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Abstract—Automatic generation control (AGC) dispatch is the
key task of secondary frequency regulation for interconnected
grids. To generate a high-quality dispatch solution, numerous
machine learning techniques, such as reinforcement learning and
graph convolutional networks (GCNs), have been developed for
AGC dispatch. However, they are challenging to apply to a real-
world power grid due to their weak interpretability. Hence,
this work proposes a novel approach to large language model
(LLM)- assisted interpretability in GCN for AGC dispatch.
Firstly, the impact of input features (e.g., the total regulation
command and the regulation capacities of various resources)
on dispatch solutions is assessed quantitatively using Shapley
additive explanations (SHAP) for global interpretability. Then,
local interpretability for GCN is achieved using an LLM-assisted,
model-agnostic local interpretable model-agnostic explanations
(LIME), which can provide actionable insights into the model’s
decision logic. SHAP shows that the top eight features drive
decisions, while the rest average just 15.8% of the leading
feature’s contribution. Unit outputs correlate positively with their
own history and negatively with others. Swapping LIME’s linear
model for a decision tree boosts multiple metrics by over 50%.
Experimental results further confirm that this method not only
clearly uncovers the relationships between input features and
AGC dispatch outputs, but also faithfully reconstructs the GCN’s
decision logic across different dispatch scenarios.

Index Terms—AGC dispatch, graph convolution network,
interpretability, large language model.

I. INTRODUCTION

AUTOMARIC generation control (AGC) is an essential
tool in power systems, designed to regulate grid fre-

quency and manage tie-line power flows through real-time ad-
justments of generation and other resources [1]. However, the
evolving composition of the power grid has introduced several
complexities. The integration of diverse frequency regulation
resources, including renewable energy, electric vehicles, and
energy storage systems [2], has significantly increased the
dimensionality of AGC operations, making coordination more
challenging. Renewable energy sources, such as wind [3]
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and solar [4], exhibit inherent intermittency and randomness,
leading to frequent and unpredictable fluctuations in supply.
Meanwhile, the variability of electric vehicle charging be-
havior [5] and the operational constraints of energy storage
systems further contribute to uncertainty. Together, these fac-
tors result in a highly stochastic and dynamic system that
poses substantial challenges for AGC dispatch. The need to
address these interconnected issues has made the development
of advanced, robust AGC strategies a critical focus for modern
power systems.

Given these challenges, researchers and engineers have
explored a range of strategies to enhance AGC dispatch
performance. These strategies can be broadly categorized
into three types: traditional engineering-based methods, meta-
heuristic algorithms, and machine learning (ML) algorithms.
Each method offers unique advantages and addresses different
aspects of the dynamic and stochastic demands of modern
power grids. In addition, Table I summarizes the metrics of
these three types of methods.

Traditional engineering-based methods, centered on pro-
portional allocation, dispatch priority, and command decom-
position, have long been adopted thanks to their simplicity
and speed [2]. While these methods establish a foundational
framework for AGC dispatch, they struggle with the complex-
ity and high dimensionality introduced by renewable energy
integration and energy storage systems. In such settings, meta-
heuristic algorithms have emerged as powerful alternatives
[1], effectively addressing optimization challenges beyond the
reach of conventional methods. However, despite their strong
performance in high-dimensional and stochastic environments,
many meta-heuristic algorithms require extensive computa-
tions and iterative operations, resulting in longer solution times
that make them less suitable for real-time AGC applications
[6]. To effectively enhance the efficiency of AGC dispatch,
machine learning algorithms have recently been distinguished.
Nevertheless, their “black-box” nature raises significant inter-
pretability challenges [7].

In complex power grid scenarios, multi-dimensional inputs
—such as renewable energy output, load fluctuations, to-
tal power regulation commands, and historical data across
different dimensions—collectively influence dispatch results.
Current methods often fail to quantify the contribution of
individual variables, complicating strategic adjustments and
anomaly handling [8]. Furthermore, most deep learning and
deep reinforcement learning approaches employ intricate neu-
ral network architectures, thereby obscuring the internal com-
putational logic and decision-making processes [9], thus un-
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TABLE I
SUMMARY OF THE THREE TYPES OF METHODS

Method type Specific algorithm Advantages Disadvantages Interpretability

Engineering
Command decomposition method [10],
[11] Capacity-based method [12]
Sensitivity-based approach [13]

• Simplicity
• High speed
• Low computational cost

• Poor adaptability
• Fixed strategies
• Limited scalability

High

Meta-heuristic NSGA II [14], PSO [15], GA [16] • Global search capability
• High-dimensional data processing

• High computation time
• Population dependency Moderate

Machine learning
DRL [17]–[20], CLAC [21],
Q-Learning [22], [23], DDNN [24],
EDL [25], HCEQ [26]

