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Abstract: Integrated energy system (IES) scheduling optimization involves multi-energy coupling, multidevice coordination,
and complex constraints. Conventional approaches rely on experts to manually formulate optimization models, resulting in high
technical barriers, lengthy development cycles, and limited transferability. To address requirement uncertainty, attention drift in
long contexts, and high debugging costs when applying large language models (LLMs) to IES scheduling optimization, this study
proposes the MASEOQ, a multi-agent system for energy optimization. MASEO decomposes the optimization workflow into four
sequential stages—information collection, mathematical modeling, code implementation, and execution verification—each handled by
a dedicated LLM agent. A structured checklist is introduced to standardize information collection, while an error-classification-based
traceable repair mechanism routes errors to the responsible agent for targeted correction. Case studies on a Beijing data center IES
and a German community [ES show that MASEO achieves results highly consistent with expert benchmarks, with an annualized
cost deviation of approximately 1.4% in the Beijing case. Compared with a single-agent baseline, modeling accuracy improves by
approximately 35%, while the code execution pass rate increases from 63% to 94%. Ablation, multi-backbone, and sensitivity
experiments further validate the effectiveness of the core mechanisms and the applicability of the framework. These results
indicate that MASEO can reduce reliance on specialized modeling expertise and provide a practical pathway for the reliable
application of LLMs to energy system optimization.
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advantages in economics, reliability, and environmen-
tal performance (Liu et al., 2014; Song et al., 2022;
Huang et al., 2023).

1 Introduction

1.1 Background and motivation

Against the backdrop of the global energy transi-
tion and carbon neutrality goals, integrated energy sys-
tems (IESs) have emerged as a key pathway for improv-
ing energy efficiency through synergistic optimization
of electricity, heat, cooling, and gas, offering notable
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However, IES scheduling optimization is highly
complex due to multi-energy coupling, multidevice
coordination, and diverse constraints (Fig. 1). Signifi-
cant scenario heterogeneity exists across regions, and
the problem demands interdisciplinary expertise span-
ning energy engineering, operation research, and com-
puter science. Existing methods rely on experts to man-
ually formulate optimization models and solve them
using frameworks such as Oemof and PyPSA, suffer-
ing from high technical barriers, time-consuming de-
velopment cycles, and limited transferability (Fan et al.,
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Fig. 1 Limitations of current scheduling methods for IES. NL is the natural language

2022; Majidi et al., 2025). Additionally, the dynamic
operating environment of IES can invalidate existing
model assumptions, while static modeling approaches
struggle to adapt rapidly.

Recent advances in large language model (LLM)-
based agent technologies offer a promising alternative
(Lin et al., 2025). LLMs possess natural language un-
derstanding, code generation (Li et al., 2023; Roziere
et al., 2023), and external tool invocation capabilities
(Du et al., 2024; Zeng et al., 2024), enabling natural
language-driven model construction, and thus reducing
the dependence on specialized expertise (Jiang HY et al.,
2026a, 2026b; Jiang JY et al., 2026). However, chal-
lenges still remain, including requirement uncertainty
from natural language ambiguity, attention drift in long
contexts, high debugging costs, and insufficient pro-
cess transparency.

To address these issues, this study proposes the
MASEQO, a multi-agent system for energy optimiza-
tion. The framework decomposes scheduling optimi-
zation into four stages—information collection, math-
ematical modeling, code implementation, and execu-
tion verification—completed by specialized agents to
reduce the single-process information load and im-
prove task focus and traceability. A guided interaction
mechanism ensures complete and accurate informa-
tion collection, while a traceable local repair mech-
anism classifies errors and routes them to upstream
agents for targeted correction.

1.2 Literature review and research gap

In the domain of traditional optimization model-
ing and solving, extensive research has explored sched-
uling optimization across diverse IES configurations,
spanning industrial parks, data centers, and community
energy systems (Yang YF et al., 2024; Zhu et al., 2025).
The emergence of open-source frameworks, such as
Oemof and PyPSA, has improved modeling efficiency
and reduced manual programming effort by providing
modular component support (Hilpert et al., 2018; di
Bella et al., 2024). However, given the significant het-
erogeneity among IES in terms of device composition,
energy topology, and operational constraints, optimiza-
tion models are highly scenario-specific and difficult
to transfer across applications. Each new scenario re-
quires domain experts to reconduct system analysis,
model construction, and code implementation from
scratch, resulting in high technical barriers and lengthy
development cycles that constrain the broader adoption
of optimization technologies across diverse energy sys-
tem deployments.

In the domain of LLM-based optimization mod-
eling and solving, research has pursued two directions.
The first employs multi-agent systems to simulate heu-
ristic optimization processes as a substitute for conven-
tional solvers (Liu et al., 2024; Yang CR et al., 2024;
Wang YD et al., 2025), but such approaches have been
validated only on simple combinatorial problems such as



the traveling salesman problem and fall significantly
short of mature solvers in solution accuracy, scalability,
and real-time performance, rendering them unsuit-
able for engineering-grade IES dispatch. The second
retains conventional solvers and leverages LLM cap-
abilities of natural language understanding and code
generation to assist with modeling—including optimi-
zation formalization from natural language descrip-
tions (Jin et al., 2023), generation of power system
simulation code (Jia et al., 2024), and LLM-based
agents using the reasoning and acting (ReAct) para-
digm for home energy management (Michelon et al.,
2025)—reducing knowledge barriers and manual mod-
eling workload to a certain extent. However, these ef-
forts have focused on relatively simple, single-energy,
or small-scale systems and have not been extended to
engineering-grade IES scheduling involving multi-
energy coupling and complex constraints (Fig. 2).

