [36]. From the perspective of long-horizon
operation, Voyager shows that continual exploration, skill accumulation, and retrieval can
support open-ended behavior over extended interaction horizons [30]. In the power-system
domain, RePower moves beyond task-specific prompting toward an autonomous closed-
loop platform that iteratively controls devices, acquires data, designs methods, and refines
algorithms through reflection-evolution cycles [31]. Together, these studies indicate that the
next step after task-specific LLM assistance is not merely a stronger single model, but an
agentic system capable of multi-agent coordination, long-horizon memory accumulation,
and iterative closed-loop improvement [30,31,35,36].

Existing model-based and reinforcement-learning-based methods are effective for
numerical voltage regulation and reactive power optimization under explicit physical
constraints, but they remain strongly tied to topology-specific modeling, offline training, or
task-specific policy learning. As a result, they do not naturally exploit textual operating
rules, dispatcher experience, or reusable historical voltage-control cases. Recent LLM-
based studies have improved document grounding, solver orchestration, and high-level
dispatch planning, yet most of them still act as assistants to MPC/OPF/RL pipelines or
focus on discrete operational decisions rather than continuous reactive-power control in
active distribution networks. Although recent agent frameworks introduce memory, re-
flection, and tool use, a unified framework for distribution-network voltage and reactive
power dispatch that integrates structured grid states, physical simulation, safety verifi-
cation, and experience reuse is still missing. Our work addresses this gap by proposing
SafeVolt, a memory-augmented LLM control framework that combines multi-candidate
action generation, simulation-based physical evaluation, a fine-tuned safety judge, and
memory-augmented self-evolution for closed-loop voltage and reactive power control.

3. Methodology
3.1. Problem Formulation

We consider the voltage and reactive power control problem in distribution networks
as a sequential decision-making process. At each time step t, the system state is defined as:

st = [V1, . . . , VN , P1, . . . , PM] (1)

where bus i refers to an electrical node (connection point) in the distribution network—
representing a junction of distribution lines, load connection points, or distributed energy
resource (DER) connection sites—and Vi denotes the voltage magnitude at bus i. Pi includes
the active power injection, renewable generation output, and load-related operational
measurement collected at bus i.

The control action corresponds to the reactive power dispatch of distributed energy
resources (DERs), including inverter-based photovoltaic units and reactive compensation
devices, which are used to regulate local voltage profiles under dynamic operating conditions:

at ∈ [−Qmax, Qmax]
M (2)

The objective of voltage and reactive power control is to maintain secure and stable
network operation under fluctuating load and renewable generation conditions. Specifically,
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the control policy aims to suppress voltage violations, reduce overall voltage deviation
from the nominal operating point, and avoid excessive reactive power compensation that
may increase system losses and device stress.

3.2. Overall Framework of SafeVolt

We propose SafeVolt, a policy decision framework that combines large language
models (LLMs) with power system simulations and safety-aware filtering.

The framework consists of four key components, as illustrated in Figure 1:

• LLM-based multi-candidate policy generation
• Simulation-based evaluation
• Safety-aware decision via a fine-tuned judge model
• Memory-augmented self-evolution mechanism

Figure 1. Overall framework of the proposed method, consisting of memory system and policy workflow.
Arrows indicate the direction of data flow and control signal transmission between components.

These components form a closed-loop decision-making pipeline that combines data-
driven reasoning with physical system feedback.

3.3. LLM-Based Multi-Candidate Policy Generation

Instead of directly producing a single control action, the LLM generates a set of K
candidate actions:

{a(1)t , a(2)t , . . . , a(K)t } (3)

K denotes the number of generated actions for each iteration; each candidate is gener-
ated conditioned on the current state st, retrieved historical experiences, and accumulated
high-level axioms.

Diversity assurance. To ensure that the K candidates explore meaningfully different
regions of the action space, the LLM prompt explicitly instructs the model to generate
diverse strategies along a spectrum (e.g., conservative, moderate, and aggressive reactive
dispatch profiles). The generation temperature is set to T = 0.8, introducing stochasticity
that naturally promotes candidate diversity. In our experiments, we verified that this
temperature value, combined with the prompt-level diversity instruction, consistently
yields distinct candidate profiles across iterations.

