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Abstract—As an emerging source of grid flexibility, mobile
energy storage systems (MESSs) can perform diverse tasks
required by the power grid under various scenarios. However,
the scheduling of MESSs exhibits strong spatial-temporal cou-
pling and energy-mobility coupling, leading to high decision
complexity. Fully leveraging the potential of MESSs in such
dynamic environments requires enhanced adaptability in schedul-
ing strategies. Traditional mathematical programming and data-
driven methods often struggle to generalize efficiently across
diverse scenarios and tasks, forcing MESS operators to rely
heavily on human expertise and manual intervention. To address
these challenges, this paper proposes an intelligent collaborative
decision framework powered by the Large Language Model
(LLM). The framework orchestrates a multi-stage process in-
cluding instruction translation, problem configuration, and code
execution while embedding a spatiotemporal decision model of
MESS as domain-specific knowledge. This integration combines
the respective strengths of LLMs and mathematical optimization.
Furthermore, a benchmark dataset covering diverse scenarios
and multi-objective tasks, along with corresponding evaluation
metrics, is constructed. Numerical experiments compare multiple
MESS decision frameworks to show the effectiveness of the
proposed LLM-driven intelligent decision approach and validate
the potential of LLMs for industrial decision optimization.

Index Terms—large language model, mobile energy storage
system, coordinated scheduling, intelligent decision-making.

I. INTRODUCTION

Recently, the large-scale integration of distributed renewable
energy, the differences of user-side load characteristics, and
the increasing complexity of grid operations have posed
serious challenges to the secure and economic operation of
power systems. Against this backdrop, mobile energy storage
systems (MESSs) have emerged as a new source of flexibility.
With their unique spatiotemporal regulation and responsive
capabilities, MESSs are becoming a key tool for enhancing
grid optimization.

Under normal conditions, MESS can support economic and
low-carbon operation. For example, [1] formulated a multi-
objective optimization model in which MESS participates in
energy arbitrage and ancillary services to maximize profit,
while [2] demonstrated how MESS improves overall system
economics and renewable energy utilization. Under risk sce-
narios, where the grid faces overload, congestion, or extreme
weather events, MESS can enhance resilience and mitigate
system risks [3]. For instance, [4] optimized MESS charging
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and discharging strategies to support voltage regulation in
distribution networks, and [5] deployed MESS fleets for outage
restoration, improving recovery efficiency of critical loads after
extreme weather events.

Coordinated scheduling between MESSs and the power grid
involves substantial decision complexity. On one hand, MESSs
have higher degrees of freedom, requiring joint optimization of
charging/discharging over time and movement across locations,
leading to strong spatial-temporal and energy-mobility coupling
[6]. On the other hand, their operating environments, task
objectives, and system conditions are often dynamic and diverse.
To unlock their full potential across multi-scenario and multi-
task contexts, MESS scheduling strategies must be capable of
interpreting complex instructions and adapting autonomously.

Moreover, MESS operators, such as distribution aggregators,
virtual power plant managers, or storage service providers,
represent new decision-making entities in grid operation. The
inherent complexity demands strong expertise in optimization,
modeling, and programming, often necessitating costly human
labor and ongoing expert support. Consequently, MESS owners
require an intelligent decision framework acting as a copilot
that is capable of handling diverse and complex operational
demands, autonomously generating scheduling strategies, and
significantly reducing decision-making complexity.

Currently, conventional MESS scheduling methods primar-
ily rely on precise mathematical programming, formulated
and solved using optimization modeling languages [7], [8].
Although these methods are mature and reliable, their fixed
formulations can only handle predefined scenarios and tasks,
making it hard for them to handle dynamic and adaptive
decision environments. For MESSs, characterized by diverse
functions and decision spaces, such rigidity limits their full
potential. On the other hand, data-driven approaches represented
by deep reinforcement learning (DRL) have shown promise
in solving MESS decision problems [9], [10]. However, due
to architectural and scalability constraints, DRL struggles to
generalize across multiple scenarios, tasks, and heterogeneous
objectives. Its training relies on carefully designed scalar reward
functions, which restricts the adaptability of trained agents
when faced with new or complex situations.