At a fundamental level, the widespread adoption
of scheduling optimization technology faces a persistent
core barrier: regardless of the tools employed, users
must bear substantial learning and implementation costs
for each new scenario—understanding problem struc-
tures, constructing mathematical models, and debug-
ging optimization code. These demands on domain ex-
pertise and time investment prevent optimization tech-
nologies from reaching a broader range of users and
heterogeneous energy system configurations (Jin et al.,
2023; Michelon et al., 2025). While applying LLMs
or single LLM-based agents to simple optimization
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tasks has demonstrated potential for lowering modeling
barriers, the success rate remains low when facing IES
scheduling—a multistage engineering problem involv-
ing multi-energy coupling and complex constraints—
and users still require considerable time for manual
debugging and intervention. How to construct a reli-
able end-to-end pipeline from requirement acquisi-
tion and mathematical modeling to code execution in a
human-—artificial intelligence (Al) collaborative manner
remains an open and pressing challenge. To this end,
this paper proposes the MASEO, addressing this chal-
lenge through multi-agent task decomposition, a struc-
tured checklist, as well as an error tracing and repair
mechanism.

1.3 Contributions and study organization

(1) A multi-agent collaborative framework,
MASEQO, is proposed for IES scheduling optimization.
Four specialized agents—problem formulation, model
construction, code generation, and execution feedback—
collaboratively transform natural language requirements
into executable optimization workflows, addressing the
complexity and expertise dependence of traditional
approaches.

(2) A reliability assurance mechanism is proposed,
incorporating a structured checklist for guided infor-
mation collection and an error classification-based trace-
able repair mechanism for iterative correction. Phys-
ical feasibility is verified through energy balance checks
and equipment boundary validation.
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(3) Case studies on a Beijing data center IES
(DCIES) and a German community IES (CIES) vali-
date the framework. MASEO completes scheduling op-
timization at the hourly level through human—machine
interaction, improving modeling accuracy by approxi-
mately 35% and the code execution pass rate from 63%
to 94% over a single-agent approach. Multi-backbone
and sensitivity experiments further confirm adaptability
and provide configuration guidance for deployment.

2 Methodology
2.1 Basic definition of the IES optimization problem

A general optimization problem can be expressed
in the following mathematical form:

min f (x; 6).
g(x;0)<0,i=1,2, -, m, (D
h(x;0)=0,j=1,2, - n,

where x € X R” is the vector composed of all deci-
sion variables of the problem; X is the feasible region
defined by physical constraints; @ is the parameter set
including objective function coefficients, constraint pa-
rameters, and system configuration information; f(x; )
is the performance index to be minimized (e.g., opera-
tional cost or carbon emissions); g;(x; #)< 0 describes
the operational boundary conditions, such as equipment
output limits and energy storage state-of-charge (SOC)
bounds; 4, (x; #)=0 corresponds to the physical con-
servation relationships, such as energy bus power bal-
ance equations.

The solution process comprises two stages: (1) a
modeling stage that abstracts system information into
a mathematical optimization model; (2) a solution stage
that translates the model into executable code and in-
vokes solvers to obtain optimal dispatch decisions. Both
stages rely heavily on specialized knowledge, and the
manual workflow is time-consuming and difficult to
scale across diverse engineering scenarios, constrain-
ing the widespread adoption of IES optimization
technologies.

2.2 MASEO framework

To automate this two-stage process, MASEO is
constructed based on three design principles: task

decomposition for reducing information overload and
ensuring error traceability; guided interaction for miti-
gating requirement uncertainty and improving infor-
mation completeness; human-in-the-loop mechanisms
for process transparency and reliability. As illustrated
in Fig. 3, four sequential specialized agents operate
within independent context spaces, exchanging infor-
mation through structured process files, including a
checklist, mathematical model, solution code, and error
traceability table. Task type labels (generation or re-
pair) distinguish initial generation from local revision.
The agents collaboratively complete information col-
lection, mathematical modeling, code generation, and
execution verification, enabling end-to-end automation
from natural language input to scheduling optimization
results. Specifically, the problem formulation agent
(PFA) collects system information through multi-round
human—AlI dialog and outputs a structured checklist; the
energy modeling agent (EMA) constructs the mathe-
matical optimization model based on the checklist; the
code generation agent (CGA) transforms the model
into executable Python optimization code; the execu-
tion and feedback agent (EFA) executes the code, vali-
dates physical feasibility, and triggers targeted repair
upon failure. Human—Al interaction is concentrated in
the PFA stage; subsequent agents proceed autonomously
in sequence. The operational workflows are illustrated
in Fig. 4. The specific procedures are as follows:

(1) The user submits a dispatch requirement
(Step 1a). The PFA interprets user intent and dynami-
cally updates the checklist within the dialog history
(Step 1b), then returns the current status, and identi-
fies missing elements (Step 2a), sending status confir-
mation and targeted inquiries to the user (Step 2b).