Selection of K. The value of K = 3 is chosen as a practical trade-off between explo-
ration coverage and computational budget. A larger K increases the probability of including
a high-quality and safe action but linearly scales the simulation and judge evaluation cost.
We conducted a sensitivity analysis over K ∈ {1, 2, 3, 5} (see Section 4.3) and found that
K = 3 provides a favorable balance: performance is substantially better than K = 1 (single
generation), while the marginal improvement from K > 3 is limited, validating our choice.

This multi-candidate strategy enhances the exploration capability of the LLM while
retaining computational tractability.
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3.4. Simulation-Based Evaluation and Reward Design

Each candidate action is evaluated through power flow simulation and security anal-
ysis. To align the optimization objective with practical grid operation requirements, the
reward function is designed to jointly consider voltage security, operational stability, and
reactive power economy. Specifically, voltage violations are heavily penalized because
over-voltage and under-voltage conditions may threaten equipment safety and power
quality. Voltage deviation is minimized to maintain stable voltage profiles across the distri-
bution network. In addition, excessive reactive power regulation is discouraged to avoid
unnecessary inverter stress and reactive power circulation losses.

In practical active distribution network operation, voltage regulation must simultane-
ously satisfy security constraints, maintain acceptable power quality, and avoid excessive
reactive power dispatch that may accelerate inverter aging or increase network circulation
losses. The reward function is defined as:

R = −(w1 · Violation_Rate + w2 · Voltage_Deviation + w3 · Q_Loss) (4)

where the w1, w2, w3 represents the weight of each component. In this work, we set w1 = 1.0,
w2 = 0.5, and w3 = 0.1. These values reflect the operational priority hierarchy of distri-
bution network voltage control: voltage violations (i.e., buses outside the 0.95–1.05 p.u.
safe range) are the most critical safety concern and thus carry the highest weight; voltage
deviation from the nominal level is a secondary quality metric; and reactive power loss,
while important for device efficiency, is a tertiary economic objective. The weights were
determined empirically based on domain knowledge and verified to yield stable training
behavior; a sensitivity analysis of these weights is discussed in Section 4.3. The components
are defined as follows:

Voltage violation rate measures the proportion of buses operating outside the secure
voltage range of 0.95–1.05 p.u., reflecting the overall operational security of the distribu-
tion network. The secure voltage interval of 0.95–1.05 p.u. follows common operational
standards in practical distribution network operation:

Violation_Rate =
1
N

N

∑
i=1

I(Vi < 0.95 or Vi > 1.05) (5)

where I(·) denotes the indicator function that returns 1 when the logical condition inside is
true and 0 otherwise, and N is the total number of buses in the distribution network.

Voltage deviation evaluates the average deviation from the nominal voltage level,
encouraging smoother voltage profiles and improving power quality:

Voltage_Deviation =
1
N

N

∑
i=1

|Vi − 1.0| (6)

Reactive power loss constrains excessive reactive power compensation from dis-
tributed energy resources, thereby reducing unnecessary regulation burden and improving
operational economy:

Q_Loss =
M

∑
j=1

|QPVj | (7)

where QPVj is the reactive power dispatch of the j-th PV inverter or compensation device,
and M is the total number of DERs in the network.

3.5. Safety-Aware Decision via Fine-Tuned Judge

To ensure operational safety, we introduce a fine-tuned LLM J as a decision judge.
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Each candidate action is evaluated as, and k ∈ 1, . . . , K:

J(a(k)t ) ∈ {ACCEPT, REJECT} (8)

The final action is selected as:

a∗t = arg max
a(k)t

{
R(a(k)t ) | J(a(k)t ) = ACCEPT

}
(9)

If no candidate satisfies the acceptance criterion, a fallback strategy is adopted:

a∗t = arg max
a(k)t

R(a(k)t ) (10)

This mechanism prevents unsafe control actions that may lead to voltage instability, ex-
cessive reactive power dispatch, or operational conflicts among distributed resources, thereby
improving the practical deployability of the framework in real-world distribution networks.

3.6. Memory-Augmented Self-Evolution Mechanism

We design a memory module to enable continual adaptation and knowledge accumu-
lation. The memory enables the framework to reuse historically effective control strategies
under similar operating conditions, thereby improving decision consistency and long-term
adaptability under continuously changing grid states.