Recently, the rise of large language models (LLMs) has
opened new avenues for flexible and intelligent decision-
making. With strong capabilities in natural language under-
standing, logical reasoning, and contextual learning, LLMs
provide a promising foundation for building intelligent decision
frameworks [11]. Moreover, LLMs offer MESS operators a
natural and user-friendly interface, lowering the barrier to
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deploying optimization-based decision tools. Although several
studies have explored integrating LLMs into power system
applications, such as load forecasting, document analysis,
and knowledge-based query tasks [12], frameworks capable
of handling complex scheduling decisions are still limited.
General-purpose LLMs often lack the domain expertise and re-
liability needed for such tasks. Therefore, effective LLM-driven
intelligent decision-making must integrate LLM capabilities
with domain-specific knowledge to overcome the limitations
of traditional methods and fully realize the potential of LLMs.

Therefore, this paper does not introduce physical improve-
ments to the MESS spatiotemporal scheduling model. Its main
purpose is to explore an intelligent decision-making framework
in which an LLM serves as an optimization orchestrator. In
this framework, the MESS model is invoked as expert-level
domain knowledge, demonstrating the advantages of combining
the perceptive understanding capabilities of LLMs with the
optimization power of mathematical programming.

Based on the above analysis, the main contributions of this
study are as follows:

1. An LLM-driven intelligent decision framework is proposed
for coordinated scheduling of MESSs, enabling automated
generation of scheduling plans from high-level commands and
intents under dynamic decision environments.

2. A multi-stage orchestration process, including instruc-
tion translation, problem configuration, and code execution,
is designed through prompt engineering, embedding MESS
spatiotemporal decision models as domain-specific knowledge.
The LLM acts as an orchestrator rather than a direct policy
generator, combining the interpretive reasoning ability of LLMs
with the precision of mathematical optimization.

3. A benchmark dataset for coordinated MESS scheduling is
constructed, encompassing diverse scenario conditions and task
types, to evaluate and compare the performance of different
decision frameworks under flexible and variable environments.

II. PROBLEM DESCRIPTION AND MODELING

This paper focuses on a mixed integer linear programming
(MILP) formulation for the coordinated optimization of the
MESS fleet and the power grid. The model can also serve
as useful knowledge and experience of experts in the field of
MESS coordinated optimization [7].

A. Spatiotemporal Decision Model of Mobile Energy Storage
Systems

The characteristics of MESSs include mobility and energy
aspects, which correspond to discrete and continuous decisions,
respectively.

The movement of MESS is described by a set of binary
variables. For a MESS unit v ∈ V at time t ∈ T : γv,n,m,t

indicates whether it is traveling from node n to node m. ωv,n,t

indicates whether it stays at node n. αv,n,t indicates whether
it arrives at node n. βv,n,t indicates whether it leaves node
n. θv,n,t is an auxiliary variable used to ensure consistency
between arrival and travel states. Here, N represents the set
of nodes.∑

n∈N
ωv,n,t ≤ 1−

∑
n∈N

∑
m∈N

γv,n,m,t, ∀v ∈ V,∀t ∈ T (1a)

αv,n,h − βv,n,h =ωv,n,h − ωv,n,t−1,

∀v ∈ V,∀n ∈ N ,∀t ∈ T
(1b)

∑
n∈N

(αv,n,t + βv,n,t) ≤ 1, ∀v ∈ V,∀t ∈ T (1c)∑
m∈N

γv,n,m,t ≥ βv,n,t, ∀v ∈ V,∀n ∈ N ,∀t ∈ T (1d)