(2) The user confirms and supplements informa-
tion accordingly (Step 3a). Steps 1b—3a iterate until
the user confirms that the checklist is complete and
accurate. The finalized checklist is transmitted to the
EMA (Step 3b).

(3) The EMA retrieves from the historical model re-
pository using the equipment set and bus structure as in-
dices (Steps 4a and 4b), loading matched models as ref-
erences or returning an empty set. Based on the checklist
and retrieval results, the EMA constructs the mathemat-
ical optimization model and symbolic mapping table,
and then transmits them to the CGA (Step 5a).

(4) The CGA retrieves from the optimization
framework knowledge base (Steps 5b and 6a), selects



the most suitable framework, and generates execut-
able Python optimization code, which is transmitted to
the EFA (Step 6b).
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(5) The EFA executes the code and performs
physical feasibility verification (Steps 7a and 7b). If
successful, dispatch visualizations are generated, and
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the model repository is updated (Steps 8a and 8b). If
verification fails or errors occur, an error traceability
report is returned to the corresponding upstream agent
for localized repair (Steps 9a and 9b). If verification
still fails after three iterations or an unrepairable error
is encountered, the process terminates, and manual in-
tervention is requested (Step 9c¢).

2.3 Agent composition of the MASEO framework

Among the four agents, the PFA and EFA re-
quire iterative multi-round reasoning and tool invoca-
tion, and therefore adopt the ReAct framework; the
EMA and CGA perform single-pass reasoning with
tool-augmented chain-of-thought, where tools such as
retrieval and file operations are invoked as part of the
reasoning process but without iterative loops.

2.3.1 Problem formulation agent

The PFA collects complete system information for
IES scheduling optimization through multi-round user
interaction. Multiple file parsing tools are designed to
support information extraction from various file for-
mats, as shown in Section S2.1 of the electronic sup-
plementary materials (ESM). A structured checklist C
guides the information collection process, containing
six core elements:

C= {Cls C27 C37 C4’ C57 Ca}‘ (2)

Among them, C; only stores the path references of
time series data files and the statistical features ex-
tracted by the parsing tools. The state of C is implicitly
maintained in the dialog history H,,, from which the
PFA reconstructs the completion status of each ele-
ment, identifies missing items, and plans subsequent
actions.

As shown in Algorithm S1 in Section S1 of the
ESM, the PFA adopts a nested loop structure. The outer
loop is triggered by user input, where the PFA reasons
over H,;, to identify missing elements and plan ac-
tions. If file parsing is needed, the inner loop automat-
ically executes tool invocation and continuous reason-
ing until a user response is generated. Whenever any
element C, (i=1, 2, ---, 6) is updated, the PFA presents
results and requests explicit user confirmation. Uncon-
firmed information is excluded from the valid state.
Once all elements are confirmed, the PFA outputs the
structured checklist via the file writing tool and trans-
fers it to the EMA.

2.3.2 Energy modeling agent

The EMA takes a structured checklist as input and
transforms it into a computationally solvable mathe-
matical optimization model. Unlike the PFA, the EMA
addresses inference-intensive tasks with clearly defined
and complete input. The tool configuration is shown in
Section S2.2 of the ESM.

To reduce redundant reasoning overhead, the
EMA first retrieves historical models from the reposi-
tory using the equipment set and bus structure as indi-
ces. If matched, the most structurally similar historical
model M is loaded into the reasoning context H =
{C, M"} for joint model construction; otherwise, Hyy,=
{C}, and reasoning proceeds based solely on the checklist.

The EMA inference comprises two stages. In the
mathematical expression generation stage, operational
and energy conversion constraints are generated based
on device types in C,; power balance equations are
constructed according to the bus structure in C,; the
objective function is formulated based on the optimi-
zation objectives in C,. In the symbol mapping stage,
the correspondence between checklist parameters and
model symbols is established: decision variables in Cj
map to optimization variables, device parameters in Cj
to known scalars, and time-series data in C; to time-
varying parameters referenced via file paths and column
names. The resulting optimization model is output and
passed to the CGA.

2.3.3 Code generation agent

The CGA transforms the mathematical optimiza-
tion model from the EMA into executable Python solv-
ing code, essentially converting decision variables, ob-
jective functions, and constraints into code expressions
while selecting an appropriate solution method. The tool
configuration is shown in Section S2.3 of the ESM.

To mitigate issues such as improper framework
selection and incorrect interface calls, a structured
knowledge base is constructed from Python-oriented op-
timization frameworks (e.g., Pyomo, Oemof, PyPSA,
and Calliope) to support RAG. Solver invocation rules
(e.g., GLPK and Gurobi) are incorporated into the
system prompt to constrain code generation.

Specifically, the CGA represents the coding seman-
tics of the current problem as a vector ¢(P) and com-
putes the cosine similarity with the semantic vectors
@¢(A) of candidate frameworks in the knowledge base:



_ () H(A)
P A= 6 Pyg) )
A= argmax S(P, A), “4)

where S(P, A) is the similarity score between P and
A; A" is the most relevant item retrieved from the
candidate set.