• Fast online inference
• High-dimensional data processing

• Black-box nature
• Offline training dependency Low

dermining trust among power dispatch personnel.
To address this issue, researchers have begun exploring

the model-agnostic explanation methods. Among these, Shap-
ley additive explanations (SHAP) based on game-theoretic
Shapley values [27] and local interpretable model-agnostic
explanations (LIME) [28] driven by local surrogate models
have emerged as focal points in preliminary investigations
due to their methodological universality. SHAP enables global
quantification of feature contributions [29], revealing the ag-
gregate weight of input variables on dispatch decisions. Mean-
while, LIME employs locally linear decode-control command-
generation logic under specific operational scenarios. The
synergistic complementarity between these two approaches
provides a methodological foundation for tackling the chal-
lenge of real-time decision transparency in AGC applications.

Nevertheless, existing explanation tools demand dual ex-
pertise in both power system operations and ML model me-
chanics to decipher their outputs. Furthermore, without prior
engineering expertise, dispatchers may struggle to connect
these explanations to actionable grid-control insights. Recent
advances in large-scale pre-trained foundation models (e.g.,
ChatGPT, DeepSeek) have demonstrated unprecedented capa-
bilities in contextual reasoning and domain-specific knowledge
integration, enabled by multi-billion parameter architectures
trained on cross-disciplinary corpora [30].

This study proposes a decision-interpretation framework
that integrates explainable artificial intelligence (XAI) tech-
niques with an LLM. It achieves both global and local
analytical dimensions using SHAP and LIME, respectively.
The underlying model is a graph convolutional network
(GCN), which excels at capturing spatial-temporal dependen-
cies among interconnected generation units in AGC dispatch.
Due to its strong performance but limited transparency, GCN
is chosen as the target for interpretability enhancement using
hybrid XAI methods. The principal innovations are listed as
follows:

1) Hybrid XAI-driven dual-perspective explanatory frame-
work: A novel global-local interpretability architecture is
proposed, including SHAP-based global feature contribution
analysis and LIME-driven local decision pathway decoding.

2) LLM-enhanced semantic bridging mechanism: GPT is
leveraged to transform raw XAI outputs into actionable grid
operation insights for constructing a domain-aware knowl-
edge translation system. This system effectively bridges the
semantic gap between statistical XAI outputs and domain-
specific decision logic, enabling dispatchers to directly derive
actionable insights from model interpretability.

This paper is organized as follows: Section II introduces a
GCN-based framework for AGC dispatch, outlining its archi-
tecture and operational mechanisms. Section III explains the
LLM-assisted interpretability methodology for GCN in AGC
dispatch, emphasizing its innovative interpretability enhance-
ments. Section IV analyzes GCN input contributions, inter-
variable correlations, and node-level decision-making logic.
Section V concludes with contributions and future research
directions.

II. GCN FOR AGC DISPATCH

A. Application Framework

AGC plays a critical role in ensuring accurate frequency
regulation and maintaining system stability. As shown in
Fig. 1, the framework integrates key components, including
the independent system operator (ISO), proportional-integral
(PI) controllers, and diverse energy resources.

In practical operation, the ISO collects real-time frequency
deviation (∆f ) and tie-line power deviation (∆PT ) of the
control area through sensors. These parameters, influenced by
generator dispatch errors, load fluctuations, system failures,
and system topology changes, serve as critical inputs for
the PI controller. Then, the PI controller generates a total
regulation command to correct imbalances. Furthermore, the
total regulatory command is allocated to power generation
units by GCN, such as coal-fired, storage, hydrogen, wind,
and solar units. Its response process can be characterized as
the relationship between the regulatory power input and the
resulting time-domain regulatory power output, incorporating
inherent system dynamics such as response time delay and en-
ergy transfer characteristics [1]. The actual output of an AGC
unit can be computed through a combination of frequency-
domain analysis and inverse Laplace transformation, which are
commonly used methods in dynamic system modeling. These
methods are described in detail in the literature [31].

B. Optimization Model of AGC Dispatch

The objective of the AGC dispatch problem is to optimize
the dynamic response performance of the control area by min-
imizing the total power deviation between the AGC command
and the actual power output of all participating generation
units [24]. This ensures system stability while considering
operational constraints.

i) Objective function: The optimization objective can be
formulated as:
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Fig. 1. Control framework of AGC dispatch with high-penetration renewable energy.

Minimize f =

N∑
k=1

∣∣∣∣∣∆PC(k)−
n∑

i=1

∆P i
out(k)

∣∣∣∣∣ (1)

where ∆PC(k) represents the total regulation power command
at time k; P i

out(k) denotes the actual power output of the i-th
AGC unit at time k; N is the total number of control intervals
in the dispatch horizon; n is the number of AGC units.

ii) Constraints: To ensure feasible and reliable operation,
the following constraints are incorporated.

