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Abstract: Modular design of complex engineering systems is a universal technology for rapid system design in the
modern industrial field. Generating assembly schemes for modular engineering systems in industrial production is the
core of achieving automation in system design. Traditional system design methods based on human experience suffer
from low efficiency and poor adaptability. To enable the automatic assembly of modules for engineering systems, the
performance matching and correlation between modules need to be accurately identified. Currently, general large
language models, with their strong language analysis capabilities, have been applied to multiple industries. However,
limited by data barriers in specific industrial field, their application in assembly of system modules is rare. Therefore,
constructing high-quality domain data, fine-tuning professional large language models, and developing domain
frameworks for automatic design of modular system constitute an important research direction to be explored at
present. Based on the Qwen2.5 open-source large model, we utilize industrial system knowledge to construct a
component library and propose a large language model for design of complex industrial system (DCI-LLM). Through
the proposed low-rank adaptation (LoRA) -freeze-based “local-collaborative” fine-tuning method which combines
local module and global knowledge of the system, DCI-LLM automatically generates system composition schemes
and produces the related engineering drawings given system design requirements. We use the scheme design of
heating systems as an example to verify the effectiveness of the proposed framework. Experimental results show that
the fine-tuned DCI-LLLM model achieves accuracy rates of 93.4% and 89.3% in answering questions about module
knowledge and global knowledge, respectively. Moreover, scores from professional engineers indicate that DCI-LLM
has practical application potential in scheme design of complex modular systems. Our work demonstrates that LLMs
have significant application prospects in the field of automatic scheme design for complex industrial systems.
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0 Introduction

Modular design is a universal technology for
rapid system design and has been widely applied in
the design of complex engineering systems in the
modern industrial field. In the process of scheme de-

sign and assembly of modular systems, the current

*Corresponding author, E-mail address: xuejun.liu@nuaa.edu.cn.

design workflow faces many challenges. On one
hand, engineering system design usually requires
combining numerous modules within the system in-
to a complex whole, and manually designing the as-
sembly schemes of these modules is not only time-
consuming but also error-prone. On the other hand,

with the increasing complexity of products, it takes
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a great deal of time for manual design in engineering
drawing. As early as the 1990s, “expert systems”
were put forward to perform automatic design in in-
dustrial engineering. Although the application of
“expert systems” has gradually decreased since
then, the role of other artificial intelligence algo-
rithms in various engineering design tasks has con-
tinued to develop. In recent years, with the rise of
large language models, advanced artificial intelli-
gence (AI) technologies have been increasingly ap-
plied in industrial engineering design.

Large language models (LLMs) are advanced
Al systems built based on the deep learning Trans-
former architecture, which acquire language rules
through training on massive text data. With their ul-
tra-large-scale parameters and complex neural net-
work structures, they possess strong natural lan-
guage understanding and generation capabilities, en-
abling them to accomplish complex language tasks
such as multi-turn conversational interaction, logi-
cal reasoning, and generative writing. In practical
applications, LLILMs are widely used in fields such
as intelligent customer service, intelligent writing,
and knowledge question-answering (QA). Repre-
sentative models such as OpenAl’s GPT series "™
and Google’s Bard"*" have revolutionized teaching
models in the education field and optimized market-
ing strategies in the commercial field, demonstrat-
ing great potential to reshape industrial ecosystems.
Therefore, how to apply large language models in
engineering system design to fulfil knowledge QA
of system design, and improve design efficiency and
module assembly accuracy, has become an impor-
tant research direction to be explored.

Although large language models have demon-
strated strong natural language processing capabili-
ties and changed the vertical application paradigms
in multiple fields, general large language models
such as SMoE" and ChatGLM'" have not yet been
widely applied TO the industrial field. In addition,
the scarcity of domain data and the difficulty in ob-
taining high-quality annotated data in professional
fields'®”', coupled with the fact that models rely on
general corpus for training, lead to deviations in the

understanding of professional terminologies. This re-

sults in problems of inaccuracy and lack of credibili-
ty in the application of large language models in in-
dustrial sub-fields. To fully utilize the powerful rea-
soning ability of LLMs, it is necessary to conduct
training of customized knowledge to achieve their
professional performance in specific domains'''.

At present, some work has constructed cus-
tomized datasets in industrial sub-fields and fine-
tuned LLLLMs to fulfill the automatic design of some

industrial systems. For example, Zhu et al."'"

Sys™
tematically elaborated on the method of using large
language models for creative conceptual design. Ed-

" developed the modular program

wards et al.'”
Sketch-2-Prototype, which uses generative artificial
intelligence to quickly and parallelly create design
prototypes. Wang et al."”’ developed an intelligent
maintenance assistant for aircraft maintenance tech-
nicians to help them better carry out aircraft inspec-
tion and maintenance. Wang et al."** used large lan-
guage models to realize interaction with other data-
driven processes in larger-scale intelligent autono-
mous systems. Lin et al.'”’ proposed PE-GPT,
which integrates multiple engineering application
models and designs software through intelligent
agents to optimize electronic design. Although these
applications cover multiple aspects in the industrial
production process, they either focus on parameter
optimization of a single aspect or are confined to the
partial stages of the design process. The modeling
of deep coupling relationships between system mod-
ules is still lack of in-depth investigation.

We intend to apply large language models to
the production and manufacturing process of the
downstream industrial field, especially in the
scheme design of the modular engineering systems.
The knowledge of complex systems consists of glob-
al knowledge and local module knowledge. Global
knowledge is systematic and it centers on the overall
function of the system, integrating various mod-
ules, collaborative relationships, and operational
logic. It includes the core functions of each module
to explain their roles in the system. In contrast, the
local module knowledge focuses on the attributes
and operational details of individual modules and

does not involve interr-module connections. Usually,
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the global knowledge is composed of partial local
module knowledge and system composition knowl-
edge. We believe the knowledge characteristics of
complex engineering systems can be discovered by
exploring the deep coupling relationships between
complex system modules. With the obtained module
interaction knowledge, we can therefore perform
the automatic design of complex systems and the au-
tomation of producing engineering drawings of the
designed system. By utilizing the ability of large lan-
guage models to learn the implicit coupling relation-
ships between modules in existing data, and inte-
grating this knowledge through the fine-tuning tech-
nology of pre-trained large language models, we
hope to improve the ability of large language models
to design complex systems in the industrial field,
provide better system design suggestions for engi-
neers, and ultimately optimize enterprise down-
stream production processes.