CGA selects the framework with the highest score
as the reference framework for code generation. When
the highest score is lower than the preset threshold z,
the current problem is considered to have insufficient
correspondence with existing framework knowledge.
In this case, the code generation process does not in-
corporate retrieval results, and instead constructs the
solving code solely based on the mathematical opti-
mization model.

Finally, CGA invokes the file-writing tool to out-
put the generated code and passes it to EFA for execu-
tion and validation.

2.3.4 Execution and feedback agent

The EFA executes optimization code and performs
state assessment, error diagnosis, feedback-based re-
pair, or result output (Madaan et al., 2023; Diallo et al.,
2025). The tool configuration and reasoning workflow
are provided in Section S2.4 of the ESM. To ensure
traceable error repair, five error categories and their
corresponding routing strategies are defined, as de-
tailed in Section S1 of the ESM. EFA executes optimi-
zation code through the code execution tool within the
user’s preconfigured local Python environment; the
LLM does not have permission to install dependen-
cies autonomously.

Upon successful execution, the EFA validates
physical feasibility by examining device output bound-
aries and energy conservation constraints. If passed,
visualization charts are generated, and process artifacts
are archived, with the model metadata written to the
historical repository for retrieval and reuse. If execu-
tion fails or validation is not satisfied, the error type,
message, and relevant file references are recorded in an
error tracing table. The task is routed to the correspond-
ing upstream agent for targeted local revision, with mod-
ification summaries recorded to enable downstream
synchronization, avoiding full regeneration overhead.

The maximum number of automatic repair itera-
tions is 3. If validation still fails or environment-level/
information-deficiency errors occur, the EFA archives
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all process artifacts, notifies the user, and terminates
the workflow for manual intervention.

3 Case study

To evaluate the practical effectiveness of the
MASEO framework in the scheduling optimization of
IES, this study selects the DCIES in Beijing and the
CIES in Germany as validation cases.

3.1 Case 1: data center integrated energy system

The Beijing DCIES features hydrogen energy uti-
lization and cascade recovery of data center waste
heat, forming a low-carbon multi-energy supply system
(Fig. 5). The data center has a rated information tech-
nology (IT) capacity of 20 MW (approximately 95%
utilization; approximately 19 MW actual load), provid-
ing electricity, district heating, and industrial steam
services. The supply side integrates photovoltaic, wind
power, and hydrogen fuel cells. Waste heat is recov-
ered through cascade utilization: low-grade waste heat
(20—40 °C) is upgraded by a low-temperature heat
pump, and further converted to steam by a high-
temperature steam heat pump. Cooling is jointly pro-
vided by electric chillers, absorption chillers, cooling
towers, and cold energy recovered from liquid hydro-
gen regeneration. Thermal and cold storage units smooth
load fluctuations.

The operational dataset comprises hourly data
for 2022 (8760 steps), covering electricity, cooling,
heating, and steam demands, along with meteorolog-
ical variables. A typical day clustering method extracted
10 representative days. Detailed equipment parame-
ters, representative-day profiles, clustering settings, and
time-of-use electricity tariffs are provided in Section S3.1
of the ESM. The carbon emission cost is approximately
0.008 USD/kWh (grid factor: 0.5703 kg/kWh CO,;
carbon price: 13.47 USD/t); the liquid hydrogen price
is 0.075 USD/kWh; the external heating, steam, and
cooling prices are 0.022, 0.056, and 0.069 USD/kWh,
respectively.

3.2 Case 2: community integrated energy system

The German CIES is a combined cooling, heat-
ing, and power system centered on a gas turbine,
serving the electricity, heating, and cooling demands
of an industrial community (Fig. 6). The supply side
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Fig. 6 Structural diagram of the German CIES

integrates photovoltaic and wind power, with a gas
turbine as the core cogeneration unit. Waste heat is re-
covered by an absorption chiller for cooling. An elec-
tric heat pump and electric chiller supplement heating
and cooling, respectively. Electric, heat, and cooling
storage enable peak shaving and load shifting, with grid
connections ensuring energy balance.

Operational data consist of hourly time series
for the full year, with meteorological data from Na-
tional Aeronautics and Space Administration (NASA)
MERRA-2 (Gelaro et al., 2017) and load data from
the Scientific Data dataset (Priesmann et al., 2021).
Ten typical days were extracted by clustering. Detailed
equipment parameters, representative-day profiles, clus-
tering settings, and electricity pricing are provided in

Section S3.2 of the ESM. Electricity pricing follows a
two-part tariff: capacity charge 114.29 EUR/(kW-a) and
energy charge 0.0025 EUR/kWh. The natural gas price
is 0.0286 EUR/kWh.

3.3 Evaluation metrics

The framework is assessed across four dimensions.
Expert-annotated references serve as benchmarks, with
an LLM-as-Judge approach for scoring to avoid mis-
classification by rule-based methods. The evaluation
results are reviewed and confirmed by domain experts.