The power input from all AGC units must satisfy the total
regulation power command at each time interval:

n∑
i=1

∆P i
in(k) = ∆PC(k), ∀k (2)

Each AGC unit’s power output must operate within its
designated upper and lower limits:

∆P i
min ≤ ∆P i

out(k) ≤ ∆P i
max, ∀i, k (3)

where ∆P i
min and ∆P i

max denote the minimum and maximum
allowable power outputs for the i-th unit.

The rate of change of power output for each unit must
adhere to its ramp rate limitations:

−Ri ≤ ∆P i
out(k)−∆P i

out(k − 1)

∆T
≤ Ri, ∀i, k (4)

where Ri denotes the maximum ramp rate of the i-th unit.
The direction of each unit’s regulation must align with the

sign of the total AGC command:

∆P i
in(k) ·∆PC(k) ≥ 0, ∀i, k (5)

C. Graph Convolution Network for AGC Dispatch

The GCN-based AGC dispatch framework is designed to
enhance the precision and efficiency of AGC in power systems
with high renewable energy penetration [31]. As shown in
Fig. 1, the procedure begins by extracting input features,
including the unit’s upper and lower limits, the dispatched
output from the previous timestep, and the current power point.
In total, the input feature vector comprises 125 dimensions,
including the global dispatch command and its four historical
values (5 features), unit-level constraints (upper/lower limits
and their four-step histories for six units, totaling 60 features),
historical outputs for each unit over five steps (30 features),
and cumulative outputs (integral values) over five steps for
each unit (30 features). These inputs are preprocessed along-
side an adjacency matrix representing the dynamic coupling
relationships among generating units. The GCN outputs opti-
mized dispatch commands, which are subsequently corrected
to ensure feasible outputs that align with physical and opera-
tional constraints.

The GCN architecture models the interaction between gen-
erating units as a graph. Each node in the graph corresponds
to a generating unit, and edges represent their dynamic re-
lationships. The adjacency matrix and feature matrix jointly
drive the GCN layers, where non-linear transformations (e.g.,
ReLU activations) are applied to extract meaningful latent rep-
resentations of system states. These layers iteratively process
node-level information, enabling the model to learn the spatial
dependencies of power system units. The final layer aggregates
these features to provide a total power dispatch command that
minimizes system errors and improves stability.

The propagation rule for the GCN is given by

H(l+1) = σ(D̃− 1
2 ÃD̃− 1

2H(l)W (l) + b(l)) (6)
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where H(l) represents the node features at the layer l; W (l)

and b(l) are trainable parameters; and σ is activation function.

III. LLM ASSISTED INTERPRETABILITY IN GCN FOR
AGC DISPATCH

A. Interpretable Method Based on SHAP and LLM

SHAP has emerged as a powerful tool for enhancing the
interpretability of GCN-based AGC dispatch frameworks [32].
As shown in Fig. 2, the main steps of SHAP explanation are
as follows: First, the original data and background data are fed
into the model for black-box prediction. The model processes
the input data and provides a prediction, while the specific
internal computations remain opaque.

Next, the base value, i.e., the average prediction value of
the model in the absence of specific feature influences, can be
calculated based on the background data, as follows:

ybase =
1

M

M∑
m=1

GCN(Xm) (7)

where ybase denotes the baseline prediction value of GCN; M
represents the total number of reference samples selected from
the background dataset; Xm corresponds to the feature matrix
of the m-th background sample with n feature dimensions,
and GCN(·) symbolizes GCN that maps input graph data to
the model’s output space.

The computation of the base value serves as the starting
point of the SHAP explanation, representing the model’s
default output when specific features are not considered.

In the SHAP computation (explainer) stage, the Shapley
value formula is used to measure each feature’s contribution.

Specifically, the marginal contribution of each feature in
different subsets is calculated as:

ϕi(GCN) =
∑

S⊆F\{i}

wi[GCN(S ∪ {i})−GCN(S)] (8)

where S represents a feature subset; GCN(S) denotes the
prediction result using only the feature subset S; i indicates
the index of the feature whose contribution is being evaluated;
and wi is computed by:

wi =
|S|!(|F | − |S| − 1)!

|F |!
(9)

This process determines each feature’s impact on the final
prediction result by computing its marginal contribution across
different combinations.

Once the Shapley values are computed, the specific contri-
bution of each feature can be obtained for model interpretation.
SHAP possesses several excellent properties, including effi-
ciency, symmetry, linearity, and consistency. These properties
ensure the fairness and reliability of the SHAP method,
providing strong theoretical support for interpreting complex
models.

