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Abstract
In the pursuit of carbon neutrality, smart energy
systems integrating renewable energy, storage,
and demand response have become central to
energy system transformation. However, frag-
mented and rapidly evolving interdisciplinary
knowledge increases the cognitive and informa-
tion integration burden for operational decision-
making. Although large language models
(LLMs) have shown promise in smart energy
tasks through fine-tuning or prompt engineer-
ing, their lack of domain knowledge and phys-
ical constraints often results in semantically
plausible but physically inconsistent outputs,
limiting their engineering reliability. To ad-
dress these challenges, we introduce Helios, the
first large language model tailored to the smart
energy domain, together with a comprehensive
suite of resources to advance LLM research
in this field. Specifically, we develop Ener-
Sys, a multi-agent collaborative framework for
end-to-end dataset construction, through which
we produce: (1) the first smart energy knowl-
edge base, EnerBase, to enrich the model’s
foundational expertise; (2) the first instruction
tuning dataset, EnerInstruct, to strengthen
performance on domain-specific downstream
tasks; and (3) the first Reinforcement Learning
from Human Feedback (RLHF) dataset, En-
erReinforce, to align the model with human
preferences and industry standards. Leveraging
these resources, Helios undergoes large-scale
pretraining, instruction tuning, and RLHF. We
also release EnerBench, the first benchmark
for evaluating LLMs in smart energy scenarios,
and demonstrate that our approach significantly
enhances domain knowledge mastery, task ex-
ecution accuracy, and alignment with human
preferences.

1 Introduction

Driven by the global pursuit of carbon neutral-
ity, smart energy systems must enhance overall

† These authors contributed equally to this work.
∗ Corresponding author.

Figure 1: Limitations of Scheduling Decision-Making
in the Smart Energy Domain.

efficiency through the intelligent coordination of
renewable energy integration, energy storage dis-
patch, and demand-side response (Lund et al.,
2017). Smart energy is highly interdisciplinary,
encompassing power engineering, information sci-
ence, economics, and other fields, and its knowl-
edge base is fragmented and rapidly evolving
(Ceglia et al., 2020; Thellufsen et al., 2020). Build-
ing on recent advances in general large language
models (LLMs) in semantic understanding, logical
reasoning, and multitask generalization, a growing
body of research has used fine-tuning and prompt
engineering to adapt LLMs to task-specific applica-
tions in smart energy, such as load forecasting (Jin
et al., 2023; Liao et al., 2025; Hu et al., 2025), build-
ing energy consumption modeling (Wang et al.,
2025b; Jiang et al., 2024), and HVAC fault diag-
nosis (Zhang et al., 2025), thereby supporting case
modeling and intelligent decision making.

However, general LLMs often deliver reason-
ing that is semantically plausible yet physically
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invalid (Friel and Sanyal, 2023). This limita-
tion arises chiefly because their pre-training cor-
pora lack reliable knowledge from the smart en-
ergy domain, leaving the models without essen-
tial domain context and physical constraints (Deng
et al., 2024). Current approaches (Hu et al., 2025;
Zhang et al., 2025) mainly invoke the prior knowl-
edge already embedded in LLMs and do not ex-
plicitly enrich them with smart energy expertise.
To alleviate these challenges, we introduce the
first-ever open-sourced foundational LLM for the
smart-energy domain, referred to as Helios (Orig-
inating from the ancient Greek sun-god, signifies
the illumination of the pathway toward sustainable
development through the radiance of smart energy,
thereby advancing the harmonious co-existence of
humanity and the natural environment). Helios is
capable of effectively tackling a broad spectrum
of smart-energy tasks. Furthermore, we present
EnerSys, an end-to-end multiagent collaborative
framework for dataset construction that integrates
automated data generation, screening, and refine-
ment, thereby furnishing Helios with an extensive
and high-quality data foundation.

EnerSys covers three dataset-construction
phases (as shown in Fig. 2): In the construction
of the pre-training dataset, the Parsing-Agent
and Deduplication Agent extract structured
knowledge from the Smart Energy Corpus
(scientific papers, domain-modeling code, IEA
datasets, etc.) and eliminate redundancy, building
a comprehensive, balanced smart energy domain
knowledge base, EnerBase; In instruction-tuning
dataset construction, on expert-crafted seed
data, we deploy Expert-Agents for each of 14
smart-energy sub-domains, letting them generate
instruction–response pairs from the seeds and a
high-quality corpus; the Check-Agent then scores
samples on accuracy, completeness, relevance, and
usability, and the Refine-Agent automatically fixes
those below par. This pipeline yielded the EnerIn-
struct; In the RLHF dataset construction, agents
like Write-like-Human craft multi-level candidate
answers to given questions, thereby creating the
EnerReinforce to supply the reward model with
differentiated contrastive samples. Using these
datasets, we complete Helios pre-training (adding
domain basics), supervised fine-tuning (boosting
downstream skills), and RLHF reinforcement
(aligning with human preferences). Concurrently,
adhering to a dual-track paradigm of “public
item-bank retrieval + expert-targeted design,” we

build EnerBench, containing 625 subjective and
887 objective questions, to systematically assess
LLMs performance in smart-energy scenarios. Ex-
periments show Helios surpasses general-purpose
LLMs on both tasks, with output style tightly
matching professional context. Our contributions
can be summarized as follows:

1) We design Helios, the first foundation large
language model in the smart-energy domain; it
effectively tackles a wide range of smart-energy
tasks and produces outputs that are deeply consis-
tent with professional discourse.