3.3.1 Optimization problem modeling accuracy

The capability to extract information and construct
mathematical formulations is measured by Eq. (5):



1 7
Smodeling = 7 zsi ’ (5)
i=1

where S, 15 the overall modeling score; 5,€[0, 1] (=
1,2, .-+, 7) is the score of the ith evaluation criterion.
Information collection completeness includes
equipment completeness s, topology accuracy s,, com-
pleteness of parameters and variables s,, and objective
function accuracy s,. Model completeness includes con-
straint completeness s, accuracy of model representa-
tion s, and accuracy of parameter mapping s,. Scores
are interpreted in three intervals: [0.60, 0.70] indicates
system-level structural errors such as missing bus con-
nections or mismatched equipment; [0.70, 0.85] indi-
cates correct topology but missing local constraints or
parameter mapping errors; [0.85, 1.00] indicates high

accuracy with only minor differences.
3.3.2 Code execution pass rate

The code execution pass rate is used to reflect the
capability of the framework to generate accurate and
executable code. The following metrics are defined:

NO
R — success , 6
l N total ( )
NE.
Rr — success , 7
N total ( )

where R, is the first-pass execution rate (FER); R is the
post-repair execution rate (PER); N is the number
of cases successfully executed on the first attempt;
NE).. is the number of cases successfully executed

within three repair attempts; N, is the total number
of test cases.

3.3.3 Solution accuracy

Both cases are linear programming problems with
guaranteed global optima. Using the expert model so-
lution y" as a benchmark:

: ®)

where 0 is the solution deviation, and the smaller the
value, the higher the consistency; y is the framework’s
objective value.

Framework economic efficiency is evaluated by
token consumption and cost per task.
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3.4 Case validation

To evaluate usability for low-barrier users, a first-
year energy engineering graduate student without IES
scheduling optimization experience independently com-
pleted both case tasks using only system documenta-
tion and the interactive interface, without access to ref-
erence model implementation details. The equipment
parameters were consistent with those in Sections S3.1
and S3.2 of the ESM. Claude-Sonnet-4.5 was used as
the base model (Table 1).

Table 1 Claude-Sonnet-4.5 configuration for case validation

Parameter Description
Context window 2x10° tokens
Max output 16384 tokens
Temperature 0.3
Top-p 0.95

Temperature is used to control the randomness in model generation;
Top-p is used to control the range of vocabulary selection during model
generation, and it dynamically adjusts the size of the candidate word
set based on the cumulative probability distribution

3.5 Framework performance evaluation

An experimental dataset of 13 scheduling optimi-
zation task instances was constructed from multiple
equipment capacity configurations derived from the
planning results of both cases (Section S3 of the ESM).
LLMs simulated realistic user input scenarios with par-
tial information provision capability. Unless otherwise
specified, all experiments adopted a unified model con-
figuration and default parameters.

To evaluate the overall performance and back-
bone adaptability, comparative experiments were con-
ducted on several mainstream models under unified hy-
perparameters (Table 2). A single-agent ReAct baseline
using Claude-Sonnet-4.5 with a single context window

Table 2 Pricing information for backbone models

Model Input price per ~ Output price per
10° tokens (USD) 10° tokens (USD)
Llama-4-Scout-17B 0.60 2.40
Qwen3-32B 1.20 5.15
DeepSeek-R1 1.40 5.60
DeepSeek-V3 0.80 3.20
Qwen3-235B-A22B 1.95 8.37
Qwen2.5-72B-Instruct 2.50 7.50
GPT-4.1 2.00 8.00
Claude-Sonnet-4.5 3.00 15.00
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completing the entire pipeline was constructed for com-
parison. Each configuration was run five times with
averaged results.

4 Experimental results
4.1 Framework performance evaluation

Application programming interface (API) pricing
followed the Claude-Sonnet-4.5 rate (Table 2). As this
study does not involve planning, the annual investment
cost was set to be identical to the expert model.

4.1.1 Case 1: data center integrated energy system in
Beijing

Table 3 compares key economic indicators be-
tween MASEO and the expert model. The annualized
total cost deviation is approximately 1.4% (13.83x10°
USD vs. 14.38x10° USD). The grid electricity pro-
curement cost decreased by 13.2%, the hydrogen pur-
chase cost increased by 17.1%, and the waste heat re-
covery revenue increased by 10.4%. These differences
stem from reasonable modeling variations in cooling
tower treatment: MASEO models it as an adjustable
conversion device, granting greater scheduling flexi-
bility. Consequently, the framework tends to reduce grid
purchases and increase hydrogen consumption to lower
carbon tax expenditures. Such differences fall within
a reasonable strategy selection space, and experts can
review or adjust cooling tower strategies according to
actual scenarios.

The completion time of the end-to-end task was
2.5 h, during which two errors occurred, both automati-
cally corrected. The first, a code-level error caused by a
mismatch between Excel column names and code vari-
able names, was routed by the EFA to the CGA. Sec-
ond, a model-level error from a missing constraint, ren-
dering the cooling tower unavailable above 13 °C, was
fed back to the EMA for constraint supplementation.
The single-task cost was 1.334 USD. Interaction statis-
tics and token consumption are presented in Table 4.

Fig. 7 presents the energy dispatch results for
four typical days, with all energy carriers satisfying
the bus balance constraints at every time step. The
electricity load remains stable at 18—19 MW, with the
hydrogen fuel cell providing a baseload (average
4.79 MW) and renewable output fluctuating seasonally
(wind turbine peaks at 15.08 MW in summer; PV peaks
at 10.47 MW in transitional seasons). Cooling (average
20.30 MW) exhibits seasonal switching: the cooling
tower dominates in winter (15.71 MW), while the elec-
tric chiller takes over in summer (17.40 MW). Heating
peaks at 14.04 MW in winter and drops to 0.42 MW
in summer, primarily from the low-temperature heat
pump. Steam peaks at 12.53 MW in winter, mainly
from the high-temperature steam heat pump.