Based on these Shapley values, the framework uses the
PandasAI library to query SHAP data through natural lan-
guage. This avoids overloading the LLM with large or high-
dimensional data, which could cause hallucinations or exceed
its context limits. Natural language queries also allow dis-
patchers to flexibly access the specific interpretability infor-
mation they need without predefined code. With this data, the
LLM can produce visualization code to help dispatchers better
understand and analyze the GCN’s scheduling process.
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i) Feature importance analysis: Shapley values aggregation
quantifies the impact of each feature on decisions. The LLM’s
textual explanations help identify the key features influencing
AGC dispatch.

ii) Feature interaction analysis: SHAP interaction effects
explore the dependencies between features. Meanwhile, LLM
offers semantic insights into how feature interactions shape
dispatch decisions.

B. Interpretable Method Based on LIME and LLM

LIME is a widely utilized explanation method for eluci-
dating the decision-making processes of complex machine
learning models [33]. By approximating the model locally,
LIME generates interpretable linear models, thereby revealing
the decision rationale for specific samples. The theoretical
foundation of LIME lies in local linear approximation and
weighted regression analysis, aiming to produce interpretable
feature contributions. In the proposed enhancement, the local
explanation model of LIME is replaced with a decision tree

instead of the traditional linear model, and LLM is incorpo-
rated to augment interpretability, as illustrated in Fig. 2 and
Fig. 3. The improved LIME conducts interpretability analysis
through the following steps:

i) Perturbation sample generation: For the sample x to be
explained, its features are randomly perturbed to generate a
set of perturbed samples {x′

i}Ni=1. The distribution of these
perturbed samples can be derived from a Bernoulli distribution
or a normal distribution to ensure sample diversity.

ii) Black-box model prediction: The set of perturbed samples
is input into the original black-box model f , obtaining the
corresponding prediction results f(x′

i).
iii) Local fitting model (decision tree): To approximate the

local decision logic of the original black-box model, a decision
tree T is trained using the generated perturbed samples and
their corresponding prediction results. The training process
aims to minimize a weighted loss function, ensuring that the
decision tree accurately reflects the behavior of the original
model in the vicinity of the sample x. This optimization is
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formalized as:

T = argmin
T∈T

N∑
i=1

πx(x
′
i)[f(x

′
i)− T (x′

i)]
2 + λ · Ω(T ) (10)

here, L(f, T, πx) denotes the objective function to be mini-
mized, as follows:

L(f, T, πx) =

N∑
i=1

πx(x
′
i)[f(x

′
i)− T (x′

i)]
2 + λ · Ω(T ) (11)

The weighting kernel function πx(x
′
i) is defined as:

πx(x
′
i) = exp

(
−D(x, x′

i)
2

σ2

)
(12)

where T denotes the trained decision tree model; T represents
the set of all possible decision trees; πx(x

′
i) is the weighting

kernel function, which emphasizes perturbation samples that
are closer to the sample x; λ is the regularization parameter,
used to control the complexity of the tree (e.g., maximum
depth, minimum samples for split).

iv) LLM verification and logical consistency testing: To
verify the accuracy of the explanations generated by the LLM,
two levels of validation are conducted, as illustrated in Fig. 3:

Logical consistency testing: We design structured consis-
tency checks to assess whether the LLM accurately under-
stands and interprets the decision tree structure. Specifically,
the decision-tree model is exported in graph format (GV),
transformed into structured text, and then processed by the
LLM. The LLM’s interpretation is evaluated through prede-
fined test questions based on decision paths, splitting condi-
tions, and leaf outputs. Only when all consistency checks are
passed do we proceed with further semantic summarization.

Validation against electrical engineering constraints: Beyond
structural consistency, we introduce a dedicated validation
module to ensure the LLM’s explanations respect core power-
system operational constraints. The validation process com-
prises two steps:

• Automated rule-based matching: LLM-extracted rules are
cross-referenced against a curated constraint rule base
that includes hard constraints (e.g., ramp rate limits,
output bounds, AGC command sign constraints) and
expert knowledge (e.g., use of thermal units for large
disturbances).

• Manual expert verification: Key rule matches are re-
viewed by power system engineers to confirm alignment
between LLM explanations and domain-specific practice
of the tree structure.

C. Integration of SHAP and LIME

This work integrates SHAP and LIME to achieve comple-
mentary interpretability for GCN-based AGC dispatch.

• SHAP evaluates the average contribution of each input
feature across the entire dataset, offering a global view
of feature importance. This helps identify which factors
consistently influence the model’s dispatch strategy.

• LIME, in contrast, focuses on individual samples, gener-
ating interpretable surrogate models to approximate the
original model’s behavior in a local neighborhood. This

allows us to trace the reasoning behind specific dispatch
decisions, such as why a certain unit was prioritized under
a given operating condition.