2) We propose EnerSys, an end-to-end,
multi-agent collaborative framework for dataset
construction, through which we develop a domain
knowledge base, an instruction-tuning dataset, and
an RLHF database for smart energy. In addition, we
release Smart Energy Bench, a benchmark that sys-
tematically evaluates LLMs’ comprehensive per-
formance in smart-energy scenarios.

3) Relative to general LLMs, Helios delivers
superior results on subjective (multiple-choice,
cloze, and judgment) and objective (essay writing,
term explanation, and modelling-and-optimization)
tasks in the smart-energy field.

2 Related Work

Foundation Language Models. LLMs trained on
vast amounts of diverse and heterogeneous data,
have accumulated extensive domain knowledge
and contextual modeling capabilities. They have
demonstrated human-level performance in many
tasks. LLMs can be categorized into two types: 1)
Closed-source models (such as OpenAI o1 (Jaech
et al., 2024) and Claude): These models provide in-
ference interfaces via APIs, making them suitable
for industrial-grade deployment without the need
for building custom computational resources. How-
ever, they cannot be customized or extended accord-
ing to specific needs; 2) Open-source models (such
as DeepSeek (Guo et al., 2025; DeepSeek-AI et al.,
2024), Llama and Qwen (Bai et al., 2023, 2025)):
These models offer complete training weights, al-
lowing for customized applications based on down-
stream task requirements. This has led to the de-
velopment of instruction-tuned models like Alpaca
(Taori et al., 2023a), Vicuna (Chiang et al., 2023),
and Dolly (Conover et al., 2023a). In this process,
the quality of datasets becomes a critical factor
affecting training outcomes.

Domain Language Models. LLMs excel in
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Figure 2: The multi-agent collaboration framework EnerSys provides the data required for Helios’ three-stage train-
ing, including pre-training data (EnerBase), instruction tuning data (EnerInstruct), and RLHF data (EnerReinforce).

general reasoning (Jiang et al., 2025a; Nam et al.,
2024), their performance in specialized applica-
tions is hampered by a lack of domain expertise.
This limitation has led researchers to adapt founda-
tion models for vertical domains such as medicine
(Tian et al., 2024; Lin et al., 2025a), chemistry
(Zhang et al., 2024; Zheng et al., 2025), ocean sci-
ence (Bi et al., 2024), and geography (Deng et al.,
2024). However, most domains are still in the early
stages of exploration. In the energy sector, exist-
ing research primarily leverages general models’
prior knowledge through prompt engineering or
fine-tuning for load forecasting (Jin et al., 2023;
Jiang et al., 2025b; Wu and Ling, 2024; Wang
et al., 2025a), building energy modeling (Wang
et al., 2025b; Jiang et al., 2024), teaching assis-
tant (Lin et al., 2025b), and HVAC fault diagnosis
(Zhang et al., 2025). These approaches focus on
application (applying LLMs’ prior knowledge to
downstream tasks) rather than accumulation (en-
riching models with energy domain knowledge
through pretraining). Furthermore, the energy do-
main faces a scarcity of high-quality training data
due to literature repository access restrictions and
computational resource costs (Wang et al., 2022b;
Chen et al., 2024). The current instruction fine-
tuning data construction method (Wang et al., 2023;
Zhang et al., 2023), which relies heavily on large
model generation, amplifies discrepancies between
response styles and human preferences, posing a
significant challenge. This paper introduces the
first energy domain-specific large language model,
a novel development that completes full-process
training, constructs the domain’s first training and
evaluation datasets, and enhances model response
alignment with human preferences through RLHF.