4.1.2 Case 2: integrated community energy system
in Germany

Table 5 presents MASEQ’s results for the German
CIES. Due to the relatively simple system structure,
MASEO generated executable code in a single attempt
and passed physical feasibility checks. The annualized
total cost is 98.58x10* USD, consistent with the expert
model. Capacity costs account for the largest share
(38.3%)), aligning with the two-part tariff commonly ap-
plied in German industrial pricing. The single-task API
cost was 0.997 USD, lower than Case 1. The end-to-end
completion time was approximately 1.5 h. The inter-
action statistics and token consumption are shown in
Table 6.

Fig. 8 illustrates the energy dispatch results for
four typical days, with all carriers satisfying the bus bal-
ance constraints. The electricity load averages 2033 kW
(peak 2678 kW) with a weekday—weekend pattern, pri-
marily grid-supplied. Wind turbine contributes most
in transitional winter (peak at 371.4 kW; renewable
penetration 14.2%); PV averages 115.5 kW in summer
and 26.7 kW in winter. The gas turbine operates only
on extreme cold days (-0.6 °C; average 61.1 kW).
Heating shows strong seasonality (winter 852.3 kW;
summer 577.7 kW), with the heat pump as the core

Table 3 Performance comparison between MASEO and the expert model in the Beijing DCIES

Annualized cost (x10* USD)

Surrounding heating

Data center waste heat  Total cost

cost (x10* USD)
Model - - : revenue (x10° USD)  (x10° USD)
Capital cost Grid Hydrogen Carbontax Heating Steam
Expert model 718.00 338.00 460.00 85.00 72.00 167.00 -402.00 14.38
MASEO 718.00  293.35 538.53 83.63 72.81 121.36 -443.91 13.83




Table 4 Interaction statistics and token consumption of the
MASEO framework

Metric Description
Number of total dialog turns 19
Number of PFA dialog turns 11
Number of EMA iterations 2
Number of CGA iterations 3
Number of EFA executions 3

Error encountered Code-level error;

model-level error

Number of input tokens (x10°) 0.2550
Number of output tokens (x10°) 0.0378
Cost (USD) 1334

ooling tower
@ Cooling load
&8 |H, cold energy

@ Cooling storage out 1 Heat storage in
i Cooling storage in Heat storage out
&3 Hydrogen fuel cell
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unit. Cooling (average 269.8 kW) features electric
chiller (EC)—absorption chiller (AC) complementary
operation: EC dominates in winter (91.0%) and transi-
tional winter (65.0%); AC and EC operate jointly in
summer (AC 56.0%; EC 44.0%); AC-led in transitional
summer.

Case studies demonstrate that the MASEO frame-
work compresses the scheduling optimization work
originally performed by domain experts from days or
weeks to within hours while maintaining result accu-
racy consistent with expert benchmarks. The automatic
correction of two errors in the Beijing DCIES further
validates the effectiveness of the traceable repair

£ Heat source Electricload [J Steam source & Wind turbine
& Heat load
#H High-temperature heat pump

8 Electric chiller ® Steam load
ow-temperature heat pump PV

mmn Absorption chiller
Grid
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Fig. 7 Hourly energy balance schedules for four representative typical days: (a) electrical balance; (b) cooling balance; (c) heating
balance; (d) steam balance. Liquid hydrogen (LH,) cold energy exists only in the cooling balance, and hydrogen fuel cell exists
only in electrical balance and heating balance. Positive values indicate energy supply, and negative values indicate demand



Description
12
None
0.2010
0.0263
0.997

Metric

Error encountered
Cost (USD)

Table 6 Interaction statistics and token consumption data

Number of total dialog turns
Number of PFA dialog turns
Number of EMA iterations
Number of CGA iterations
Number of EFA executions
Number of input tokens (x10°)
Number of output tokens (x10°)

Value
56.18
4.17
0.51
37.72
98.58

Grid
Gas

Capital cost
Capacity

USD)

Cost

| J Zhejiang Univ-Sci A
Total cost (x10* USD)

Table 5 Performance of the MASEO in the German CIES
Annualized cost (x10*

and heavy manual debugging burden that characterize

mechanism, partially alleviating the low success rate
existing LLM-assisted approaches.
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4.2 Comparative experiment results
4.2.1 Baseline and ablation analysis

As shown in Fig. 9, the single-agent LLM-+ReAct
baseline yields failure rates of 40%/37% and S,
of 0.652/0.668 across the two scenarios. The low ac-
curacy reflects the difficulty of sustaining complete con-
straint representations over extended dialogs—critical
parameters are progressively overwritten, and the re-
sulting omissions propagate into modeling errors. The
high failure rates indicate continued reliance on manual
debugging, while the large variance reveals that un-
structured requirement collection introduces substantial
run-to-run inconsistency. MASEO improves S, t0
0.881/0.897, reduces failure rates to 7%/6%, and nar-
rows solution deviation from 5.84%/5.21% to 1.23%/
0.95%, suggesting that the multi-agent framework
offers meaningful improvements for complex IES
scheduling tasks.