αv,m,t − θv,m,h =
∑
n∈N

(γv,n,m,t−1 − γv,n,m,t) ,

∀v ∈ V,∀m ∈ N ,∀t ∈ T
(1e)

∑
n∈N

(αv,n,t + θv,n,t) ≤ 1, ∀v ∈ V,∀t ∈ T (1f)

γv,n,m,t ≥γv,n,m,t−1 − γv,n,m,t−Tn,m,t ,

∀v ∈ V,∀n,m ∈ N ,∀t ∈ T
(1g)

Constraint (1a) requires that each MESS unit can only be
in one state at any given time. Constraint (1b) describes how
departure and arrival behaviors cause changes in the staying
state. Constraint (1c) ensures that no concurrent departure or
arrival occurs within the same time period. Constraint (1d)
defines that a departure triggers the start of a traveling state.
Constraints (1e) and (1f) describe that the end of a traveling
state leads to an arrival. Constraint (1g) specifies that traveling
from node n to node m requires Tn,m,t time periods.

When staying at a node, a MESS unit can exchange power
with the grid, reflecting its energy characteristics, which are
represented by a set of continuous variables. For a MESS unit
v ∈ V at time t ∈ T : Ev,t denotes the energy level. PCHA

v,n,t and
PDIS
v,n,t denote the charging and discharging power at node n.
EMAX

v is the energy storage capacity. PCHA,MAX
v and PDIS,MAX

v

are the maximum charging and discharging power. ρ represents
the self-discharge rate. ηCHA and ηDIS represent charging and
discharging efficiency. ∆t is the length of each time period.

0 ≤ Ev,t ≤ EMAX
v , ∀v ∈ V,∀t ∈ T (2a)

Ev,t = (1− ρ)Ev,t−1+
∑
n∈N

(
PCHA
v,n,t · ηCHA ·∆t−

PDIS
v,n,t ·∆t
ηDIS

)
,

∀v ∈ V,∀t ∈ T \ {0}
(2b)

0 ≤ PDIS
v,n,t ≤ ωv,n,t · PDIS,MAX

v , ∀v ∈ V,∀n ∈ N ,∀t ∈ T
(2c)

0 ≤ PCHA
v,n,t ≤ ωv,n,t · PCHA,MAX

v , ∀v ∈ V,∀n ∈ N ,∀t ∈ T
(2d)

PDIS
v,n,t · PCHA

v,n,t = 0, ∀v ∈ V,∀n ∈ N ,∀t ∈ T (2e)

Constraint (2a) sets the upper and lower limits of energy
level. Constraint (2b) represents the change in energy level
caused by charging and discharging. Constraints (2c) and (2d)
require that MESS units can charge or discharge only when
located at a specific node. Constraint (2e) ensures that charging
and discharging cannot occur simultaneously.

Equations (1) and (2) jointly characterize the overall behavior
of the MESS fleet and serve as the core mechanism for
optimization decisions.

B. Coordinated Scheduling for Grid Operation Supported by
Mobile Energy Storage Systems

The power grid operation is represented by the linearized
power flow model. Actions of MESS units cause power
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variations at network nodes, supporting the grid in achieving
economic, secure, and low-carbon objectives. These objectives
are guided by the optimization problem’s objective function.
Different scenarios and tasks lead to different formulations of
the objective function, as shown in equation (3).

min



f1 =
∑
t∈T

∑
g

Cg(pg,t)

f2 =
∑
t∈T

∑
v

Cv(γv,n,m,t;P
CHA
v,n,t;P

DIS
v,n,t)

f3 =
∑
t∈T

∑
b

Co(pob,t), f4 =
∑
t∈T

∑
n

Cs(p
s
n,t) · · ·

(3)
Under normal operating conditions, optimization primarily

focuses on economic efficiency. For example, f1 represents the
total generation cost associated with the output pg,t of each
generator g. f2 represents the dispatch cost of the MESS fleet,
related to both movement and charging/discharging actions.
When the system faces certain security risks, such as excessive
load growth or line overload, mobile energy storage can help
mitigate these risks. For instance, f3 denotes the total line
overload penalty cost, depending on the overload amount pob,t
of each line b. In extreme situations, where many lines are
interrupted due to extreme weather, mobile energy storage
can support emergency power supply and load recovery. For
example, f4 represents the total load-shedding penalty cost,
related to the shed load psn,t at each node n.