In this paper, we propose a large model frame-
work for scheme design of complex modular indus-
trial systems, i.e. a large language model for design
of complex industrial system (DCI-LLM) , based
on Qwen2.5"". We first construct a module dia-
logue database of complex system knowledge,
which contains a large amount of internal module in-
formation and global system knowledge, including
design parameters, working conditions, etc. The
creation of this database aims to provide large lan-
guage models with subdivided professional engineer-
ing knowledge, enabling them to generate more ac-
curate and professional responses to questions of
system design. Using the module knowledge and
global knowledge in the complex system data, we
design a “local-coordination” strategy for fine-tun-
ing of DCI-LLM to assist engineering designers in
the scheme design of complex modular industrial
systems. Local fine-tuning focuses on the learning of
module working condition knowledge, while coordi-
nated fine-tuning helps to mine coupling relation-
ships between modules with the guidance of global
knowledge. Finally, the automation of complex sys-
tem engineering drawings is fulfilled through post-
processing program integration, assisting engineers
in efficiently completing system design. We use the

heating system knowledge database of a Chinese

company to construct a dialogue database, so as to
verify the effectiveness of the proposed DCI-LLLM
framework in the design of modular heating system.
The main contributions of this paper are summa-
rized as follows:

(1) We propose a domain-specific large lan-
guage model framework, i.e., DCI-LLM, for the
automated design of modular engineering systems.
This framework achieves, for the first time, an end-
to-end automated design process from natural lan-
guage requirements to complete engineering draw-
ings. Compared with existing research, DCI-LLLM
breaks through the limitation that traditional large
language models only focus on text interaction or in-
termediate code generation. By integrating PyCAD
script generation capabilities, it builds a complete
automated process of “requirements—scheme—
drawings”.

(2)We propose a data-feature-driven “local-co-
ordination” fine-tuning strategy, and provide a pos-
sible way to apply large language models in specific
industrial domain with modular data features
through the collaborative mechanism of in-depth
learning of module knowledge and mining of global
coupling relationships.

(3) The feasibility and effectiveness of the pro-
posed model are verified through engineering in-
stances of the design of heating systems, and the ex-
perimental results show that the proposed frame-
work has practical application potential for automat-
ic engineering design in industrial sub-fields.

(4) The constructed large model framework for
scheme design of complex modular industrial sys-
tems provide methodological reference for other ap-
plication scenarios of large language models in the
industrial field in terms of technical path and imple-

mentation strategies.
1 Related Work

1.1 Domain-specificlarge language models

Large language models have been applied to
various fields such as finance and healthcare. In the
financial field, LLILMs can parse market financial re-
ports, financial news, and user inquiries to generate

personalized investment advice. For instance, Mor-



254 Transactions of Nanjing University of Aeronautics and Astronautics

Vol. 43

gan Stanley has deployed GPT-4'"" to assist ana-
lysts in quickly extracting key data from financial re-
ports. The AT customer service of China Merchants
Bank can accurately understand customers’ finan-
cial needs through multi-turn conversations, and

Ploutos'

is used for interpretable stock trend pre-
diction. It generates accurate and interpretable rea-
sons for stock predictions by integrating multi-mod-
al data. In the medical field, Singhal et al.""’’ have
explored how to use LLMs to implement medical
QA systems that are close to the level of medical ex-
perts. Under the “Zaoji” fine-tuning framework,
Sun et al."”*” obtained MedGLM.H, a domain-spe-
cific large model dedicated to answering common
medical questions in hepatobiliary departments by
fine-tuning ChatGLLM, which has shown excellent
performance on question banks of multiple medical
exams. DoctorGLM"™" has built a Chinese medical
dialogue database and adopted various technologies
to train LLMs. In the legal field, Chatlaw'*' uses a
mixture of experts (MoE) model and a multi-agent
system to enhance the reliability and accuracy of AT~
based legal services. DISC-LawL.L.M"*" adopts a le-
gal syllogism prompting strategy, constructs a su-
pervised fine-tuning dataset in China’s judicial
field, establishes a DISC-LawL.LM with legal rea-
soning capabilities, and enhances LLILMs through a
retrieval module to strengthen the model’s ability to
acquire and utilize external legal knowledge. Intern-
LM-Law'*' is specially designed to solve various le-
gal issues related to Chinese law, capable of answer-
ing standard legal questions and analyzing complex
real-world legal situations.

The application of large language models in the
industrial field is permeating from auxiliary decision-
making to core production processes, optimizing
manufacturing processes through natural language
processing, multi-modal fusion, and knowledge rea-
soning. Pang et al.”” proposed a novel framework
of LLMs-guided deep reinforcement learning (LG~
DRL) to solve decision-making problems in autono-
mous vehicles. Lin et al.'"”' proposed PE-GPT, a
multi-modal large model customized for power elec-
tronic design, which introduced a hybrid framework

of meta-heuristic algorithms, model libraries, and

simulation resource libraries into LLLM agents. Zhu

et al.l'!

proposed to apply large language models in
creative conceptual design tasks. They conducted
creative generation experiments using GPT-2 and
GPT-3 models for specific design problems respec-
tively. Fine-tuning technology was used to conduct
customized training on GPT-2 and few-shot learn-
ing was introduced for GPT-3 to optimize the gener-
ation process. The experimental results demonstrate
that few-shot trained GPT-3 shows a lower tenden-
cy to generate repeated concepts compared to GPT-
2, but its controllability is lower than that of the
fine-tuned GPT-2. Edwards''® proposed Sketch-2-
Prototype, which used generative artificial intelli-
gence to quickly and parallelly create prototypes.
Firstly, the visual LLLM model receives sketch im-
ages and generates text descriptions. Then, the de-
scriptions are input into a conditional diffusion mod-
el for image generation. Finally, the images are in-
put into 3D modeling tools to generate 3D modeling

images. Wang et al.''”