Quality control and degradation prevention. A key risk in experience-based memory
systems is the accumulation of erroneous or suboptimal rules: if a poor strategy is stored
and subsequently retrieved, it may repeatedly induce low-quality decisions. To mitigate
this, SafeVolt incorporates two memory quality control mechanisms:

1. Performance-conditioned storage: An experience is stored in the vector database
only if the corresponding decision was accepted by the judge model and the resulting
reward exceeds the current moving-average baseline R̄t. This prevents suboptimal
episodes from polluting the experience pool.

2. Axiom validation and pruning: Each axiom in the axiom pool A is associated with a
usage counter and an acceptance rate (fraction of times that prompts incorporating this
axiom led to accepted actions). Axioms whose acceptance rate falls below a threshold
over the global evaluation window τglobal are removed from the pool, preventing the
self-evolution mechanism from reinforcing outdated or environment-specific rules.

Together, these mechanisms ensure that the memory remains a curated repository of
reliable control knowledge rather than an uncritically growing log of all past decisions.

Quantitative parameter specification. Table 1 lists all memory-related hyperparam-
eters with their values. The axiom acceptance rate threshold is set to θaxiom = 0.30,
meaning that an axiom is retained only if at least 30% of prompts incorporating it re-
sult in ACCEPT decisions over the τglobal = 100-step global evaluation window. The
moving-average smoothing factor α = 0.10 provides stable reward trend estimation with-
out over-responding to single-step fluctuations. The improvement trigger threshold for
axiom extraction is δ = 30%, ensuring that only meaningfully improved episodes generate
new axioms. To assess the robustness of these settings, we conducted sensitivity checks
within ±30% of each reported value on the 33-bus scenario: (i) varying θaxiom ∈ [0.20, 0.40]
changed the violation rate by less than 0.5 percentage points; (ii) varying α ∈ [0.07, 0.15]
changed the average reward by less than 0.08; (iii) varying τglobal ∈ [70, 130] steps did not
materially affect convergence behavior. These results indicate that the memory quality
control mechanism is not highly sensitive to the exact parameter values within reasonable
operational ranges.

https://doi.org/10.3390/computers15070422

https://doi.org/10.3390/computers15070422


Computers 2026, 15, 422 10 of 21

Table 1. Hyperparameter settings used in the proposed method.

Parameter Description Value

K Number of candidate actions per step 3
T LLM generation temperature (action generator) 0.8
Tjudge LLM temperature (expert judge) 0.1
τlocal Local performance window (steps) 50
τglobal Global performance window (steps) 100
δ Improvement threshold for axiom extraction (%) 30
Niter Number of optimization iterations 5
Nep Number of episodes per iteration 3
Tmax Maximum steps per episode 50
w1 Reward weight: voltage violation rate 1.0
w2 Reward weight: voltage deviation 0.5
w3 Reward weight: reactive power loss 0.1
α Moving-average reward decay factor 0.1
θaxiom Axiom acceptance rate threshold for pruning 0.30

3.6.1. Experience Retrieval

Historically effective voltage regulation strategies under similar load and renewable
generation conditions are embedded into a vector database and retrieved via cosine sim-
ilarity, where eq is the query embedding of the current system state and em is the stored
embedding of a historical experience entry:

Sim =
eq · em

∥eq∥∥em∥
(11)

3.6.2. Performance Tracking

A moving average reward is maintained to track performance trends, where α ∈ (0, 1)
is the exponential smoothing factor controlling the relative importance of recent vs. histori-
cal rewards:

R̄t = (1 − α)R̄t−1 + αRt (12)

3.6.3. Axiom Extraction (Self-Evolution)

In this work, an axiom is defined as a high-level, human-readable control rule auto-
matically distilled from observed successful operating experiences. Formally, an axiom
takes the form of a conditional natural-language statement: “Under operating condition C,
applying control strategy S tends to produce outcome O.” For example: “Under high PV output
at midday with load below 60%, increasing reactive absorption of end-feeder inverters by 10–20%
reliably suppresses over-voltage violations.” Axioms encode reusable domain knowledge that
transcends individual time steps and are incorporated directly into the LLM’s generation
prompt to guide future action proposals.

When improvement is observed (i.e., R̄t exceeds the threshold δ over the global
window τglobal), the LLM summarizes the successful episode into one or more axioms,
which are then appended to the axiom pool A in the memory module.

This self-evolution mechanism enables the framework to progressively refine its
decision-making capability over time, accumulating distilled operational knowledge rather
than only retrieving raw historical episodes.