Multi-Agent Systems. Due to the extensive do-
main knowledge and robust semantic understand-
ing capabilities of LLMs, they are employed as
core components of agents to support intelligent

decision-making and natural language interaction
(Guo et al., 2024). In single-agent systems, a single
agent carries out decision-making and task execu-
tion, which is suitable for structured scenarios with
fewer variables (Chen et al., 2023). However, as
the complexity of problems increases, single-agent
systems face issues such as low decision-making
efficiency, slow response times, and poor fault tol-
erance (Amirkhani and Barshooi, 2022). In con-
trast, multi-agent systems can effectively address
these challenges through the collaboration of spe-
cialized agents and have been widely applied in
complex scenarios such as interactive games (Mao
et al., 2023; Xu et al., 2023), financial markets (Li
et al., 2023), and social simulations (Park et al.,
2023). Currently, some scholars (Bi et al., 2024; Ni
and Buehler, 2024) are exploring ways to improve
the efficiency and representativeness of domain
dataset construction through multi-agent collabora-
tion and distributed decision-making mechanisms.
However, constructing domain datasets typically
involves multiple steps, including data generation,
deduplication, filtering, and optimization. Existing
research often focuses only on optimizing specific
steps and has not fully leveraged the potential of
multi-agent systems in dataset construction.

3 Data Collection and Curation

To meet the stringent high-quality data require-
ments of Helios during the pre-training, instruction
tuning, and RLHF stages, we have designed an effi-
cient multi-agent collaborative dataset construction
framework, EnerSys (see Fig. 2).

3.1 Pre-training Data: EnerBase
In this work, we conducted specialized text data
pre-training based on the Qwen2.5-7B founda-
tion model. The constructed Smart Energy Cor-
pus includes open-access academic preprints, au-
thoritative journal papers, specialized publications,
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domain-specific modeling toolkits, and application
code, and IEA energy datasets from the smart en-
ergy domain. Data was collected from arXiv, Web
of Science (WoS), Acemap, Github, and Hugging-
Face platforms. After data preprocessing, we con-
structed EnerBase, a high-quality pre-training cor-
pus of approximately 3 billion tokens to enhance
the model’s accumulation of professional knowl-
edge and technical application capabilities in the
smart energy domain. In brief, the statistical char-
acteristics of Smart Energy Corpus are shown in
Table 1.

3.1.1 Smart Energy Corpus Collection
Scientific Literature. The smart energy do-
main’s extensive scientific literature provides a
high-quality training corpus for LLMs, enhanc-
ing their domain-specific knowledge understanding
and application capabilities. To ensure the com-
prehensiveness of the corpus, we systematically
decomposed the smart energy domain into 14 spe-
cialized sub-domains, and collected data for each
separately. 1) Open-access Academic Preprints
(OAP): We crawled 173,541 PDF files from arXiv
using subdomain-specific keywords, establishing
the quantitative foundation of our Smart Energy
Corpus. 2) Open-access Authoritative Journal
Papers (OAJP): We extracted metadata from WoS
for leading energy journals and crawled 32,459
PDF files, establishing the qualitative foundation
of our Smart Energy Corpus. 3) Specialized Publi-
cations (SP): We crawled 363 book PDF files from
the Acemap, enriching the Smart Energy Corpus
knowledge framework.

Domain-specific Modeling Toolkits and Appli-
cation Code (DMT&AC). Modern smart energy
systems face exponential complexity due to multi-
dimensional coupling of renewable integration,
demand-side response, and power-carbon market
mechanisms. Researchers employ high-precision
algorithms and parallel computing for large-scale
system optimization. Python dominates energy sys-
tem modeling with its scientific computing ecosys-
tem and machine learning capabilities, with 89%
of modeling tools now open-source through com-
munity development (Majidi et al., 2025). To en-
hance language models’ capabilities in parsing and
generating specialized code for smart energy ap-
plications, we selected 19 representative frame-
works (including Oemof (Hilpert et al., 2018), OS-
eMOSYS (Howells et al., 2011), TEMOA (Lerede
et al., 2024)) and application libraries, extracting

5,389 Python files and 278 Jupyter notebooks.
International Energy Agency Datasets

(IEAD). The IEA, covering 75% of global energy
demand, has evolved from an oil crisis response
mechanism to a platform governing energy security,
economic growth, and environmental protection.
Its statistics system provides authoritative data on
supply-demand balance, emissions, renewables,
and efficiency indicators across 170+ countries.
To enhance LLMs’ analytical capabilities for
energy transition assessment, we incorporated the
IEA_Energy_Dataset (Li, 2023) with 358,466 data
points into our training corpus.

Table 1: Text Corpus Statistics for Helios Training.

Data Source Smart Energy Corpus EnerBase

Documents Documents Tokens (B)

OAP 173,541 153,165 2.314
OAJP 32,459 30,249 0.57
SP 363 342 0.038
DMT&AC 5,667 4,039 0.015
IEAD 358,466 345,874 0.019

Total 570,496 533,669 2.956

3.1.2 Smart Energy Corpus Processing
PDF Convert. Collected corpus primarily exists
in PDF format, necessitating conversion to a uni-
fied format suitable for model training. Scientific
literature contains abundant structured information,
including tables, equations, and formulas; direct
conversion to TXT format would result in critical
information loss, causing LLMs to learn incom-
plete or incorrect content. Therefore, we selected
Markdown as our unified conversion format to pre-
serve these essential structural elements.