developed an intelligent
maintenance assistant for aircraft maintenance tech-
nicians. This study adopts a fine-tuned GPT model,
and its fine-tuning process integrates aircraft struc-
ture ontology and selected maintenance logs. This
work demonstrated that training data helps inject do-
main-specific and hierarchically-structured knowl-
edge into large language models, thereby reducing
ambiguity caused by similar component names in dif-
ferent sub-components of the aircraft. In the context
of the combination of LLMs and digital twins
(DTs), Wang et al.""*' integrated language models
with larger-scale intelligent autonomous systems.
The proposed industrial-grade large model (Industri-
al-GPT) was built into the multi-level digital twin
architecture of a zinc smelting intelligent factory.
The system connects to the automation system
through a digital twin interface and configures an
LLM-based intelligent agent to describe the techni-
cal details in the digital twin.

These large language models focus on different
segments in industrial scenarios. Although these ap-
plications cover multiple aspects such as industrial
decision-making, design, operation and mainte-

nance, and production, they either focus on parame-
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ter optimization of a single aspect or are confined to
partial segments of the design process, and have not
explored deep coupling relationships such as perfor-
mance matching and correlation of working condi-
tion between modules in complex industrial sys-
tems. To explore the deep coupling relationships be-
tween modules, it is necessary to design training
strategies adapted to the characteristics of industrial
systems, including constructing a professional dia-
logue database containing module association knowl-
edge, developing a fine-tuning framework thatinte-
grates local module knowledge and global system
constraints, etc. Based on these considerations,
DCI-LLM captures the module composition rules in
complex systems through a hybrid fine-tuning strate-
gy, and utilizes engineering design tools to fulfill a
full-process closed loop from “coupling relationship
reasoning” to “automated generation of engineering
drawings”, so as to fill the application blanks of ex-
isting industrial large language models in the field of

complex system design.
1.2 Parameter-efficient fine-tuning methods

The application of large language models needs
to conduct model training with customized knowl-
edge in specific domains to achieve professional per-
formance. However, training domain-specific
LLMs from scratch is an extremely challenging and
costly task. It not only requires massive computa-
tional resources but also demands guidance and opti-
mization from AT algorithm engineers with profound
domain knowledge. For many institutions, especial-
ly small enterprises or research institutions, such
costs and complexities are often unaffordable.
Therefore, fine-tuning based on general LLMs to
adapt to specific domain needs has become a more
feasible and economical option.

In recent years, parameter-efficient fine-tuning
(PEFT) techniques, such as low-rank adaptation
(LoRA)™', adapter tuning®’, and prompt tun-
ing'™, have made breakthrough progress. These
techniques have significantly reduced the computa-
tional resources and training cycles required for fine-
tuning large language models, achieving much high-

er efficiency compared to traditional full-parameter

21

fine-tuning. Aghajanyan et al.” proposed that pre-
trained models had an extremely small intrinsic di-
mension, meaning there existed some very low-di-
mensional parameters whose fine-tuning could
achieve the same effect as fine-tuning in the full pa-
rameter space. Inspired by work on intrinsic dimen-
sions, Hu et al."”” argued that there is an “intrinsic
rank” in the parameter update process of LLMs,
and lightweight fine-tuning of large language models
could be achieved by fine-tuning this “intrinsic rank
of large language models”. Lester et al.”” found
that soft prompts, learned through backpropaga-
tion, could integrate signals from multiple labeled
examples. Unlike GPT-3" s discrete text prompts,
this end-to-end learning method far surpasses GPT-
3’ s few-shot learning. Moreover, when the model
scale reaches billions of parameters, it can narrow
the gap with fine-tuning methods that adjust all mod-
el weights. Hu et al.””” proposed the LLLM Adapters
framework, which integrated multiple adapters and
open-source LLLLMs, and could be used for PEFT in
different tasks. Empirical studies have explored the
impact of adapter-related factors on method design,
and experimental results show that PEFT using this
framework on small-scale models (7 billion) can
achieve performance equivalent to or even better
than large-scale models (175 billion) in zero-shot
reasoning for two types of reasoning tasks arithme-
tic reasoning and common-sense reasoning. When
building domain-specific large language models, cur-
rent strategy is to screen domain-related profession-
al knowledge from public knowledge bases as train-
ing data to perform parameter-efficient fine-tuning
on general large language models.

Existing studies have shown that fine-tuning
highly specialized large language models based sole-
ly on public knowledge bases is difficult to achieve
the desired performance improvement. This is main-
ly because public knowledge bases have insufficient
coverage depth in professional domains, and there 1s
a significant gap between the completeness and accu-
racy of their knowledge content and the professional
standards of domain experts. Therefore, data pro-
cessing and management during the fine-tuning and

pre-training stages of large language models are ex-
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W3 Using professional docu-

tremely important'
ments and data to fine-tune large language models
has gradually become a feasible path to improve the
professional performance of models. However, due
to the requirements of standardized operating proce-
dures, professional documents not only contain a
large number of professional terminologies but also
have special format specifications, making them un-
able to be directly used for model fine-tuning. These
documents need to undergo preprocessing such as
data cleaning, format conversion, and annotation to
meet the fine-tuning needs of large language models.

By fine-tuning, general models can be trans-
formed into domain-specific LL.Ms, significantly im-
proving their accuracy and credibility in the domain.
This approach also saves time and resources while
maintaining the flexibility to adapt to changes in do-
main requirements. In addition, using different fine-

tuning strategies for different application scenarios

to fine-tune large language models is also a key con-
sideration in model fine-tuning. For example, dur-
ing model training with knowledge of complex in-
dustrial systems in this paper, the LoRA fine-tuning
is used to enable the model to learn local knowl-
edge, and the Freeze fine-tuning is introduced to
learn global knowledge while retaining the model’ s

ability to discover local knowledge.