3.7. Overall Optimization Objective

The overall decision process can be summarized as:

a∗t = arg max
a(k)t

{
R(a(k)t ) | J(a(k)t ) = ACCEPT

}
(13)
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3.8. Theoretical Discussion: LLM as Policy Prior

The proposed framework can be interpreted from a probabilistic perspective, where
the LLM acts as a policy prior over the action space.

Specifically, the LLM defines a stochastic conditional distribution over candidate
actions, parameterized by the temperature T and the model weights θ:

a(k)t ∼ πLLM(· | st, E ; T, θ), k = 1, . . . , K (14)

which encodes prior knowledge E (including retrieved experiences and high-level axioms)
learned from large-scale data, and st denotes the current grid state. The temperature
T controls the diversity of the generated candidates: higher T increases exploration by
sampling from a broader distribution over feasible actions, while lower T concentrates
sampling near the most probable action.

Instead of directly optimizing this policy, our framework performs sampling-based
policy refinement. The LLM generates K candidate actions from the prior distribution
(Equation (14)). Then, the physical simulator evaluates each candidate using true system
dynamics, and a safety-aware judge enforces operational constraints.

Thus, the final policy can be interpreted as solving:

π∗(a | st) ∝ πLLM(a | st, E ; T, θ) · exp(R(a)) · I[J(a) = ACCEPT] (15)

where πLLM acts as a prior over the action space, exp(R(a)) corresponds to the reward-
based likelihood that up-weights high-quality actions, and I[·] enforces hard safety con-
straints via the judge model.

This formulation reveals that the proposed method approximates a form of constrained
posterior inference over actions, where π∗ is to be revised in iterations. Unlike traditional RL
methods that learn a policy via gradient-based updates, our approach performs inference-
time optimization by combining prior knowledge (LLM) with environment feedback
(simulation) and constraint filtering (judge model). This design avoids unstable policy
training and enables rapid adaptation to new environments. From the perspective of power
system operation, the proposed framework can be viewed as combining data-driven policy
priors with physics-based feasibility verification, thereby balancing operational flexibility
and system security.

4. Discussion
4.1. Experimental Setup
4.1.1. Dataset

The dataset used for training the expert judge model is constructed in an instruction-
following format, tailored for safety assessment in distribution network reactive power control.
Each data sample consists of three components: instruction, input, and output. The in-
struction defines the task as evaluating whether a given control action is acceptable. The input
provides a structured textual description of system operating conditions, including voltage
violation rate, average voltage deviation, reactive power loss, and N-1 security indicators. The
output contains the final decision (ACCEPT or REJECT) along with concise reasoning.

The underlying simulation environment is based on a publicly available voltage
control dataset for multi-agent power distribution networks [37]. In this work, we focus on
the case33_3min_final scenario and generate diverse operating conditions by randomly
initializing system states.

A typical data entry is structured as follows:

• Instruction: Safety assessment of a control action
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• Input: System metrics and simulation results
• Output: Verdict and explanation

The dataset contains 2000 samples generated from simulated distribution network
operations. Based on this dataset, we perform supervised fine-tuning (SFT) on the
Qwen2.5-7B-Chat [38] model to obtain a domain-specific expert judge.

To ensure a fair evaluation, the training data for the judge model and the datasets used
in the main experiments are generated independently with different random initializations.
Therefore, there is no overlap between the fine-tuning dataset and the evaluation scenarios,
avoiding potential data leakage. Moreover, the underlying voltage control scenarios are
derived from publicly available datasets, ensuring reproducibility.

4.1.2. Baselines

To evaluate the effectiveness of the proposed method, we compare against three
representative baselines, all implemented using the same large language model backbone
(Qwen2.5:32B) deployed locally via Ollama [39].

• Pure LLM: The LLM directly generates control actions based solely on the current
system state, without any external memory, feedback, or prompt enhancement. This
baseline reflects the raw decision-making capability of a large language model in
power system control tasks.

• Reflection: This baseline introduces dynamic prompt construction, where the LLM is
guided by structured feedback derived from previous system responses. The prompt
is iteratively refined by incorporating recent performance indicators (e.g., voltage
violations), enabling a form of self-reflection to improve decision quality.

• Memory + Ref: Building upon the reflection mechanism, this baseline further incorpo-
rates historical experience retrieval. Similar past cases are retrieved from a memory
database and dynamically injected into the prompt, allowing the LLM to leverage
both short-term feedback (reflection) and long-term knowledge (memory).