By combining both methods, we obtain a dual-perspective
interpretability framework: SHAP provides overall feature
attribution, while LIME reveals fine-grained decision logic at
the instance level. This design ensures both strategic insight
and operational transparency, enhancing the trustworthiness
and usability of GCN in real-world AGC systems.

D. The Application of Interpretable Mechanism in the Dis-
patching System

In practical AGC dispatching systems, as shown in Fig. 4,
real-time feature data—such as total regulation commands,
resource capacities, and historical load profiles—are collected
and fed into the pretrained GCN model for generating dispatch
decisions. However, due to the model’s black-box nature, dis-
patch operators often lack visibility into how these decisions
are made, which poses risks to trust and operational safety.

To address this issue, a hybrid interpretability framework
combining SHAP, LIME, and a LLM is deployed at the control
center. As illustrated in Fig. 4, the permutation explainer
estimates feature contributions by randomly permuting the
inputs, allowing dispatchers to quickly identify key factors;
the exact explainer computes Shapley values via full-subset
evaluation, enabling precise optimization of the GCN model.
SHAP provides global feature importance to reveal which
inputs most influence the model’s decisions, while LIME
generates local decision paths for specific scenarios. The LLM
further transforms these outputs into natural language expla-
nations and interactive visualizations, enabling dispatchers to
intuitively understand, verify, and interact with the model’s
reasoning.

Beyond interpretability, this mechanism also supports model
correction and optimization. When abnormal feature attri-
butions or illogical decision paths are identified—such as
non-critical inputs being assigned high importance or slow-
response units being activated in low-demand conditions—
these insights can be fed back into the model for refinement.
Redundant features can be removed to improve computational
efficiency, and targeted data augmentation or retraining can be
applied to problematic regions. This creates a human-in-the-
loop feedback cycle that enables continuous model improve-
ment and safer deployment in real-world power systems.

IV. CASE STUDIES

In this study, a two-area load frequency control (LFC) model
consisting of six units is employed for performance evaluation
and interpretable analysis. Reference [31] elaborates on the
settings of time delays, ramp rates, and transfer function
parameters for each unit, and presents specific parameters
of the adjacency matrix. The configuration parameters of the
GCN model are shown in Table II, To evaluate the fitting
performance and decision-making logic of the GCN model,
two types of test signals are introduced, i.e., a random signal
and a step signal. For each signal type, the reliability of the
GCN’s decision-making process is examined from both global
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TABLE II
THE BASIC PARAMETERS OF GCN TRAINING

Parameters Values
Neurons of graph convolution layer [16], [32], [32]
Neurons of fully connected layers layer1 = 32; layer2 = 1120
Mini-batch size 64
Learning rate 0.001
Number of epochs 300

and local perspectives. The explainable results will reveal
the GCN model’s underlying logic in AGC dispatch, thereby
enhancing dispatchers’ trust in the GCN model.

A. Off-Line Network Training

To comprehensively evaluate the performance of the pro-
posed method, this study adds a comparison with the tradi-
tional decision tree method. The results in Table III show
that GCN achieves the best performance in both absolute
mean error and maximum error across the ACE, ∆f , and
∆P metrics. In particular, GCN outperforms decision tree
and PROP in error control and robustness, demonstrating
its effectiveness and application value in power system state
estimation.

GCN trained on a GA-optimized LFC model converged
after 300 epochs. To capture the GA’s control characteristics,
we applied random disturbances every 100 seconds over a 24-
hour simulation, generating over 20,000 samples. Each sample
includes 125 input features representing the system state Fig. 5
shows test performance under disturbances, comparing GCN
and GA via power dispatch and ACE metrics. The results
show that the mean absolute error (MAE) is 3.5838, the
root mean square error (RMSE) is 5.3695, the coefficient of
determination (R2) reaches 0.9651, and the mean absolute

TABLE III
COMPARISON OF DIFFERENT TYPES OF FITTING ALGORITHMS

Metrics Algorithm AbsMean Max Min AbsMax

ACE
PROP 22.063 94.621 −78.016 94.621
Decision tree 21.622 96.279 −78.929 96.279
GCN 19.174 85.457 −71.175 85.457

∆f
PROP 0.1059 0.5000 −0.4163 0.5000
Decision tree 0.1038 0.5118 −0.4178 0.5118
GCN 0.0924 0.4607 −0.3886 0.4607

∆P
PROP 9.7331 44.0770 −36.3870 44.0770
Decision tree 9.5383 44.6720 −36.9120 44.6720
GCN 8.4930 39.4980 −32.8200 39.4980
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Fig. 5. Simulation results for the AGC system under random signal
disturbances.