The operation mode of the MESS fleet must adapt to different
scenarios and tasks. During normal conditions, safety should
not be compromised for cost reduction, while in the presence of
severe security risks, economic concerns should be temporarily
set aside. The importance and priority of objectives are always
adjusted according to the decision context.

III. LLM-DRIVEN COORDINATED SCHEDULING OF
MOBILE ENERGY STORAGE SYSTEMS

To address dynamic and flexible decision environments,
this paper proposes an LLM-driven optimization orchestration
framework with a multi-stage process. Based on a fundamental
spatiotemporal decision model for MESS, the framework
consists of three stages: instruction translation, problem con-
figuration, and code execution.

A. Instruction Translation
The operator of a MESS fleet may impose diverse and

customized operational requirements. These instructions are
often flexible and highly varied. At this stage, the LLM
performs instruction translation, extracting and organizing
key information from high-level commands provided by the
decision-maker, such as the intended objectives, available
resources, and the configuration or relaxation of constraints.

To ensure reliability, a prompt template is designed with role
descriptions, task definitions, format specifications, few-shot
examples, and chain-of-thought (CoT) guidance [13]. The LLM
is required to output results in a unified and structured JSON
format [14].

Professional intent understanding and format alignment
require substantial domain knowledge in power grids, mobile
energy storage, and optimization, where general-purpose lan-
guage models may exhibit knowledge gaps. This can lead

to inaccurate outputs or format mismatches when dealing
with complex operating rules or special market information.
Beyond the prompt engineering adopted in this paper, retrieval-
augmented generation (RAG) can be further integrated by
designing an experience memory pool to retrieve similar
historical dispatch cases, which enables the LLM to more
accurately interpret concepts such as security and economy
and to correctly orchestrate optimization problems based on
this understanding. In addition, fine-tuning techniques can
improve LLM performance in specific vertical domains. For
example, [15] applies lightweight fine-tuning to help LLMs
accurately understand dispatch tasks and format alignment in
power distribution networks.

B. Problem Configuration
Based on the structured information extracted from the

instructions, this stage updates the base model to generate
a customized model suited to the current decision environment.
The following examples illustrate how such updates are
implemented.

For the task objective, since the instruction translation stage
identifies the current decision focus, it becomes the basis
for configuring the objective function and constraints. For
example, if the LLM detects that the system is in a normal
operating state with the goal of minimizing total operating
cost, the corresponding objective and additional constraints are
configured as shown in equation (4). In this case, the model
minimizes overall cost while satisfying load supply and security
constraints.

min f1 + f2

=
∑
t∈T

∑
g

Cg(pg,t) +
∑
t∈T

∑
v

Cv(γv,n,m,t;P
CHA
v,n,t;P

DIS
v,n,t)

s.t. ∀pob,t = 0,∀psn,t = 0

Other Constraints in Basic Model
(4)

In another example, if the LLM identifies a security-risk
scenario, where the goal is to mitigate line overloads, the
configuration changes accordingly as shown in equation (5). In
such cases, high load levels and line congestion risks require
dispatching MESS units to enhance system security.

min f3 =
∑
t∈T

∑
b

Co(pob,t)

s.t. ∀psn,t = 0

Other Constraints in Basic Model

(5)

For additional constraints, external events can be incorpo-
rated into the decision model. For instance, if the LLM detects
from the instruction that MESS unit v1 is unavailable due to
maintenance, the model adds a constraint as shown in equation
(6). Under this condition, v1 performs no charging or discharg-
ing actions, and equation (1) ensures that it remains stationary
at its initial node nini without any further modification.