Baseline implementation and representativeness. All three baselines share the iden-
tical LLM backbone (Qwen2.5:32B via Ollama) and LLM generation temperature (T = 0.8).
The key distinctions among the baselines lie in the prompting strategy rather than in model-
level hyperparameters; consequently, no separate hyperparameter tuning was required
for the baselines beyond the fixed LLM temperature and retrieval pool size (both identical
to those used in SafeVolt). The three baselines are designed to form a controlled capabil-
ity ladder that isolates the contribution of each component of the proposed framework:
Pure LLM establishes the performance floor of direct generation without any augmen-
tation; Reflection adds iterative prompt self-refinement [28], representing the current
state of prompting-only LLM improvement; and Memory + Ref further adds experience
retrieval [29], representing the strongest currently feasible LLM-based approach without
physical simulation. Together, they represent the main paradigms for LLM-based decision
improvement, and their progressive design allows the performance gains to be directly
attributed to SafeVolt’s physical simulation loop and safety verification, rather than to
implementation differences.

4.1.3. Implementation Details

The proposed framework consists of four main components, each responsible for a
specific function within the decision-making pipeline.

Action Generator: The action generator is implemented using Qwen2.5:32B, deployed
locally via Ollama. It serves as the core decision-making module, generating multiple
candidate reactive power control actions based on the current system state and retrieved
historical experiences.

https://doi.org/10.3390/computers15070422

https://doi.org/10.3390/computers15070422


Computers 2026, 15, 422 13 of 21

Expert Judge: The expert judge is based on Qwen1.5-7B, fine-tuned using Low-Rank
Adaptation (LoRA). It evaluates candidate actions using simulation-derived physical met-
rics, such as voltage profiles and N-1 security indicators, and outputs binary decisions
(ACCEPT or REJECT) to ensure operational safety.

Axiom Extractor: The axiom extractor shares the same architecture as the action
generator (Qwen2.5:32B). When significant performance improvements are observed, it
summarizes successful control patterns into high-level natural language rules (axioms),
which are incorporated into future decision-making processes.

Embedding Model: The embedding model is implemented using nomic-embed-text,
also deployed via Ollama. It encodes historical experiences into high-dimensional vectors,
which are stored in a ChromaDB vector database to support efficient similarity-based retrieval.

4.1.4. Evaluation Metrics

We adopt multiple evaluation metrics to comprehensively assess the performance of
different methods from the perspectives of safety, efficiency, and robustness.

Average Reward (Avg Reward) measures the overall quality of control actions by balanc-
ing voltage regulation and loss minimization. Higher values indicate better performance.

Voltage Violation Rate (Violation Rate%) refers the proportion of nodes with voltage
outside the safe range (0.95–1.05 p.u.). Lower values indicate better safety performance.

Reactive Power Loss (Q Loss) quantifies the reactive power consumption during
control. Lower values indicate higher energy efficiency.

Voltage Standard Deviation (Voltage Std. Dev.) measures the uniformity of voltage
distribution across the network. Lower values indicate smoother voltage profiles.

Extreme Events refers the number of severe voltage violations beyond the range of
0.93–1.07 p.u. Lower values indicate better capability in avoiding critical failures.

4.1.5. Hyperparameter Settings

The hyperparameter settings used in the proposed method are listed in Table 1. The
overall performance comparison of all methods is presented in Table 2. It can be observed
that the proposed method achieves substantially better performance compared to all
baselines across almost all evaluation metrics.

Table 2. Comprehensive Performance Comparison of Different Methods. ↑ indicates better perfor-
mance with higher values, whereas ↓ indicates better performance with lower values. The best results
are highlighted in bold.

Method Avg Reward ↑ Violation Rate ↓ Q Loss ↓ Voltage Std. Dev. ↓ Extreme Events ↓
Pure LLM −5.7432 25.90% 0.7820 0.0525 785
Reflection −8.7198 40.06% 1.1478 0.0833 1621
Memory + Ref −5.6430 23.23% 0.7642 0.0513 731
Ours −0.9009 1.23% 0.2041 0.0197 9

From Table 2, our method achieves a substantially higher average reward compared to
all baselines, improving from approximately −5.6 ∼ −8.7 to −0.90. The voltage violation rate
is reduced from over 23–40% in baseline methods to only 1.23%. Additionally, our method
reduces reactive power loss, achieving the lowest Q Loss among all methods. The voltage
standard deviation is reduced to 0.0197, indicating a much more uniform voltage distribution
across the network. Meanwhile, extreme events are nearly eliminated (from hundreds to
single digits), demonstrating strong robustness against severe voltage violations.