The ablation results reveal the distinct role of each
component. —CL causes the largest drop in S, (0.748/
0.761) and widens solution deviation to 3.21%/2.87%
with increased variance, while execution pass rates
(FER+PER) remain comparatively stable—confirming

1.0 I Beijing Sposein, —*— Beijing & .
German S,,qeing --0-- German & —
6
0.9 :
2 °F
£ >
EOB 43
%] €
38
0.7 %
2%

06 1

0

-RP

(a)

-CL -RG FM
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that the checklist primarily governs modeling quality
and stability. —RP leaves S, largely unchanged
(0.874/0.889) but raises failure rates to 27%/26% and
drops PER from 33%/34% to 17%/17% without error
routing. The EFA regenerates blindly, and the same
failure patterns recur. ~-RG mainly reduces FER from
60%/60% to 43%/43% with minimal effect on S, ne-
The three modules thus address modeling stability,
execution reliability, and code quality as independent
dimensions.

Table 7 reports token consumption and per-task
cost. FM costs approximately 40.59 USD (Beijing)
and 28.62 USD (German), with the difference driven
by system complexity and repair iterations. Despite
using a single context, the baseline accumulates compa-
rable input tokens due to a long dialog history. Ablation
variants incur slightly lower costs from reduced module
inputs. Overall, the multi-agent overhead remains
modest and economically feasible for deployment.

4.2.2 Backbone model comparison

As shown in Fig. 10, MASEO maintains code ex-
ecution pass rates above 80% and S, above 0.760
across all tested backbone models, demonstrating the

FER PER

100

Proportion (%)

BL -CL-RP-RG FM
Beijing DCIES

German CIES

(b)

Fig. 9 Baseline and ablation comparison of MASEOQO across two scenarios: (a) modeling accuracy and solution deviation;
(b) execution outcome distribution. BL, —-CL, —RP, -RG, and FM represent the single LLM+ReAct baseline, removing
the structured checklist, removing the repair mechanism, removing RAG, and full MASEOQ, respectively

Table 7 Token consumption and per-task cost across different configurations

) Beijing DCIES German CIES
Configuration
Input token (x10%) Output token (x10%) Cost (USD) Input token (x10°) Output token (x10%) Cost (USD)
BL 9.82 2.14 42.15 7.24 1.86 32.48
-CL 7.21 1.08 37.14 4.11 0.88 24.03
-RP 7.52 1.02 37.85 4.44 0.85 25.37
-RG 7.84 1.09 38.54 4.28 0.91 25.88
FM 8.03 1.10 40.59 4.96 0.92 28.62
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framework’s adaptability to different model configu-
rations and providing a reference for model selection
in practical deployment. Token consumption and per-
task costs are reported in Table 8. Among closed-
source models, Claude Sonnet-4.5 (M1) achieves the
best overall performance (S, 0.881 in Beijing
DCIES; failure rate 7%), although at a relatively high
per-task cost (40.59 USD/28.62 USD); GPT-4.1 (M2)
delivers comparable results at 26.44 USD/18.39 USD,
offering a more favorable cost-performance ratio. Open-
source large-parameter models (M3-M6) maintain
stable performance with S, €xceeding 0.820 and
failure rates of 10%—11%, remaining within an ac-
ceptable range relative to closed-source models; among
these, DeepSeek-V3 (M4) incurs the lowest cost
(21.79 USD/13.56 USD) while sustaining S, Of
0.826/0.836, demonstrating strong economic feasibility.
The lightweight Qwen3-32B (M7) achieves an accuracy
comparable to larger open-source models at 23.36 USD/

0.95 I Beijing Spoqng —— Beijing & 5
German Spogeing --0-- German &
0.90 i
B P
£0.85 ] // 3
3 7 b7
« 0.80 'ﬁ! g r y
| 2 % 7 71 1) /]
075 ’ ’ ’ ’ ii 1
- a1 21 oh 41 [N
M1 M2 M3 M4 M5 M6 M7 M8

(a)

Solution deviation (%)

16.60 USD, making it suitable for resource-constrained
deployments. Llama-4-Scout-17B (M8) performs rela-
tively poorly, with S, 4, dropping to 0.758/0.764 and
failure rates rising to 23%/23%, suggesting that the
framework imposes a minimum threshold on backbone
model reasoning capability. Overall, Claude Sonnet-4.5
or GPT-4.1 is recommended when modeling accuracy
is the primary concern; Qwen3-32B or DeepSeek-V3
offers a viable balance of performance and cost under
resource constraints; large open-source models are ap-
propriate where both performance and deployment au-
tonomy are needed.