2 DCI-LLM

2.1 DCI-LLM framework

We propose a large model framework, DCI-
LLM, for scheme design of complex modular indus-
trial systems based on Qwen2.5. The framework of
DCI-LLM consists of three stages: Data process-
ing, hybrid fine-tuning, and automatic design of
complex systems, as shown in Fig.1. Knowledge
data of complex systems undergo data processing

and extraction to generate the data for large model

Data processing

large models

Data extraction = @

Data for Library of

system components
to learn Y P

Divide the training
set and the test set

Data preparation

Local knowledge )

[ & DeepSeekAPI]—~
Y

Local knowledge (in the format
of question-answer pairs)
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/ i i Phase 2 i
- Global knowledge | !
| | |DCLLLM-T Freeze i
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I DCI-LLM !
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A

Automatic system design

o . Engineerin,
[ QuestionJ—(EJ- DCI-LLM | with fmwing gj

'
*

Fig.1 Framework of DCI-LLM
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training and build the library of system components.
The component library corresponding to module
knowledge will be wused in subsequent system
scheme drawing. The detailed construction of the
domain knowledge base will be explained in Section
3.2 in combination with specific application cases.
The hybrid fine-tuning of DCI-LLM, namely the
“local-collaborative” fine-tuning, includes internal
module knowledge training (local training) and
global system knowledge training (collaborative
training). The “local-collaborative” fine-tuning of
DCI-LLM corresponds to the process of mechanical
engineers learning the composition principles of the
entire system, that is, first learning local module
knowledge and then progressing to system composi-
tion principles. We divide the model’s fine-tuning
process into two phases. In the first phase of fine-
tuning, we use the detailed knowledge of internal
modules and generate QA data to perform LoRA
fine-tuning on Qwen2.5-7B. The model fine-tuned
after the first phase can answer basic questions
about the internal modules of the system, which is
named as DCI-LLM-T, but it is prone to hallucina-
tions when answering questions involving the global
system. In the second phase of fine-tuning, we pro-
cess the global knowledge data and perform Freeze
fine-tuning on the DCI-LLM-T model. After the
twophase fine-tuning, the trained DCI'LLM can
answer system-related questions while ensuring the
ability to answer basic questions about internal mod-
ules of the system. In the final stage of automatic
system design, DCI"-LLM can generate the final en-
gineering drawings according to the answers to the
system questions asked by users. The final engineer-
ing drawings only need engineers to verify their com-

pleteness and correctnes.

2.2 Fine-tuning and inference

DCI-LLM

process of

The knowledge data of complex modular sys-
tems include global system knowledge and module
knowledge, where global knowledge is composed
of part of the local module knowledge and system
composition knowledge. Global knowledge is a sys-

tematic knowledge that centers on the overall func-

tion of the system, integrating various modules, col-
laborative relationships, and operational logic. It
contains the core functions of each module to ex-
plain their roles in the system. In contrast, local
knowledge focuses on the attributes and operational
details of individual modules and does not involve
inter-module connections. We adopt Qwen2.5 as
the backbone model in our work. Considering the
combinatorial characteristics of modular knowledge
data, the backbone model is fine-tuned through a
“local-coordination” approach to achieve domain
knowledge mining. By capturing the global combina-
torial features and coupling relationships of the sys-
tem, and in combination with post-processing proce-
dures, engineering drawings can be automatically
generated, thereby assisting engineers in producing
system drawings. “Local fine-tuning” enables the
model to learn module knowledge under specific
working conditions, while “coordinated fine-tuning”
leverages global knowledge to guide the model in
mining the coupling relationships between internal
modules of the system, thus discovering the under-
lying knowledge about the composition laws of the
system under specific working conditions.

The fine-tuning and reasoning process of
DCI-LLM is shown in Fig.2. Knowledge distillation
is first carried out using the knowledge of internal
modular components involved in complex systems.
Professional documents are processed to meet the
data and format requirements for fine-tuning. The
source model is fine-tuned with a certain amount of
training data. In the first stage, the model is fine-
tuned using professional knowledge data of each
module in the system, so that the model can learn
specific knowledge of each module under various
working conditions. The model is then fine-tuned us-
ing global system knowledge to minimize model hal-
lucinations, enabling the model to learn the overall
global knowledge of the system under various work-
ing conditions. Finally, a large model for assisting
complex system engineering drawing is obtained.
With such a model, engineers only need to put for-
ward questions on system design, and the answers
of specific module knowledge and global system

knowledge under various working conditions are
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then generated, as well as the final system engineer-

ing diagram.
2.3 “Local-collaborative” fine-tuning

2.3.1 Fine-tuning based on local module knowl-
edge

Through low-rank decomposition technology,
only a small number of parameters need to be fine-
tuned for LoRA, significantly reducing memory re-
quirements. Full-parameter fine-tuning of a 7B mod-
el requires more than 80 GB of memory, while Lo-
RA only needs 10—15 GB. This makes it possible
to fine-tune large language models on consumer-
grade graphics cards. The efficiency of this fine-tun-
ing approach also enables rapid switching between
multiple tasks. In addition, in small data scenarios
(1X10>—=5X10° samples) , LoRA performs partic-
ularly well, as it can converge quickly and retain the

general capabilities of the pre-trained model, avoid-

ing knowledge forgetting. Moreover, these charac-
teristics make LoRA the preferred solution for
adapting large language models to vertical fields.
Therefore, we use LoRA for fine-tuning module
knowledge in the first stage.

During training, LLoRA freezes all parts of the
pre-trained model and only trains the newly added
low-rank matrix parameters (i.e., adapter parame-
ters). Fig.3 shows the training logic of LoRA com-
pared with the full-parameter fine-tuning strategy.
In the scenario of “full-parameter fine-tuning” on
the left side of Fig.3, the parameters are divided in-
to two parts, shown as

WeER I\ AWER ! (1)
where W is the pre-trained weight, AW the incre-
mental weight, and d the hidden layer dimension of
large models. Full-parameter fine-tuning involves
updating the weights based on the original pre-trained

weights, shown as
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Output =(W + AW )X Input (2)

The right side of Fig.3 represents the LoRA
fine-tuning scenario. In LoRA, the incremental
weights AW in full-parameter fine-tuning are ap-
proximated by matrix A and matrix B . The output
of LoRA is expressed as

Output = W X Input + a/r X BA X Input (3)
where AER™“, BER"", a is the scaling coeffi-
cient, r denotes the rank of the low-rank matrix,
and the number of model fine-tuning parameters ”
is reduced from d” to 2 X r X d. We perform Gauss-
ian initialization for matrix A and zero initialization
for matrix B. Zero initialization ensures that the
model training starts from O without introducing
noise, while Gaussian initialization provides direc-
tions for random exploration in the early stage of
model training.