Analysis of the performance gap. The large margin between our method and the
baselines warrants discussion. We attribute it to the compounding effect of three safeguards
that baseline methods all lack simultaneously:
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1. Physical feasibility filtering: Baseline methods (including Memory + Ref) directly
execute LLM-generated actions without power-flow verification. Even a single infeasi-
ble action can push the network into a voltage-violation state that persists for multiple
subsequent steps, leading to a cascade of negative rewards. SafeVolt’s simulation-
based evaluation eliminates such infeasible outputs before execution.

2. Safety-aware screening: The fine-tuned expert judge provides binary ACCEPT/REJECT
screening based on simulated voltage profiles and N-1 indicators, creating a hard
safety boundary that the other methods do not have. This disproportionately reduces
extreme events, which inflate the violation count for baselines.

3. Accurate fallback: When all K candidates are rejected, SafeVolt falls back to the
highest-reward candidate from simulation (rather than executing a rejected LLM
output or doing nothing), maintaining a reasonable action even in edge cases.

These three mechanisms operate synergistically: their combined effect exceeds the sum
of their individual contributions, explaining the large absolute gap. We acknowledge that a
more comprehensive comparison on multiple independent network configurations would
further validate this analysis, which we identify as an important direction for future work.

As shown in Figure 2, the proposed method consistently maintains a higher reward
level throughout all iterations, indicating stable and effective decision-making. In contrast,
the baseline methods either converge slowly or degrade over time, especially the Reflection
baseline, which exhibits a continuous decline in performance. This demonstrates that: Pure
LLM lacks stability in sequential decision-making; Reflection alone may introduce instability
due to error accumulation; Memory improves performance but remains limited without
physical feedback; Our method achieves stable optimization through simulation-in-the-loop
and safety filtering.

Figure 2. Optimization progress in terms of average reward over iterations. It illustrates the opti-
mization trajectory of different methods

Figure 3 compares the voltage distribution across methods at the final iteration. The
proposed method exhibits the most compact distribution, with the majority of voltage values
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concentrated within the safe range. The narrow box indicates low variance, while the minimal
number of outliers reflects strong robustness against extreme conditions. Reflection shows
the widest distribution, indicating unstable control; Pure LLM and Memory + Ref exhibit
moderate performance but still produce numerous out-of-bound values. This result highlights
the effectiveness of the proposed safety-aware filtering mechanism in our method.

Figure 3. Voltage distribution comparison across different methods at the final iteration. The red
dashed lines indicate safety limits (0.95–1.05 p.u.).

Figure 4 shows the voltage safety profile comparison over time. Our method demon-
strates:

• Smoother trajectories: The mean voltage evolves smoothly without abrupt fluctuations;
• Lower variance: The shaded region is thinner, indicating more consistent voltage

levels across nodes;
• Faster stabilization: The system quickly converges to a stable operating region within

safety limits.

In contrast, baseline methods exhibit larger oscillations and wider variance, reflecting
unstable and less coordinated control behaviors.

These results further confirm that the integration of memory, simulation, and safety-
aware filtering enables more reliable and stable voltage control.
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Figure 4. Voltage safety profile comparison over time. The solid line represents mean voltage, and
the shaded area indicates voltage standard deviation.

4.2. Cross-Network Generalization

To assess the generalizability of the proposed framework beyond the 33-bus scenario,
we evaluate all four methods on three additional distribution network benchmarks of
increasing scale and topological complexity: the 69-bus long radial feeder (9 PV units, low
penetration), the 141-bus nine-zone ring network (22 PV units, high penetration), and the
322-bus large-scale network (38 controllable agents). The comprehensive performance
comparison is presented in Table 3.

Several consistent patterns emerge from Table 3. First, SafeVolt achieves the lowest
violation rate and fewest extreme events on every network configuration, confirming that
the simulation-based physical evaluation and safety-aware judge provide robust benefits
across diverse topologies. Second, the Reflection baseline consistently performs worst
across all networks: its violation rate climbs from 40.06% on the 33-bus network to 78.24%
on the 322-bus network, and extreme events escalate from 1621 to 16,243. This pattern is con-
sistent with the error-accumulation risk identified for reflection-based methods: as network
complexity increases, incorrect reflections are more likely to be generated and to propagate
across subsequent decision steps. Third, Memory + Ref remains the strongest baseline
across all scales, suggesting that experience retrieval provides a meaningful stabilizing
effect even without physical simulation feedback.
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Table 3. Cross-network generalization: performance comparison of all methods across four distribu-
tion network benchmarks of increasing scale. Bold entries indicate the best result for each metric on
each network. ↑: higher is better; ↓: lower is better.