To balance computational throughput with struc-
tural integrity, we developed Python scripts based
on Marker (Paruchuri, 2025). For processing ef-
ficiency, we deployed 10 servers equipped with
NVIDIA RTX 4090 GPUs in a distributed archi-
tecture, each server configured with six parallel
conversion workers. To enhance quality, we inte-
grated OpenAI’s GPT-4o as an intelligent agent
(Parsing-Agent) to perform table reconstruction,
mathematical formula standardization, form pars-
ing, figure description generation, and reference
normalization, ensuring structural completeness.
Detailed hyperparameter configurations are pro-
vided in the supplementary table. Our system
achieved an average processing speed of 2.21 sec-
onds per page, completing the entire conversion
process within 5 days. Fig. 3 demonstrates sam-
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ple conversion results. The computationally effi-
cient and structurally complete PDF-to-Markdown
conversion framework, based on intelligent agents,
presented in this paper, has been open-sourced on
GitHub along with the dataset.

Content Filtering. Building upon this founda-
tion, we additionally implement filtering mecha-
nisms to remove private information, harmful con-
tent, and unintelligible or corrupted text.

Deduplication. Nevertheless, the Smart Energy
Corpus inevitably contains a proportion of seman-
tically similar fragments, causing the model dur-
ing pre-training to update along nearly identical
gradient directions and thus to "memorise" spe-
cific passages rather than acquire generalisable log-
ical patterns (Tirumala et al., 2023). To address
this problem, following the methodology outlined
in (Abbas et al., 2023), we developed an efficient
large-scale deduplication agent, Corpus Distiller,
built on BERT-base. Corpus Distiller first performs
K-Means clustering in the embedding space and
subsequently removes samples located within the
same epsilon-ball in each cluster.

Table 2: Datasets used to train Helios during the Univer-
sal Human Instruction Comprehension phase.

Dataset Prompts

Alpaca-cleaned (Taori et al., 2023b) 51 800
Dolly-15K (Conover et al., 2023b) 15 011
Natural-Instructions (Muennighoff, 2022) 30 000
python_code_25k (FLOCK4H, 2023) 24 813
OpenR1-Math-220k (R1, 2025) 28 120
Toolbench (Qin et al., 2023) 10 328

Total 160 072

3.2 Instruction Tuning Data

Instruction Tuning is the key to bridging large-scale
unsupervised pre-trained models with down-
stream applications. We have constructed a
two-phase instruction fine-tuning framework of
"Universal Human Instruction Comprehension
(UHIC) to Domain-specific Task Adaptation (DS-
TA)": First, high-quality general instruction
samples are employed to conduct preliminary
fine-tuning, enabling the model to learn to accom-
plish tasks according to natural-language instruc-
tions; subsequently, knowledge-intensive, special-
ized data are introduced for further fine-tuning,
thereby enhancing the model’s adaptability to
domain-specific tasks. For these two phases,
we curate a complementary general instruction

dataset and knowledge-intensive dataset EnerIn-
struct, each uniformly organized in an <instruc-
tion,input,output> triplet format.

3.2.1 Universal Human Instruction
Comprehension Data

In this stage, we have carefully selected six
highly-recognized and high-quality open-source
general-purpose supervised datasets: Alpaca-
cleaned (Taori et al., 2023b), Dolly-15K (Conover
et al., 2023b), Natural-Instructions (Muennighoff,
2022; Mishra et al., 2022; Wang et al., 2022a),
python_code_25k (FLOCK4H, 2023), OpenR1-
Math-220k (R1, 2025), and Toolbench (Qin et al.,
2023). These datasets cover universal instruction
understanding, mathematical reasoning, code en-
hancement, and tool utilization domains to improve
Helios’s foundational capabilities and domain ap-
plication potential. The data volume of each dataset
in the UHIC phase is shown in Table 2.

3.2.2 Domain-specific Task Adaptation data:
EnerInstruct

Seed Data Collection. In this study, we engaged
10 senior experts in the smart energy domain to
manually construct sample pairs for eleven down-
stream tasks: Fact Verification (FV), Reasoning
(Res), Named Entity Recognition (NER), Summa-
rization (Sum), Word Semantics (WS), Question
and Answers (Q&A), Text Classification (TC), Ex-
planation (Exp), Energy System Modeling (ESM),
Single-Choice (S-C) and Multiple-Choice (M-C).
Which across fourteen sub-fields: clean energy, co-
generation, combined cooling–heating–and–power,
distributed energy, energy hub, energy management
system, energy optimization, energy storage, en-
ergy transition, integrated energy, load forecasting,
smart energy, smart grid, and virtual power plant.
The resulting seed dataset, covers 14 sub-fields and
10 task categories, comprising 10 000 samples.