The rank represents the information content of
a matrix. If a certain dimension in the matrix can al-
ways be linearly derived from the remaining dimen-
sions, this dimension of information is redundant for
the model. Theoretically, there is also redundant in-
formation in the incremental weights of full-parame-
ter fine-tuning AW. Therefore, we can perform sin-
gular value decomposition on AW to find the corre-
sponding low-rank matrices A and B. Since AW is
unknown, W and AW represent old and new knowl-
edge, it is impossible to perform singular value de-
composition on AW. Thus, we consider taking r as
a hyperparameter of the model and making the mod-
el learn matrices A and B.

For the hyperparameter a, we initialize it to r
that is set for the model the first time. Here, r is a
relatively large value, which can cover new knowl-
edge while making BA as close as possible to AW.
Therefore, when r is smaller, the low-rank matrix
represents new knowledge more concisely but may
miss information. At this time, a/r is relatively
large, amplifying the impact of new knowledge on
the model during forward propagation. When r is
larger, the information contained in the low-rank
matrix 1s richer, and it is more similar to AW. In the
training and updating (training dynamics) of the al-

gorithm, gradient updates only optimize matrices B

and A. In inference deployment, W'= W,+ BA,
where W, and W' represent the original pre-trained
weight matrix of the model and the fine-tuned
weight matrix, respectively. The weights are
merged to eliminate inference delays.
2.3.2 Fine-tuning based on the global knowl-
edge

After the first fine-tuning stage, DCI-LLM-T
has already mastered the knowledge of internal sys-
tem modules relatively well. It can answer some
questions related to module knowledge that engi-
neers encounter during the system design and engi-
neering drawing processes, and show the reason-
able accuracy. To retain DCI-LLM-T’s perfor-
mance in the task of answering questions about inter-
nal system module knowledge and reduce the hallu-
cinations of the large model when answering ques-
tions about global system knowledge, we choose to
introduce global system knowledge in the second
stage of fine-tuning, f[reeze the base layers of the
model, and only allow the parameters of the last
five layers to be updated. For the frozen parameters
w, (i<<k), the update is w\" "' = w!. For the parame-
ters involved in fine-tuning w; (j<<£), the update is

el

where ¢ represents the number of iterations, # the
learning rate, and L the loss function. They are up-
dated according to the gradient descent method.

During the fine-tuning process, for each frozen

parameter w,, its gradient descent is zero, 1.e.

oL _ 0 (5)

dw,

Therefore, these parameters will not be updat-
ed during backpropagation. For parameters that
need to be updated, we calculate their gradients and
update their values. The advantages of the Freeze
fine-tuning method are mainly reflected in the fol-
lowing two aspects. Firstly, this method can effec-
tively retain the powerful representation learning
ability of the pre-trained model. Secondly, it only
needs to fine-tune a small number of parameters to
achieve adaptation to specific tasks, and this meth-
od shows excellent applicability in scenarios where

training data is limited or computing resources are
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constrained. The DCI-LLM model after Freeze fine-
tuning not only maintains excellent performance in
the task of answering questions about internal sys-
tem module knowledge, but also significantly im-
proves its ability to handle problems related to glob-
al knowledge. The DCI-LLM model simulates the
process of mechanical engineers learning the compo-
sition principles of the entire system. That is, it first
learns local module knowledge and then progresses
to system composition principles, by constructing a
domain knowledge base and adopting the “local-col-
laborative” hybrid fine-tuning technology, which in-
cludes internal module knowledge training and glob-
al system knowledge training. Specifically, in the
first stage of fine-tuning, LoRA fine-tuning is per-
formed on Qwen2.5-7B to answer basic questions
about internal system modules. In the second stage
of Freeze fine-tuning, the model learns global sys-
tem knowledge data, enabling it to answer system-
related questions. The data characteristic of this
study—that global knowledge incorporates partial
local knowledge—also explains why LoRA-Freeze
requires a smaller volume of data to achieve the
same accuracy. This is because the model has al-
ready mastered module knowledge during phased
fine-tuning, and thus expends less effort in learning
the module knowledge embedded within global
knowledge. The verification of the fine-tuning meth-
ods 1s presented in Section 4.

Therefore, this framework can provide the fi-
nal scheme of system design based on the answers
to the questions asked by users, and automatically
generate the final system engineering drawings by
calling drawing tools, significantly improving the de-

sign efficiency of traditional manual operations.

3 Illustration of Heating System

To verify the effectiveness of the proposed
DCI-LLM framework, we apply DCI-LLM to the
system design of heating systems produced {rom a
Chinese company. In this section, we will first intro-
duce the background knowledge of heating system.
The construction of knowledge base for heating sys-
tem is then explained. Finally, the evaluation met-

rics of the proposed method are presented.