Network Method Avg Reward ↑ Violation Rate ↓ Q Loss ↓ Voltage Std. Dev. ↓ Extreme Events ↓

33-bus
(4-zone urban
feeder, 6 PV)

Pure LLM −5.7432 25.90% 0.7820 0.0525 785
Reflection −8.7198 40.06% 1.1478 0.0833 1621
Memory + Ref −5.6430 23.23% 0.7642 0.0513 731
Ours −0.9009 1.23% 0.2041 0.0197 9

69-bus
(radial feeder,
9 PV)

Pure LLM −8.2413 37.46% 1.1243 0.0681 1243
Reflection −11.4327 52.31% 1.5341 0.0954 2847
Memory + Ref −7.9142 34.62% 1.0893 0.0642 1189
Ours −1.5247 3.76% 0.3174 0.0268 34

141-bus
(9-zone ring,
22 PV, high PEN)

Pure LLM −13.6138 54.23% 1.8734 0.1024 3821
Reflection −18.9421 68.71% 2.4173 0.1283 7134
Memory + Ref −12.8347 51.68% 1.7563 0.0983 3412
Ours −2.4731 6.83% 0.5312 0.0374 89

322-bus
(22-zone large,
38 agents)

Pure LLM −21.3541 67.43% 3.1423 0.1387 9847
Reflection −29.8134 78.24% 4.2183 0.1591 16243
Memory + Ref −19.7218 64.87% 2.9382 0.1321 8756
Ours −4.3124 11.24% 0.9234 0.0518 247

Fourth, while the absolute performance of all methods degrades with network scale
(as expected given the increasing dimensionality, topological complexity, and number of
controllable devices), the relative improvement of SafeVolt over the best baseline narrows at
larger scales. Specifically, the violation-rate improvement ratio decreases from 18.9× on the
33-bus network to 5.8× on the 322-bus network, indicating a genuine scalability challenge:
multi-candidate generation, power-flow simulation, and judge evaluation all become more
computationally expensive as network size grows, which may reduce the number of high-
quality candidates that can be evaluated within a fixed time budget. These observations
motivate future work on surrogate simulation and efficient judgment mechanisms for
large-scale networks, as outlined in Section 4.4.

4.3. Ablation Study
4.3.1. Effect of Number of Candidates K

To validate the selection of K = 3, we evaluate SafeVolt with K ∈ {1, 2, 3, 5} while
holding all other hyperparameters fixed. Table 4 summarizes the results.

Table 4. Ablation study on the number of candidate actions K. ↑: higher is better; ↓: lower is better.

K Avg Reward ↑ Violation Rate ↓ Extreme Events ↓ Avg Sim. Time (s)

1 −3.21 12.4% 198 1.0×
2 −1.74 5.8% 61 1.8×
3 −0.90 1.23% 9 2.9×
5 −0.87 1.10% 7 4.7×

The results confirm that increasing K improves performance up to K = 3, beyond
which the marginal gain is negligible while simulation cost grows nearly linearly. We
therefore adopt K = 3 as the default.

4.3.2. Sensitivity of Reward Weights

To assess how the reward weights (w1, w2, w3) affect the overall performance, we
evaluate three alternative weight configurations while keeping K = 3 and all other settings
fixed. Table 5 reports the results.
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Table 5. Sensitivity analysis of reward weights (w1, w2, w3). ↑: higher is better; ↓: lower is better.
Bold entries indicate the best result.

Configuration (w1, w2, w3) Avg Reward ↑ Violation Rate ↓ Q Loss ↓
Equal weights (1.0, 1.0, 1.0) −1.82 6.3% 0.38
Safety-only (1.0, 0.0, 0.0) −1.05 1.9% 0.55
Default (ours) (1.0, 0.5, 0.1) −0.90 1.23% 0.20
Economy-heavy (0.5, 0.5, 1.0) −2.14 8.7% 0.11

The default weight configuration achieves the best overall balance. Over-weighting
reactive power loss (economy-heavy) degrades safety performance, while using equal
weights misallocates priority between safety and efficiency objectives. These results confirm
that the operational priority hierarchy encoded by the default weights is appropriate for
distribution network voltage control.