4.3 Sensitivity analysis experimental results

As shown in Fig. 11 and Table 9, the code execu-
tion pass rates exceed 80% across all temperature set-
tings 7 in both scenarios, indicating that MASEQO’s ex-
ecution reliability is robust to temperature variation
and reflecting the stabilizing role of the traceable repair
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Fig. 10 Backbone model comparison under MASEO: (a) modeling accuracy and solution deviation; (b) execution
outcome distribution. M1-M8 denote Claude Sonnet-4.5, GPT-4.1, DeepSeek-R1, DeepSeek-V3, Qwen3-235B-A22B,
Qwen2.5-72B-Instruct, Qwen3-32B, and Llama-4-Scout-17B, respectively

Table 8 Token consumption and per-task cost across backbone model configurations

German CIES

Input token (x10°) Output token (x10°) Cost (USD) Input token (x10°) Output token (x10°) Cost (USD)

Model Beijing DCIES
Claude Sonnet-4.5 8.03 1.10
GPT-4.1 5.42 0.98
DeepSeck-R1 6.11 1.41
DeepSeek-V3 5.11 1.01
Qwen3-235B-A22B 8.18 1.34
Qwen2.5-72B-Instruct 6.07 1.24
Qwen3-32B 4.99 1.05
Llama-4-Scout-17B 5.14 1.15

40.59 4.96 0.92 28.62
26.44 3.82 0.71 18.39
27.57 5.12 1.24 22.41
21.79 3.48 0.78 13.56
34.78 3.14 0.96 21.32
32.16 4.28 1.02 25.46
23.36 3.28 0.84 16.60
26.00 3.42 0.88 13.19
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Fig. 11 Sensitivity of MASEO performance at different temperature settings: (a) modeling accuracy and solution deviation;

(b) execution outcome distribution

Table 9 Token consumption and per-task cost across different temperature settings

Beijing DCIES German CIES
Input token (x10°)  Output token (x10%)  Cost (USD)  Input token (x10°)  Output token (x10°)  Cost (USD)
0.0 8.74 0.91 39.85 5.61 0.90 30.26
0.3 8.03 1.10 40.59 4.96 0.92 28.62
0.5 7.05 0.99 36.00 4.38 0.88 26.25
0.7 5.20 0.96 30.07 3.77 0.88 24.52
1.0 5.15 1.00 30.49 3.97 0.92 25.66

mechanism. In contrast, temperature has a more pro-
nounced effect on modeling quality, with S, ., ranging
from 0.710 to 0.910. Within the lower portion of this
range, the model generally preserves the correct system
topology but may exhibit local constraint omissions,
parameter mapping deviations, or incomplete coupling
representations, driving solution deviation above 2.00%.
Temperature therefore primarily affects the stability of
the requirement parsing and modeling stages rather than
the reliability of code execution.

Examining the temperature ranges, 7=0.0 pro-
duces a clear divergence: the German CIES achieves
its highest S, s, (0.912), lowest solution deviation
(0.87%), and narrowest error bands; the Beijing DCIES,
by contrast, records its lowest S, i, (0.713) and widest
deviation (2.78%). This divergence is rooted in the dif-
ference in system complexity: an overly conservative
generation strategy impairs information completeness
in complex scenarios and incurs the highest token con-
sumption (8.74x10° tokens for Beijing DCIES), yield-
ing poor economic efficiency. In the range 7€[0.3, 0.5],
both scenarios achieve good accuracy, and the stability
of the Beijing DCIES reaches an S, 4, of 0.881 with

a failure rate of 7% at 7=0.3, while the German CIES
maintains S, at 0.897 with token consumption at
a reasonable level (7.05x10°-8.03x10° tokens for Bei-
jing DCIES), making this range a favorable balance
between performance and cost. As T rises to 0.7 and
above, error bands widen, failure rates climb to 17%—
20%, and both modeling accuracy and solution devia-
tion deteriorate; high-temperature sampling causes the
PFA to terminate information confirmation prematurely,
increasing constraint omissions. The reduction in token
consumption at high temperatures (approximately
5.2x10° tokens for Beijing DCIES) stems from shorter
dialogs rather than improved quality, offering limited
practical benefit. Overall, 7€[0.3, 0.5] is the recom-
mended working range.

5 Conclusions

This study proposes the MASEO, a multiagent
collaborative framework for addressing incomplete
requirement elicitation, physical constraint omissions,
and error recovery in LLM-assisted IES scheduling
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optimization. MASEO decomposes the workflow into
four sequential stages supported by a structured check-
list and traceable repair mechanism. Across two het-
erogeneous case studies, MASEO achieves results
highly consistent with expert benchmarks, with an
annualized cost deviation of approximately 1.4% in
the Beijing case. Compared with a single-agent LLM+
ReAct baseline, it improves modeling accuracy by ap-
proximately 35%, increases the code execution pass rate
from 63% to 94%, and reduces solution deviation from
5.84% to 1.23%. These results indicate that workflow-
level structural mechanisms are critical to reliable LLM-
assisted engineering optimization.

Ablation experiments confirm the complementary
contributions of the checklist, repair mechanism, and
RAG retrieval to modeling stability, execution reli-
ability, and code quality. Multi-backbone and sensitivity
experiments further demonstrate stable performance
across different LLM configurations, with 7€[0.3, 0.5]
providing a suitable working range.

Current limitations include the focus on day-ahead
scheduling, omission of network topology constraints,
reliance on structured inputs, and validation in only two
scenarios. Future work will extend MASEO to broader
IES scenarios, planning—operation optimization, network-
aware and containerized deployment, as well as hybrid
architectures integrating physics-based models with
LLM agents.
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