3.1 Heating system

The overall function of the heating system is to
achieve efficient generation, transmission, and dis-
tribution of heat, as well as the control of system
pressure and temperature, through the collaborative
operation of multiple modules, thereby providing us-
ers with a stable supply of heat energy. A typical
heating system basically contains six modules.
Among them, the boiler (BOI) module, as the
core heat source, is responsible for transferring the
heat generated by fuel combustion to the circulating
water to produce high-temperature hot water. The
water pump (WP) module drives the water to circu-
late in the system through mechanical power, ensur-
ing that heat can be continuously delivered to vari-
ous heat-using terminals. The plate heat exchanger
(PHE) module is used to perform heat exchange be-
tween different loops. The elevated water tank
(EWT) module mainly plays the role of pressure
stabilization and water replenishment, providing a
stable pressure reference for the system through the
static pressure formed by its own height, and replen-
ishing water when the system water decreases due
to evaporation or leakage. The pressure stabilizing
expansion tank (PSET) module is used to absorb
the expanded volume of water in the system after
heating, preventing damage to pipelines or equip-
ment due to excessive pressure, and at the same
time assisting in maintaining stable system pressure.
The pressure stabilizing and water replenishing
pump (PSWR) module automatically starts work-
ing when the system pressure is lower than the set
value, replenishing water into the system to main-
tain normal operating pressure. These six modules
are connected through pipelines and control devic-
es, and operate in coordination based on the connec-
tion relationships shown in Table 1. The value “1”
in Table 1 indicates “direct connection” and “0” the
“not direct connection”. Fig.4 shows the real devic-
es of modules BOI and WP. According to the sys-
tem requirements that each module needs to be
adapted to other related modules, every module has
a specific number of configuration choices. The func-
tions and the system configuration options of each

module are shown in Table 2.
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Table 1 Connection between modules of the heating

system
Module BOI WP PHE EWT PSET PSWR
BOI 1 0 0 0 0
WP 1 1 1 0 1
PHE 0 1 0 0 0
EWT 0 1 0 0 1
PSET 0 0 0 0 1
PSWR 0 1 0 1 1

(a) BOI
Fig.4 True devices and composition of BOI and WP mod-

ules in the heating system

Table 2 Description of functions and number of configu-

rations for each module in the heating system

Module ) Number of module
Function ) )
name configuration
Transfer the heat generated
BOI ‘.by combustion to the c1rcglat* 18
ing water to produce high-
temperature hot water
Drive water to circulate in the
WP system and conFinuously traps* 12
fer heat to various heat-using
terminals
PHE F'ulflll heat exchange between 3
different loops
Perform the functions of pres-
EWT sure stabilization and water re- 6
plenishment
Absorb the expanded volume
PSET of water in the system after be- 10

ing heated, while maintaining
stable system pressure

Replenish water into the sys-
PSWR tem to maintain normal operat- 10
ing pressure

In the design of a heating system, given the de-
sign requirements engineering designers first deter-
mine the parameter configuration of the boiler based

on the input design parameters of heat load and tem-

perature difference. They select the corresponding
boiler and its connectors to form the BOI module,
and then determine the matching parameters of the
connected water pump module according to the pa-
rameter requirements of this module. Next, they
need to select the corresponding WP module accord-
ingly, and so on, to determine the configuration pa-
rameters of each module and their composition. Fi-
nally, based on these module selections, the engi-
neering drawings of the system are manually pro-
duced and the engineering quotation information is
issued. The entire process relies heavily on the hu-
man experience of engineering designers, and re-
quires manually producing engineering drawings and
quotations, which is highly complex. Consequent-
ly, the traditional heating system design has a long
cycle, and involves a lot of repetitive work. There-
fore, we apply the proposed framework for complex
system scheme design, DCI-LLLLM, to automate the
design of heating systems. By learning system de-
sign knowledge from existing commercial schemes,
it can automatically complete the scheme design of
the heating system and producing engineering draw -
ings. Engineering designers only need to manually
review the designed scheme for the verification of
completeness and correctness. This framework is
expected to greatly improve the efficiency of heating
system design and optimize the production process

of the enterprise.

3.2 Construction of heating system knowledge

base

The construction of the design knowledge base
for heating system mainly comes from the commer-
cial heating system schemes of a Chinese company,
and the data processing flow is shown in Fig.5.
These datasets include the internal module design
parameters, working conditions, and global knowl-
edge of the heating system, where the global knowl-
edge consists of partial module knowledge and mac-
roscopic knowledge of the entire system. The API
interface of Deepseek *' is used to build QA data ac-
cording to the scheme knowledge, and the training
data is in the form of “question-answer”. A total

of 1 770 QA data related to heating system schemes
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Fig.5 Data processing workflow for heating system case studies

has been sorted out. Among them, there are about
1 070 QA data related to heating system modules,
and about 700 QA data related to global knowledge
of heating systems. For specific module details,
such as the inner diameter of the water pump and
the position of the water tank, these overly precise
data have very low value for DCI-LLLLM learning.
Therefore, when processing scheme data, it is nec-
essary to eliminate these overly detailed but not
very important data. It should be noted that due to
the limited scheme data at present, in order to make
DCI-LLM’ s answers more professional and accu-
rate, more data are still needed.

Fig.6 shows the process of extracting and con-
verting complex industrial system knowledge data

into training knowledge for large language models.

The pressure-stabilizing and water
replenishing pump device is composed
of multiple types of equipment working

in coordination. The power core is a
vertical light-duty water pump xxx,
with a flow rate of xxx m’/h, a lift of

xxx m, and a power of xxx kW,

ensuring stable water supply power

Heating system professional
knowledge

Global knowledge

The original unstructured text data is finally trans-
formed into “Q-A” structured text data suitable for
model training. Fig.7 illustrates the compositional
characteristics of global knowledge and local knowl-
edge. It can be seen from the figure that global
knowledge contains some detailed content of local
knowledge. Fig.8 describes the composition of the
data in detail. Local knowledge consists of detailed
module knowledge, and global knowledge is com-
posed of part of the local knowledge and system
knowledge. The complex system knowledge is di-
vided into a training set and a test set, where the
training set is composed of 940 pieces of local
knowledge and 400 pieces of global knowledge. The
test set contains 130 pieces of local knowledge and

130 pieces of global knowledge.