Dataset Augmentation. Smart energy encom-
passes multiple subfields, each exhibiting unique
statistical characteristics and potential patterns. To
ensure the professionalism and accuracy of the gen-
erated results, we design domain-specific expert
agents for each subfield, enabling them to inde-
pendently generate high-quality sample pairs for
their respective areas and achieve parallelization
and high-throughput data output. Specifically, we
first refine the literature from each subfield within
the Open-access Authoritative Journal Papers us-
ing a two-stage selection method based on "local
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Figure 3: Text processed by the Parsing-Agent. A.Images: only the captions are retained, image bodies are removed;
B.Tables: converted to Markdown format; C.Complex mathematical formulae: converted to Markdown format;
D.Citations: for each citation, the corresponding page numbers of the referenced literature are specified.

Table 3: Statistics of EnerInstruct categorized by tasks.

Tasks Records Dataset Quality Optimization Total (Cleaned)
Filtered optimized

FV 20,839 17,370 706 4,175
Res 6,057 351 100 5,806

NER 423 327 283 379
Sum 449 392 323 380
WS 6,830 6,166 5,714 6,378

Q&A 11,973 7,900 3,878 7,951
TC 5,486 1,513 648 4,621
Exp 9,003 1,785 1,045 8,263
ESM 721 674 672 719
S-C 8,234 2,638 1,523 7,119
M-C 10,780 3,368 2,213 9,625

Entire Data 80,795 42,484 17,105 55,416

citation count" and "co-citation analysis" to iden-
tify high academic value papers that constitute the
foundational knowledge and theoretical framework
of the discipline. These papers serve as a high-
quality corpus (using the energy storage subfield as
an example, refer to Algorithm 1). Subsequently,
we fine-tune the corresponding expert agents using
seed datasets from each subfield, enabling them to
autonomously generate <instruction, input, output>
triplets that conform to training standards based on
the high-quality corpus. The original DS-TA phase
data are constructed, with task assignment details
provided in Table 3.

Dataset Quality Optimization. During dataset
construction, domain-expert agents generated a
large number of highly specialised samples for
the various tasks. Nevertheless, the stochastic na-
ture of sampling, the structural constraints imposed
by the context-window length, and the potential
hallucinations produced by LLMs can all cause
fluctuations in sample quality and completeness.
Extensive empirical work demonstrates that dataset
size governs coverage and diversity, whereas sam-
ple quality determines the attainable upper bound
on performance; the two must be carefully bal-
anced. Suppose low-quality samples containing
redundancy, noise, or inconsistent annotations are
used for training. They will dilute the informative

Algorithm 1 Two-Stage Literature Refinement for Energy
Storage Domain
Require: P : Publication set; θLC : Citation threshold (70-th percentile); ε:

DBSCAN distance (0.7); MinPts: DBSCAN density (5); mk: Top papers
per cluster

Ensure: V ′′: Refined core paper set
1: Stage 1: Local Citation Filtering
2: Construct paper network V = {v1, ..., vn} from P where each vi

represents a paper
3: Define citation indicator: I(vi → vj) = 1 if paper vi cites paper vj , 0

otherwise
4: for vi ∈ V do
5: LC(vi)←

∑
vj∈V I(vj → vi) ▷ Local citation count

6: end for
7: V ′ ← {vi | LC(vi) ≥ θLC} ▷ Filter high-cited papers
8: Stage 2: Co-citation Analysis
9: Build co-citation matrix cij =

∑
vk∈V I(vk → vi)I(vk → vj)

10: sij ← cij/
√
ciicjj ▷ Normalized co-citation similarity

11: {C1, . . . , CK} ← DBSCAN(S, ε, MinPts) ▷ Cluster by similarity
matrix S

12: for each cluster Ck do
13: for vi ∈ Ck do
14: CD(vi)←

∑
vj∈Ck

sij ▷ Centrality degree within cluster

15: end for
16: Tk ← top-mk papers in Ck ranked by CD(vi)
17: end for
18: V ′′ ← ⋃K

k=1 Tk ▷ Union of top papers from all clusters

Note: For the energy storage domain, |P | = 5204, |V ′| = 1561, and |V ′′| = 312.
We target approximately 300 papers per domain by adjusting mk (5–15). Statistics for other
domains are given in Appendix D.

signal, amplify systemic bias, and ultimately erode
the model’s ability to follow instructions. To this
end, we constructed a Check-Agent based on Ope-
nAI o1, categorized by task, scoring each sample
across the four dimensions of accuracy, complete-
ness, relevance, and usefulness (out of 10), and
providing reasons.