∀PCHA
v1,n,t = 0, ∀PDIS

v1,n,t = 0

ωv1,n,t = 0, ∀n 6= nini (6)

With the capabilities of the LLM, any diverse requirements
or instructions can be implemented through customized updates
built upon the base model.
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C. Code Execution
The code execution environment is standardized to Gurobipy.

As a mature and widely used optimization modeling tool,
Gurobipy and its Python syntax are well embedded in modern
LLM pretraining. With clearly designed prompts, the generated
code aligns with the model’s strengths. Moreover, to improve
reliability, many intermediate expressions (e.g., f1, f2, f3, f4)
are precomputed as “gurobipy.LinExpr” objects and bound to
the model, allowing direct use during updates.

Therefore, the model updates described in Section III-B
can be conveniently implemented using the statements
“model.setObjective()” and “model.addConstr()”. After invoking
“model.update()” on the modified model, a customized optimiza-
tion problem aligned with the current decision environment is
obtained. The solver then automatically produces the optimized
MESS scheduling result.

Since the configuration of optimization problems by the
LLM is an incremental process conducted under predefined
rules and guidance, the impact of output instability on decision-
making is reduced. If the configuration generated by the LLM
contains syntactic errors or cannot be successfully solved by
the solver, the current code and error messages can be fed
back to the LLM for correction, or the process can revert to a
standard fixed optimization routine, thereby ensuring that the
decision process remains uninterrupted.

IV. NUMERICAL EXPERIMENTS

The codes and workflows used in the numerical experiments
are available in [13].

A. Evaluation Datasets and Metrics
The experiment is based on a modified IEEE 14-bus power

system that includes multiple generators, load nodes, and a
fleet composed of several MESS units.

In each test case, load levels are randomly perturbed, line
outages are randomly introduced, the initial positions and
availability of MESS units are randomly determined, and
task objectives are randomly selected. A natural-language
description corresponding to each scenario-task combination is
then generated as a high-level scheduling instruction. For each
case, a manually written optimization program corresponding
to that scenario-task combination is executed with sufficient
solving time and treated as the reference “perfect optimizer,”
providing the label for the optimal strategy.

Two metrics are defined to evaluate the proposed method,
as shown in (7).

F =
NFeasible

NTotal × 100%, S =

∣∣∣∣∣ Objafter − Objbefore

Objperfect − Objbefore

∣∣∣∣∣× 100%

(7)
The first metric is the feasibility rate F , which not only

measures whether the method can generate a valid result but
also checks whether the obtained strategy satisfies the specific
requirements stated in the task instruction. For example, in a
line-overload mitigation task, if the instruction specifies that no
load shedding is allowed, a strategy that eliminates overloads
at the cost of load loss is still considered infeasible.

The second metric is the task score S. Using the grid’s
original operation without any MESS participation as the
baseline, the improvement achieved by incorporating the MESS
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Fig. 1. Comparison of Metrics Across Different Methods.

fleet can be measured as a relative enhancement in the objective
function. The performance achieved by the perfect optimizer
after sufficient computation time is defined as 100%, allowing
direct comparison of the quality of scheduling strategies
generated by other methods.

B. Results and Comparisons
This paper evaluates and compares multiple methods for the

coordinated scheduling of the MESS fleet.
Method#1: Fixed optimization code. A manually written,

verified optimization program is used across all decision
environments. All possible task objectives are incorporated
into the objective function through weighted aggregation.

Method#2: Deep reinforcement learning. The MESS
scheduling problem is formulated as a Markov decision process,
where the reward function includes weighted terms for all task
objectives. A reinforcement learning agent is trained using
proximal policy optimization (PPO).

Method#3: LLM-Direct policy generation. MESS actions
are encoded in text form, and the LLM directly generates
textual scheduling actions after receiving task instructions and
system information.