For the xxx issue
of the water pump
module under the
conditions of xxx
temperature difference

The required
module number
ise*+, and its
internal composition

and xxx heat load sl
Q — A
I;(zlrl the thx 1ss1(1ie The system
e e ey composition modules

the conditions of xxx
temperature difference
and xxx heat load

are*+, and the design
parameters are-**

_______________________________________________

1

1

i

1

1

| System-level knowledge 7
i includes knowledge such

! as system introduction

1 and application scenarios
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Local knowledge

Some details of local
knowledge

Module knowledge, such
as component parts,
design parameters, etc

Fig.7 Composition of global knowledge and local knowledge
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tem case knowledge is uniformly structured as ques-
tions “Q”, and the corresponding query results are
used as their answers “A”. In addition, in view of
the professionalism of the heating system scheme

knowledge data, the rewriting of some engineering

Heating system case knowledge
Local knowledge Global knowledge
Knowledge
Knowledge S Knowlec.lge Some part
of water of the high System
heat ’ tank of local knowledge
pump exchanger knowledge g
modules modules
modules
________________ T e
S e .
| |
y Y
Training set i Test set

I
I

S armples of 400 sal.rr;)plfs of : 130 slamplles of | [130 szitrg)lles of

local knowledge giood | ooa gio0a

knowledge ! knowledge knowledge

I
]

Fig.8 Dataset composition

In this paper, the query part of the heating sys-

terminologies is also an important part of data pro-
cessing. To comply with the principle of data confi-
dentiality, the data processing task is manually com-
pleted by the authors of this paper.

The dataset introductions for some modules

are shown in Tables 3,4.

Table 3 Local module knowledge datasets

Serial . Selection .
Input condition Supplementary explanation
number result
The demand is “water pump”. The heat load of 135 kW meets the con-
Heat load: 135 kW Wat dition “120 kW<CQ,=<<240 kW”, here Q, represents the heat load, and
ater pum
1 Temperature difference: 10 °C q Pl 1p the temperature difference of 10 °C conforms to “8—12 *C”, so it match-
Demand type: Water pump fmoduie es water pump module 1. The rated flow rate of this module is 30—
50 m*/h, and the head is 25—35 m.
Heat load: 740 kW The demand is “water pump”. The heat load of 740 kW meets the con-
i .. Water pump dition “700 kW<Q,<<1 000 kW”, and the temperature difference of
Temperature difference: 20 °C 5 o .
2 - d W module 4 20 C conforms to “18—22 °C”, so it matches water pump module 4.
and t : Wat . . . .
crmand type: Aater pump The rated flow rate of this module is 180—250 m?/h, and the head is
45—55 m.
Heat load: 4 550 kW The demand is “water pump”. The heat load of 4 550 kW meets the
. .. Water pump condition “4 500 kW<ZQ,<<6 000 kW”, and the temperature difference
Temperature difference: 20 'C . o .
3 b d W module 7 of 20 °C conforms to “18—22 “C”, so it matches water pump module 7.
t : t
cmand type: Water pump The rated flow rate of this module is 1 100—1 500 m®/h, the head is
60—70 m, and the motor power is 200 kW.
The demand is “make-up pump”. The heat load of 10 680 kW meets the
Heat load: 10 680 kW Make-up  condition “8 500 kW<<Q,<<11 000 kW”, and the temperature differ-
A Temperature difference: 20 °C pump mod- ence of 20 “C conforms to “18—22 ‘C”, so it matches make-up pump
Demand type: Make-up pump ule 12 module 12. The rated flow rate of this module is 2 100—2 800 m®/h,
the head is 70— 80 m, the motor power is 315 kW, and the pressure sta-
bility accuracy is #=0.03 MPa.
The demand is “make-up pump”. The heat load of 503 kW meets the
Heat load: 503 kW; Make-up  condition “500 kW<<Q,<<1 000 kW”, and the temperature difference of
. Temperature difference: 10 °‘C; pump mod- 10 °C conforms to “8—12 ‘C”, so it matches make-up pump module 8.
7 Demand type: Make-up pump ule 8 The rated flow rate of this module is 40—80 m*/h, the head is 30—

40 m, the motor power is 15 kW, and the pressure fluctuation range is
less than orequal to =0.02 MPa.
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Table 4 Global system knowledge datasets
Serial . . .
Input condition Selection result Supplementary explanation
number
Core module details: Boiler 1: Thermal power 240 kW
=190 kW, outlet water temperature 95 °C; Water
pump 1: Flow rate 30—50m?/h(covering the 38 m*/h
demand under 190 kW); Make-up pump 1: Flow rate
. ) 10—20 m*®/h (covering the 8 m*/h make-up water
Selection matching: 190 kW €&
. demand); Heat exchanger 1: Heat exchange area
(120 kW< Q=240 kW), 10 'C € ) .
3 ] 20 m’ (heat exchange capacity=250 kW=190 kW );
8—12 °C (conventional temperature . .
) ) Water tank 1: Volume 1.5 m? Expansion tank
Heat load: 190 kW difference), matching Scheme 1.
) ) ) 1: Volume 50 L.
Temperature differ- Core module details: Boiler 1: Ther- ) ) ) )
5 . Core coupling relationships: Boiler 1 — Water pump
ence: 10 °C (convention- mal power 240 kW=190 kW, out- )
. . 1 = Heat exchanger 1 (heat transfer chain): Hot wa-
al temperature differ- let water temperature 95°C; Water . ) ) )
ter from Boiler 1 is delivered to Heat exchanger 1 via
ence) pump 1: Flow rate 30—50 m®h
. . Water pump 1, and the flow rate of Water pump 1
1 Scheme 1 (Boiler 1+ (covering the 38 m*/h demand un- )
matches the thermal power of Boiler 1 and the area
Water pump 1+ der 190 kW); Makeup pump 1:
~ of Heat exchanger 1; Make-up pump 1 —> Water
Make-up pump 1 + Flow rate 10—20 m?®/h (covering o
) tank 1 — Water pump 1 (make-up water stabilization
Heat exchanger 1 -+ the 8 m*/h make-up water demand); ) )
chain): Make-up pump 1 supplies water to Water
Water tank 1 + Expan- Heat exchanger 1: Heat exchange ar- .
. X . tank 1, and Water tank 1 stabilizes the flow for Wa-
sion tank 1) ea 20 m’ (heat exchange capacity = )
ter pump 1; Make-up pump 1 — Expansion tank 1
250 kW = 190 kW); Water tank ‘ '
. (pressure regulation chain): Make-up pump 1 com-
1: Volume 1.5 m’; Expansion tank )
pensates for leakage, and Expansion tank 1 compen-
1: Volume 50 L ) ) o
sates for expansion, collaborating to stabilize pres-
sure.
Scenario adaptation: Total floor area<<20 m*, suit-
able for small and medium-sized residential commu-
nities with an area of 50 000—100 000 m*.
Core coupling relationships: Boiler 1 = Water pum
Heat load: 235 kW e P P ) P
. 1 — Heat exchanger 1 (heat transfer chain):
Temperature differ- ) ) . ., ) )
X Core module details: Boiler 1: Ther- High-temperature water (110 °C) from Boiler 1 is de-
ence: 20 °C (large tem- ) ) )
) mal power 240 kW=235 kW, out- livered via Water pump 1, adapting to the large tem~-
perature difference) 3 .
. let water temperature 110 ‘C; Wa- perature difference heat exchange of Heat exchanger
Scheme 9 (Boiler 1 +
ter pump 1: Flow rate 30—50 m*/h 1; Make-up pump 7 — Water tank 1 = Water pump
Water pump 1 + ) o )
(fine-tuned to adapt to the 21 m*/h 1 (make-up water stabilization chain): The flow rate
Make-up pump 7 +
demand under 235 kW); Make-up of Make-up pump 7 matches the volume of Water
Heat exchanger 1 + .
pump 7: Flow rate 20—35 m®/h tank 1 to ensure the inlet pressure of Water pump 1;
2 Water tank 1 + Expan-