percentage error (MAPE) is 6.75%. These results quantita-
tively confirm that GCN effectively approximates the behavior
of the GA-based control strategy. While numerical alignment
exists, interpretability analyses are required to confirm GCN’s
decision-making logic aligns with GA principles.
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B. Interpretable Analysis Under Step Disturbance

Figure 6(a) illustrates the output of different generation units
over a 0–560 s period under varying step signal amplitudes.
It can be observed that all units see a rapid initial increase
in output following the step signal trigger, gradually stabi-
lizing to a steady-state condition. To compare the response
of conventional and renewable units, the coal-fired generator
(G1) and wind generator (G5) are examined. The coal-fired
unit, with a larger capacity per unit, shows a significant
increase in peak output as the disturbance amplitude rises,
ranging from 22 MW to 82 MW. In contrast, the wind unit’s
response to the same step disturbance (2 MW to 82 MW) is
considerably smaller, with a maximum output of only around
0.2 MW. When the disturbance amplitude is large (e.g., AM=
82 MW), the wind unit’s output remains near zero due to
limited available wind energy, indicating its inability to support

such a substantial sudden load increase.
Figure 6(b) shows the impact of the total dispatch instruc-

tion Pm on the unit output distribution over a time span of 100
control cycles, with a step amplitude of 50 MW. In the figure,
red represents a positive contribution, and blue represents a
negative contribution. The darker the color, the stronger the
positive or negative impact. The topmost curve represents the
synthesis of the SHAP values of the selected three features,
that is, the total contribution. The three selected features are
the total dispatching instructions, the upper capacity limit
and the lower capacity limit corresponding to each unit,
respectively.

By comparing the output response curves of the six units,
we can clearly observe the influence of the unit’s capac-
ity constraints on the model output. Specifically, the output
contributions of each unit show significant differences. For
example, two coal-fired units exhibit a noticeable increase
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Fig. 6. The interpretable analysis of unit output curves under step response. (a) Output of six units for 80 control cycles at different step amplitudes.
(b) Heatmap of input features for unit output under step response.
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and fluctuation around the 70th control cycle. The AGC total
dispatch command has the most significant supporting effect
on the output of these coal-fired units, with minimal influence
from the capacity constraints. In contrast, the hydrogen units
show varying degrees of influence from the three inputs
between control cycles 45 and 100. This suggests that the
GCN dispatching strategy first calls on hydrogen units, which
have faster response speeds but lower capacity, to balance
system fluctuations. Later, coal-fired units, which have slower
response speeds but larger adjustable capacities, are called
to further support system stability. Unlike the coal-fired and
hydrogen units, the output of the energy storage, wind, and
photovoltaic units is very small, especially for the energy
storage units. Its maximum output is 0.064, less than 1/6 of
the maximum output of the coal-fired units. From the figure,
we can observe that the capacity constraints of the energy
storage unit have a significant impact on its output. This is
related to the fast response speed of energy storage units, but
their limited capacity. Their role is to balance small system
fluctuations in real time.

The heatmap distribution indicates that the GCN is highly
dependent on the total dispatch instruction when allocating
the output of various units. Based on the characteristics of
the units and their capacity constraints, it performs differenti-
ated dispatch scheduling for thermal power, energy storage,
hydrogen, wind, and photovoltaic power at different time
periods. This strategy allows the strengths and weaknesses of
different units to complement each other. It not only aligns
with engineering experience and intuition but also coincides
with the “response speed-weighted allocation” idea found in
some traditional methods, such as command decomposition.

To evaluate the prediction performance of different surro-
gate models within the LIME framework, we conducted 5-
fold cross-validation on three representative models: ridge,
lasso, and decision tree. Table IV summarizes their MAE, root
RMSE, MAPE, and coefficient of R2. The results demonstrate
that, compared to traditional linear models (lasso and ridge),
the decision tree surrogate significantly outperforms in all
metrics, especially MAE and R2. This indicates its greater
suitability as a local surrogate model in AGC dispatch in-
terpretability tasks. Notably, the decision tree model achieves
an average R2 of 0.73, substantially higher than −0.004 for
Lasso and 0.27 for Ridge, highlighting its superior capability
in capturing local nonlinear patterns.

TABLE IV
COMPARISON OF DIFFERENT LIME LOCAL LINEAR MODELS

Model type
MAE
(×10−3)

RMSE
(×10−3)

MAPE
(×10−3)

R2

Ridge 0.324 0.937 8.262 0.270
Lasso 0.299 1.109 7.396 −0.004
Decision tree 0.077 0.415 1.888 0.734

To verify the reliability of LLM-based interpretations, we
designed six logic consistency questions derived from decision
tree structures. As shown in Fig. 7, ChatGPT-o3 answered
all questions correctly, demonstrating robust and repeatable
understanding across tests. Deepseek-R1 followed closely with
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Fig. 7. The number of times different LLMs passed the consistency check
under five tests.

five passes, while ChatGPT-4o and deepseek-v3 showed lim-
ited reliability. These results indicate that certain mainstream
LLMs, especially ChatGPT-o3, have already acquired strong
and stable capabilities in parsing and analyzing structured
decision logic, supporting their integration into interpretability
workflows in power system applications.