Samples that reach or exceed the threshold are
retained, whereas those that do not are forwarded
to an independent Optimization-Agent. Guided by
the evaluation feedback, this agent performs auto-
matic remediation—correcting errors, supplement-
ing and enriching content, or conducting deeper
analysis as necessary. The revised sample is then
returned to the Check-Agent for re-evaluation. This
“scoring–Optimization–re-scoring” loop may iter-
ate up to ten times: if a sample passes within the
allotted rounds, it is admitted to the training corpus;
if it fails all ten rounds, it is deemed irreparable
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and permanently discarded. Check-Agent and the
Optimization-Agent collaboratively optimise the
data workflow, as shown in Fig 4. This procedure
ultimately yields dataset H-EnerInstruct.

Expert Manual Validation. Finally, a panel
of 12 domain experts rigorously examined each
task sample in H-EnerInstruct (sampling 100–200
entries per task, proportional to that task’s size).
Tasks that did not meet the required standard were
flagged, and the experts issued uniform revision
guidelines that were then refined by OpenAI o1 to
ensure the dataset’s reliability. The optimized data
were merged with the seed dataset to produce the
final DS-TA phase dataset, EnerInstruct (Table 3).
The statistics on expert optimization iterations are
reported in Supplementary Section C.

3.3 RLHF Data: EnerReinforce

After large-scale pre-training and supervised in-
struction fine-tuning, Helios can already address
a wide range of tasks in the energy domain. Nev-
ertheless, these stages seldom make human val-
ues or preferences explicit, so the resulting models
may acquire generation patterns that diverge from
human expectations. To align Helios more effec-
tively with human preferences, we adopt a targeted,
two-stage approach consisting of reward model
training followed by rejection sampling fine-tuning,
and constructed EnerReinforce, which includes:

1) Reward Model Training Data: We sampled
5,000 subjective questions QRM = {qi}5000i=1 , and
their expert answers EExp = {ei}5000i=1 from seed
dataset. For each qi, additional answers EWLH ,
EGPT−4.0, EGPT−3.5 were generated with (i) a
Write-like-Human agent, (ii) GPT-4.0, and (iii)
GPT-3.5. The four answers were then ranked by
quality in the order EExp > EWLH > EGPT−4.0

> EGPT−3.5, and pair adjacent response to obtain
3 sets of positive and negative sample pairs
Pi =

{(
EExp, EWLH

)
,
(
EWLH , EGPT−4.0

)
,(

EGPT−4.0, EGPT−3.5

)}
, and formed the

Reward-model training dataset XRM =
{P1,P2, . . . ,P5000}.

2) Rejection Sampling Fine-tuning Data:
From the subjective part of EnerInstruct, we se-
lected 10,000 questions QRS = {qi}10000i=1 , that do
not overlap with the seed set. Helios generated five
candidate answers Ai = {a1i , a2i , . . . , a5i } for each
question qi, and these candidates serve as the basis
for the rejection-sampling fine-tuning stage XRS =
{(q1, A1), (q2, A2), . . . , (q10000, A10000)}.

3.4 Evaluation on Expertise in Smart Energy:
EnerBench

To systematically assess the problem-solving capa-
bilities of LLMs on scientific questions in smart
energy research, we developed EnerBench, whose
item-generation workflow adheres to a dual-track
paradigm of Public-bank retrieval and Expert-
directed authoring:

1) Public-bank Retrieval: Using each sub-
discipline as a search keyword, representative ques-
tions were automatically harvested from multiple
open-source evaluation platforms, ensuring exten-
sive topical coverage and diversity.

2) Expert-directed Authoring: Five senior
scholars in the smart energy domain were com-
missioned to craft additional, high-quality items
for every task within each sub-discipline, thereby
augmenting the benchmark’s novelty and difficulty.

In its final form, EnerBench comprises 887
objective questions (S-C, M-C, and FV) and
625 subjective questions (Q&A, Exp, and ESM).
The detailed distribution of questions across sub-
disciplines is provided in Table 4.

Table 4: The statistics of EnerBench.

Question Type Task Prompts

Objective task
S-C 405
M-C 254
FV 228

Subjective tasks
Q&A 196
Exp 249
ESM 180

4 Helios training settings

4.1 Pre-training
During the pre-training stage, we employ the Qwen-
2.5 7B model (Yang et al., 2024) (7.62B trainable
parameters) as the initialization weights for Helios.
A single-epoch training is subsequently conducted
on a domain-specific corpus of approximately 3
billion tokens in the smart energy domain (22532
gradient update steps); the training hardware con-
figuration consists of four NVIDIA A100-SXM 80
GB GPUs, with a total training time of 87 hours.
The principal hyper-parameter settings are as fol-
lows: a peak learning rate of 3e-5, global batch size
of 64, and a corresponding micro-batch size of 2.

4.2 Instruction tuning
In both stages of instruction learning (UHIC and
DS-TA), we employ the Low-Rank Adaptation
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Figure 4: Dataset Quality Optimization workflow example. (A) Text before processing; (B) the Check-Agent scores
the text quality and provides optimization suggestions; (C) the Optimization-Agent generates the optimized text
based on those suggestions. We mark the differences in Red.