Method#4: LLM-driven optimization orchestrator. The
LLM interprets the instruction, updates the base optimization
model accordingly, and generates the final solution with an
optimization solver.

All methods involving optimization use Gurobipy (12.0.2)
as the tool, with the same solver settings. The PPO algorithm
in Method#2 is implemented with stable-baselines3 (2.7.0).
Method#3 and Method#4 both adopt “qwen3-next-80b-a3b-
instruct” as the LLM, an open-source model with outstanding
performance, featuring enhanced text understanding and logical
reasoning capabilities [14]. The open-source nature of the
model facilitates academic reproducibility while maintaining
relatively low inference and deployment costs.

Figure 1 shows the overall performance of different methods
on the benchmark dataset.

Figure 2 illustrates the distribution of task scores across
individual test cases. Each dot represents the task score of a
single test case (with slight jitter applied to avoid overlap).
When a method produces an infeasible scheduling strategy,
the task score is set to zero, significantly reducing its average
performance.

Overall, Method#4 achieves the best results across both
metrics, demonstrating that combining LLMs with optimization
enables adaptive understanding of goals and constraints in
diverse decision environments while leveraging the advantage
of mathematical optimization tools.
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Method#1 ranks second. Although a fixed optimization
program can sense physical system variations through struc-
tured data, it lacks adaptive adjustment capability. The use
of relaxation terms, penalties, and weighted multi-objectives
may lead to incomplete task fulfillment or infeasibility when
additional constraints are not properly satisfied. This shows that
fixed optimization programs are limited in dynamic decision
environments.

Method#2 performs poorly. Although random load fluc-
tuations and line outages are introduced in the training
environment, the DRL agent trained under a fixed scalar reward
struggles to generalize across varying scenarios and tasks.

Method#3 performs the worst, producing almost no feasible
scheduling results. Even with prompt-engineering techniques
and infeasible action masking logic, the directly generated
strategies frequently violate basic constraints such as SOC
limits. This indicates that general-purpose LLMs lack the
domain knowledge and professional ability required to produce
complex sequential decisions directly.

Figure 3 compares the computation time required for each
method to produce scheduling results for a single test case.
Method#2 generates results the fastest, as the trained DRL
agent only needs a forward propagation process of small
neural networks. Method#1 and Method#4 require longer
computation time due to the inherent complexity of solving
MILP problems. This also indicates that solver performance is
the dominant factor affecting decision time, while the additional
LLM inference and communication introduced in Method#4
is not dominant. At the day-ahead stage or on an hourly time
scale, given the benefits in task flexibility and scalability, this
overhead is acceptable. Despite not involving optimization,
Method#3 also requires considerable time because LLMs must
process long input prompts, generate large volumes of text, and
parse outputs into structured schedules, consuming substantial
tokens and processing time.

These findings suggest that integrating the strengths of
LLMs and mathematical optimization enables more flexible
and efficient intelligent decision-making.

V. CONCLUSION

As an emerging flexible resource, mobile energy storage
systems exhibit complex spatiotemporal and energy-mobility
coupling characteristics. The increasing diversity of scenarios
and tasks places higher demands on the adaptive adjustment
capability of scheduling strategies. Traditional mathematical
optimization and data-driven approaches face challenges in
rapidly adapting and generalizing to diverse decision envi-
ronments, which may result in operators having to devote
substantial effort and cost to rely on the knowledge and labor
of human experts. This paper proposes an intelligent decision-
making framework for coordinated scheduling of mobile
energy storage systems to support power system operation,
using the cognitive understanding capability of LLMs and the
precision of mathematical programming to achieve adaptive
and intelligent decision-making. Furthermore, a benchmark
dataset encompassing diverse scenarios and task objectives,
along with corresponding evaluation metrics, is constructed.
Numerical experiments demonstrate the effectiveness of the
proposed LLM-driven intelligent decision framework.
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