From the perspective of a single sample, we perform a
local analysis of the specific decision-making logic governing
unit 1’s output. We extract the 75th sample point from this
dataset and analyze it using LIME in conjunction with an
LLM. Specifically, the decision tree’s GV file is converted into
a TXT format and then fed into ChatGPT. Subsequently, we
tested GPT with the consistency-check questions from Fig. 2
and compared its results with those generated by the Python
program. Only after confirming that GPT had passed all tests
did we proceed to further summarize the decision logic.

Table V shows the dispatch patterns and dispatching prin-
ciples distilled from the large language model’s analysis.

C. Interpretable Analysis Under Random Disturbance

Figure 8 analyzes the contribution of the total dispatch
command Pm to the output power of unit G1 under step
and random disturbances. Each point in the plot represents
a single sample. The x-axis corresponds to the normalized
total dispatch command, Pm(0), at the current time—so its
values range from 0 to 1—while the y-axis shows that sample’s
SHAP value, i.e. its contribution to the output (for example,
the output of coal-fired Unit 1). Point’s color encodes the value
of a historical feature (Pm(−1), Pm(−2), Pm(−3) or Pm(−4)),
as indicated by the color bar on the right: redder hues denote
a stronger influence on the current output, bluer hues a weaker
one. Along the x-axis, the gray hatched bars depict the
distribution of sample counts across equal-width bins—taller
bars indicate more samples in that interval—and the hatched
filling ensures these bars remain distinguishable in grayscale or
monochrome printing. The scatter plot reveals a significantly
different distribution compared to the step disturbance case,
forming an hourglass-shaped pattern centered around (0, 0.5).
This distribution arises because random disturbances fluctuate
dynamically both upward and downward. The results show a
generally positive correlation between Pm and the contribution
to unit G1’s output power. As the magnitude of Pm increases,
its influence on the unit’s power output becomes more promi-
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TABLE V
LIME LOCAL EXPLANATION ASSISTED BY LLM

Item Answers from LLM

Decision pathway
The primary factors include dispatching commands Pm , unit capacity limits, and each unit’s historical output and cumulative
values (y, ysum). At each decision node, scenarios such as “high or low system demand”, “operational flexibility of the unit”, and
“status of renewable generation/storage” are distinguished based on whether these features exceed predefined thresholds.

Splitting criteria

If past instructions are relatively low (left subtree), and no extremely high loads or abrupt changes have been observed recently,
the predicted output for unit 1 typically falls within a moderate range (approximately 0.57 to 0.60). Should other units exhibit
significant ramp-ups in the near term, unit 1’s output may be slightly reduced; conversely, it may be marginally increased.
If past instructions are considered ably high (right subtree), the predicted output for unit 1 fluctuates between 0.50 and 0.62,
contingent upon whether there is still a need for high load and whether other units are operating at maximum generation capacity.

Dispatching logic

This decision tree encapsulates the concept of “overall system demand versus available operational capacity of the units.” It
simultaneously assesses whether the trend of dispatching instructions is increasing and whether the distribution among units has reached
saturation or remains surplus. Historical output and cumulative values indicate “which units are already heavily generating and
which can still increase their output”, thereby determining the subsequent adjustment of unit 1’s output.

Conclusion

From an AGC dispatching perspective, the regression tree initially differentiates high and low dispatching demands based on
historical Pm. It then examines capacity constraints, historical output, and cumulative conditions across units. If other units exhibit
high renewable or storage outputs, there is no need for a significant increase in unit 1’s output. Conversely, if demand is high and
other units have not contributed substantially, unit 1’s output is allowed to continue increasing. The entire logic employs multiple
“threshold comparisons” to segment scenarios into distinct leaf nodes, each associated with a regression prediction value for
“unit 1’s output.” This partitioning approach minimizes the mean squared error on the training data and enables the model to make
reasonably accurate estimations of unit 1’s output under new operating conditions.