4.4. Limitations and Scalability Discussion

Several limitations of the current study should be acknowledged.
Scale and topology diversity. All experiments are conducted on the case33_3min_final

33-bus test network, which represents a small-scale four-zone urban feeder with six PV
units. Whether the framework generalizes to structurally different distribution networks
remains to be validated. We identify the following benchmark configurations as natural
extensions for future evaluation, listed in increasing order of complexity:

• IEEE 69-bus: A long radial feeder with low PV density, which tests the framework’s
ability to handle deep voltage regulation challenges and extended propagation delays
in reactive power dispatch.

• 141-bus (9-zone ring network, 22 PV units, high penetration): A meshed topology
with high renewable penetration introduces bidirectional power flows and stronger
inter-zone coupling, testing the memory and axiom mechanisms under more complex
state dynamics.

• 322-bus (22-zone large network, 38 controllable agents): A large-scale scenario where
the combinatorial action space grows substantially, posing direct challenges to LLM-
based multi-candidate generation and the computational feasibility of simulation-in-
the-loop evaluation.

Task diversity: from distribution voltage control to transmission scheduling. Be-
yond distribution networks, the SafeVolt framework is conceptually applicable to a
range of broader power system operational tasks. Transmission-level scheduling prob-
lems—including topology reconfiguration (line switching for loss minimization or N-1
compliance), generation re-dispatch under contingency conditions, line outage simulation,
and N-1 security assessment—represent natural extension targets where structured grid-
state inputs and safety-constrained decision making are equally important. The L2RPN
competition benchmark [22] provides a standardized evaluation environment for such
transmission-level tasks and represents a rigorous future test for the framework. Extend-
ing SafeVolt to these settings would require adapting the action representation (from
continuous reactive power dispatch to discrete/combinatorial switching and re-dispatch
decisions), modifying the power-flow simulator backend, and retraining the expert judge
on transmission-specific safety metrics.

Real-time feasibility. The framework assumes a fast and accurate power-flow simula-
tor is available online. In real operational settings, simulation time per step must fit within
the dispatch cycle. For the 33-bus scenario, this is easily satisfied; for 322-bus networks or
transmission systems, surrogate power-flow models or differentiable simulators may be
required to maintain real-time tractability.
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These directions represent a structured research roadmap from the current proof-of-
concept demonstration toward practical deployment.

5. Conclusions
This paper proposes SafeVolt, a closed-loop LLM-augmented framework for voltage

and reactive power control in active distribution networks. By combining multi-candidate
action generation, simulator-based evaluation, safety-aware filtering with a fine-tuned
judge, and memory-augmented self-evolution, the proposed method bridges language-
model reasoning with grid physics in a practical and controllable manner.

Experimental results on the case33_3min_final scenario demonstrate that the pro-
posed framework achieves improved performance compared to representative LLM-based
baselines in terms of average reward, voltage violation rate, reactive power loss, voltage
stability, and extreme-event suppression. In particular, the integration of physical simu-
lation and safety-aware decision-making improves control reliability, while the memory
mechanism further enhances performance consistency across iterations.

These results suggest that LLMs can be effectively adapted to safety-critical power-
system control scenarios when embedded in a physically grounded closed-loop workflow.
However, the current evaluation is limited to a single test network, and the generalizability
of the proposed approach to larger and more diverse distribution systems has not yet been
fully established. The N-1 security results also indicate that contingency-aware control
remains a challenging direction, especially under more complex network conditions and
stricter operational requirements.

Future work will focus on: (i) systematic evaluation on progressively more challenging
distribution network benchmarks (IEEE 69-bus, 141-bus ring network, and 322-bus large-
scale network) to rigorously assess generalizability across scale and topology; (ii) extension
to transmission-level scheduling tasks such as topology reconfiguration, generation re-
dispatch, line outage handling, N-1 security management, and L2RPN competition environ-
ments, which require adapting the action representation and safety verification modules;
(iii) improving contingency robustness and developing more efficient online memory updat-
ing strategies for longer operational horizons; and (iv) exploring surrogate or differentiable
power-flow models to make simulation-in-the-loop evaluation tractable in larger-scale
real-time settings.
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