Table 5: Comparison of the performance of different LLMs across all tasks in EnerBench. The best results are
indicated in bold, and the second-best results are underlined.

Model S-C M-C FV ESM Exp Q&A

A E H A E H A E H

Qwen3-8B-Instruct 50.24% 27.56% 47.81% 1.74 5.88 D 1.63 5.04 D 4.74 6.50 C
Llama3-8B-Instruct 68.42% 37.60% 58.77% 3.29 6.03 D 3.53 6.29 D 5.13 6.47 C
Qwen3-14B-Instruct 64.59% 35.24% 54.61% 2.26 6.54 D 4.36 6.90 C 6.22 7.06 C
Qwen3-32B-Instruct 80.14% 44.09% 62.72% 3.82 6.93 D 5.51 7.32 C 6.83 7.51 B
GPT-3.5-Turbo 91.63% 53.93% 84.65% 6.03 8.05 C 6.94 8.57 B 7.24 8.37 B
GPT-4 95.69% 61.18% 93.86% 7.61 8.97 B 8.63 9.58 B 7.64 9.21 B
Helios 93.78% 53.58% 89.91% 5.73 7.83 C 7.03 9.19 B 7.39 8.26 B

(LoRA) technique: while keeping the pre-trained
weights W0 ∈ Rn×d completely frozen, we inject
two trainable low-rank matrices A ∈ Rn×r and
B ∈ Rr×d in parallel (r ≪ min(n, d)). Here, n
and d represent the input and output dimensions of
the weight matrix W0, and r denotes the rank of
the low-rank matrices. This approach preserves the
general representations learned from large-scale
corpora during pre-training, while significantly re-
ducing the number of trainable parameters and low-
ering computational costs. The corresponding for-
ward propagation is given by:

h = W0x+BAx, (1)

where h denotes the adapted output. The training
hardware configuration consists of four NVIDIA
RTX 4090 GPUs, with a total training time of 17
hours. During the instruction tuning stage, a two-
stage fine-tuning of the model was performed. The
model was first fine-tuned with generic instructions
and then fine-tuned with knowledge enhancement.
In the UHIC stage, the key hyperparameter settings
are as follows: a peak learning rate of 2e-5, global
batch size of 64, and a corresponding micro-batch
size of 2. In the DS-TA stage, the key hyperparam-
eter settings are as follows: a peak learning rate of
1e-5, a global batch size of 64, and a corresponding

micro-batch size of 2.

4.3 RLHF
Reward Model Training. We employ a pairwise
ranking loss to train reward model, enabling it to
distinguish between responses of varying quality:

LRM = − 1

|DRM|

Dq∑

i=1

Dpair∑

j=1

log σ
(
rϕ(qi, a

j+
i )−rϕ(qi, a

j−
i )

)
,

(2)

where DRM denotes the set of training examples
(DRM = Dq ∗ Dpair), Dq denotes the cardinality
of QRM , Dpair denotes the number of positive–
negative sample pairs associated with qi. a

j+
i and

aj−i represent the j-th positive and negative sam-
ples of qi, respectively. rϕ(qi, a

j
i ) is the quality

score assigned by the reward model to response
aji ; and σ(·) is the sigmoid function, which maps
the difference in scores to the probability that the
positive sample is preferred over the negative one.
By minimizing LRM, the model is driven to enlarge
the gap between rϕ(x, y

+) and rϕ(x, y
−), thereby

learning to distinguish responses of differing qual-
ity. For the hyperparameters, we train for three
epochs with a batch size of 8, and the warm-up
stage accounts for 5% of the total steps.

Rejection Sampling Fine-tuning. During the
Rejection Sampling fine-tuning phase, the reward
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model is used to evaluate and rank XRS :

si = {rϕ(qi, aji )}Dc
j=1, A

∗
i = sort(Ai, desc by si),

(3)
Dc denotes the number of candidate responses

in Ai, si denotes the score assigned to each re-
sponse by the reward model. A∗

i is obtained by
sorting Ai in descending order of si. Then, select
the Top-k samples as the “gold standard” for further
fine-tuning Helios:

XGold
RS = {(qi, a∗i )|qi ∈ QRS , a

∗
i ∈ TopK(A∗

i , k)}Dr
i=1 ,

(4)
where Dr denotes the number of questions in

QRS , a∗i is the set of the top k values sampled from
A∗

i . We trained the model for 5 epochs with a
learning rate of 3e-5 and a batch size of 64.

5 Evaluation and Results

We evaluated the performance of Helios, Qwen3-
8B-Instruct, Llama3-8B-Instruct, Qwen3-14B-
Instruct, Qwen3-32B-Instruct, GPT3.5-Turbo and
GPT-4 on EnerBench and compared their results.
The results are presented in Table 5.