(a)

0.6
0.125

0.100

0.075

0.050

0.025

0.125

0.100

0.075

0.050

0.025

0.4

0.2

0.0

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

0.6

0.4

0.2

0.0

0.0 0.5 1.0S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

P
m

(−
1
)

P
m

(−
2
)

0.6
0.125

0.100

0.075

0.050

0.025

0.125

0.100

0.075

0.050

0.025

0.4

0.2

0.0

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

0.6

0.4

0.2

0.0

0.0 0.5 1.0S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

P
m

(−
3
)

P
m

(−
4
)

(b)

0.5

0.6

0.4

0.1

0.0

−0.1

−0.2

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

P
m

(−
1
)

0.5

0.6

0.4

0.1

0.0

−0.1

−0.2

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

P
m

(−
2
)

0.5

0.6

0.4

0.1

0.0

−0.1

−0.2

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)

Pm(0)

P
m

(−
3
)

0.5

0.6

0.4

0.1

0.0

−0.1

−0.2

0.0 0.5 1.0

S
H

A
P

 v
al

u
e 

fo
r 
P

m
(0

)
Pm(0)

P
m

(−
4
)

Fig. 8. The autocorrelation of the total dispatching command. (a) Step disturbance. (b) Random disturbance.

nent. When Pm lies in the range of 0 to 0.5, its contribution
to the model’s output tends to be negative. Additionally,
the color gradient indicates that historical values G1yi(0) of
Pm have a relatively minor impact on recent outputs when
Pm < 0.5. However, when Pm exceeds 0.5, historical values
contribute more significantly to the SHAP value, implying a
stronger influence on current decisions. Furthermore, the plot
demonstrates that older historical Pm commands progressively
exert weaker influence on the contribution of the most recent
Pm value to the model’s output, highlighting a temporal decay
in the relevance of past dispatch commands.

Figure 9(a) shows the top eight features affecting the
power output of the coal-fired unit under random disturbances.
Among these, the total dispatch command is the most critical,
indicating that the model’s decision-making relies on real-
time dispatch requirements. Secondly, the unit’s previous cycle
output reflects a focus on its current state, which helps
balance the continuous output and regulation capacity of base-
load units. Additionally, the cumulative contribution of the
remaining 116 (accounting for 92.8% of the total feature set)
features is significant, with their total contribution value being

approximately 19 times that of the most important feature, Pm.
However, the average contribution of these 116 features is only
about 15.8% of Pm. The significant disparity underscores the
need for optimized feature selection to remove redundancy
and improve both model interpretability and computational
efficiency.

Figure 9(b) examines the self-correlation of the latest his-
torical outputs (yi(0)) for six units and the impact of the total
dispatch command Pm on their SHAP values. The results
clearly show a positive correlation only for unit G1, where
higher latest historical output (y1(0)) correlates with increased
future output. In contrast, the other units exhibit a slight neg-
ative correlation. This negative correlation suggests that under
random disturbances, if the historical output of units other than
unit G1 is high, it may indicate a condition where further
output from the coal-fired unit is unnecessary, potentially
explaining the negative impact on the model’s contribution.
This observation aligns with the operational characteristics of
coal-fired units and their slower ramping capabilities compared
to fast-response units.

The SHAP analysis reveals that GCN effectively captures
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Fig. 9. The SHAP interpretable analysis of unit G1 coal-fired generator under random disturbance. (a) Feature importance map. (b) The autocorrelation of
the historical output yi(0) of six units.

the complementary relationships among generation units and
the importance of total dispatch command Pm in determining
unit outputs. The model prioritizes controllable units such
as coal-fired generators for grid stability while dynamically
adjusting wind and PV contributions based on real-time condi-
tions. This behavior aligns with AGC principles and highlights
the model’s ability to generalize patterns from historical data.

V. CONCLUSION

This paper builds a dual-dimensional interpretability frame-
work for LLM-assisted smart grid AGC strategies using
SHAP and LIME methods. It analyzes the different impact
mechanisms of total dispatch commands and unit capacity
constraints. LLM technology is also used to refine the logic
of dispatch strategies.

Globally, SHAP unveils actionable insights for AGC opti-
misation: in step disturbances the GCN policy allocates power
adaptively by unit characteristics (Fig. 6(b)), while under
random disturbances 92.8 % of features account for only 15.8
% of total importance. Feature-interaction analysis exposes
a time-decay effect—each thermal unit’s current output is
positively tied only to its own previous output and negatively
to other unit types.

Locally, an LLM-LIME framework—validated by consis-
tency and electrical-constraint checks—recovers GCN deci-
sion paths and distils a single guiding rule: balance overall
system demand against each unit’s available operational ca-
pacity.

Although the framework already provides operator-friendly
transparency, its practical use is still limited by SHAP’s combi-
natorial cost and occasional LLM hallucinations; future work
will therefore explore faster SHAP approximations and more
reliable LLMs. In addition, we plan to explore lightweight
fine-tuning methods (e.g., LoRA, Adapter) to enhance the
domain alignment and stylistic consistency of LLM-generated
explanations, while ensuring deployment efficiency and data
security.
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