Objective Tasks in EnerBench. For objective
tasks, performance is evaluated using accuracy.
Specifically, for multiple-choice items, the scor-
ing rubric is: full credit is awarded only when
all correct options are selected; partial credit is
granted when some correct options are omitted;
and no credit is given if any incorrect option is
chosen. Helios attains an average accuracy of
79.09% in answering object questions, markedly
outperforming models of comparable size such
as Qwen3-8B-Instruct (41.87%) and Llama3-8B-
Instruct (54.93%), and reaching a level comparable
to GPT-4 with approximately 220 billion param-
eters. This indicates that the model successfully
acquired intelligent-energy domain knowledge dur-
ing further pre-training.

Subjective Tasks in EnerBench. For subjec-
tive tasks, we implemented a tri-dimensional eval-
uation framework: A-Score (GPT-o1 benchmark-
based comparative assessment on a 10-point scale),
E-Score (GPT-o1 independent quality assessment
on a 10-point scale), and H-Grade (expert eval-
uation using an A/B/C/D grading system). The
assessment results demonstrate that Helios outper-
forms parameter-equivalent models like Qwen3-
8B-Instruct and Llama3-8B-Instruct across domain-
specific QA, Exp, and ESM tasks. Specifically, He-
lios approaches GPT-4 capability levels in QA and

Figure 5: Case analysis of modeling tasks in the smart
energy domain.

Exp tasks. Regarding ESM capabilities, Helios can
leverage energy domain-specific libraries for com-
plex problem modeling. However, it still exhibits
a performance gap compared to GPT-4 due to pa-
rameter size constraints, yet achieves performance
comparable to GPT-3.5-Turbo. We provide a de-
tailed discussion of model hallucinations in section
H of the supplementary materials.

Exploring the Potential of Helios. We attempt
to address a practical modelling and Optimization
task in the smart energy domain using Helios. In
this example, our requirement is: How to apply
rainwater energy recovery in urban sunken inter-
change drainage pump stations? and to provide
the implementation code (Fig. 5). It can be ob-
served that Helios is able to effectively invoke
domain-specific packages for intelligent energy (oe-
mof and message_ix) to accomplish the modelling
task, whereas Llama3-8B can only call numpy to
perform purely numerical computations, which de-
viates substantially from the task requirements and
lacks practical relevance to the energy domain.

6 Conclusion

In this study, we introduce Helios, the first LLM
explicitly developed for the smart energy domain,
capable of addressing diverse tasks. We introduce
EnerSys, a comprehensive multi-agent pipeline that
furnishes Helios with high-quality data, producing
EnerBase, EnerInstruct, and EnerReinforce. We
also release Benchmark, the domain’s first evalua-
tion suite, enabling systematic appraisal of LLMs
on smart energy tasks. Experiments show that, He-
lios offers significant gains in domain knowledge
and task performance.
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Limitations

Although Helios has demonstrated excellent ca-
pabilities in knowledge integration and automatic
code generation within the smart energy domain,
its role is consistently positioned as an "intelli-
gent reference assistant" rather than an autonomous
decision-making engine. In high-risk tasks such
as power system modeling, dispatch, and safety
assessment, Helios only outputs code drafts and
inferential suggestions for review by engineers. Di-
rect deployment without professional review could
lead to significant economic losses or even phys-
ical risks due to potential model assumption bi-
ases, numerical instability, or omission of boundary
conditions. Consequently, the model’s outputs do
not constitute an engineering guarantee. The final
decision-making responsibility must be borne by
the user and their affiliated institution; when results
are uncertain or contradict engineering experience,
it is essential to revert to traditional manual calcu-
lation and simulation for verification.

Concerning hallucinations in Helios, they mainly
manifest as linguistic repetition, instruction misun-
derstanding, conceptual confusion, and structural
errors. For instance, in factual judgment tasks,
the model occasionally misinterprets the task as
question-answering, a problem that is significantly
mitigated by explicitly appending "Please output
True/False directly" to the prompt. Conceptual con-
fusion stems from the interdisciplinary, fragmented,
and rapidly evolving nature of smart energy knowl-
edge; experiments show its occurrence rate remains
within an acceptable range. Linguistic repetition
and structural hallucinations are largely associated
with the base model, Qwen-2.5-7B, and are difficult
to eliminate completely through domain-specific
fine-tuning alone; thus, they are not a primary focus
of this paper.In summary, Helios has the aforemen-
tioned limitations regarding ethics, risks, and de-
ployment, and should be applied cautiously within
a strict framework of human-computer collabora-
tion and safety governance.

Ethical considerations

Regarding ethics and bias, Helios is primarily
trained on high-quality corpora such as academic
papers and monographs, and its instruction data has
undergone rigorous cleaning, resulting in minimal
potential for ethical or bias issues.
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