sion tank 1)

Selection matching:
235 kW € (120 kW <
Q, = 240 kW),

20 C € 18—22 C
(large temperature dif-
ference),
Scheme 9

matching

(adapted to the pressure demand un-
der large temperature difference);
Heat exchanger 1: Heat exchange
area 20 m” (heat exchange capaci-
ty = 480 kW = 235 kW); Water
tank 1: Volume 1.5 m’ Expansion
tank 1: Volume 50 L

Make-up pump 7 — Expansion tank 1 (pressure regu-
Make-up
high-precision pressure stabilization (£0.03 MPa),

lation  chain): pump 7  achieves
collaborating with Expansion tank 1 to compensate
for volume changes under large temperature differ-
ence.

Scenario adaptation: Total floor area<<22 m®, suit-
able for small and medium-sized industrial parks with

an area of 50 000—100 000 m*.
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Continued
Serial o ) .
number Input condition Selection result Supplementary explanation

Selection matching: 610 kW & Core coupling relationships: Boiler 3 = Water pump
(500 kW<CQ,<<700 kW), 20 C € 3 — Heat exchanger 4 (heat transfer chain): The
18—22 °C (large temperature differ- large thermal power of Boiler 3 matches the large
ence), matching Scheme 11. flow rate of Water pump 3 and the large heat ex-
Heat load: 610 kW Core module details: Boiler 3: Ther- change area of Heat exchanger 4, realizing large heat
Temperature differ- mal power 700 kW=610 kW, out- load transfer; Make-up pump 8 — Water tank 1 —
ence: 20 ‘C (large tem- let water temperature 110 ‘C; Water Water pump 3 (make-up water stabilization chain):
perature difference) pump 3: Flow rate 80— 120 m®/ Make-up pump 8 is linked with Boiler 3 to supply wa-
5 Scheme 11 (Boiler 3 + h (frequency conversion adapted to ter in advance, ensuring the large flow operation de-

Water the 55 m?/h demand under 610 kW );
Make-up pump 8: Flow rate 40 —
80 m*/h 32 m*/h

Water tank 1 + Expan- make-up water demand); Heat ex-

pump 3 +
Make-up pump 8 —+
Heat exchanger 4 -+ (covering  the
sion tank 2) changer 4: Heat exchange area 50 m*

(heatexchange capacity=1 200 kW=

mand of Water pump 3; Make-up pump 8 — Expan-
sion tank 2 (pressure regulation chain): The large vol-
ume of Expansion tank 2 compensates for volume ex-
pansion under large heat load, collaborating with
Make-up pump 8 to maintain system pressure.

Scenario adaptation: Total floor area << 35 m*, suit-

610 kW); Water tank 1: Volume able for large residential communities with an area of
1.5 m* Expansion tank 2: Volume 300 000—500 000 m® or medium-sized industrial
150 L parks with an area of 100 000—200 000 m”.

3.3 Evaluation indicators

We evaluate the performance of DCI-LLM us-
ing evaluation metrics of large model fine-tuning ef-
fect to compare the score rate and accuracy of DCI-
LLM with those of other fine-tuned models. Preci-
sion (Pre) and bilingual evaluation understudy
(BLEU) "™ scores are adopted as performance indi-
cators to evaluate the model’ s performance in
knowledge question-answering after fine-tuning. The
BLEU score is an evaluation metric used to assess
the quality of machine-generated answers by Al
models. It gives a score based on the degree of
matching between the model-generated results and

the answers in the test set, which is calculated as

follows
N
BLEU = BP X exp( Do, logp,,) (6)
n=1
1 =1,
BP={ . (7)
e o 1,<I

where p, is the n-gram precision, w, the weight of
the n-gram, N the maximum n-gram order, /, the
length of the machine translation result, and /, the

length of the reference translation. N-gram precision

refers to the degree of overlap between the n-grams
in the machine translation result and those in the ref-
erence translation. BP is the short sentence penalty,
which mainly serves to prevent machine translation
from generating excessively short translations. With-
out the short sentence penalty, the model might
tend to generate very short sentences to improve
other evaluation metrics. BLEU value ranges from
0 to 1. The closer it is to 1, the higher the transla-
tion quality. However, the BLLEU score evaluation
can only ensure whether the answers of the fine-
tuned model are close to the standard answers.
Therefore, the BLEU score is used to measure the
professionalism of the model’ s answers to ques-
tions, but it cannot directly indicate the accuracy of
the model’ s answers to internal and global ques-
tions about the heating system.

Accuracy is the ratio of the number of correctly
predicted entities to the total number of predicted en-
tities, which is used to measure the accuracy of the
fine-tuned model in answering questions related to
the internal modules and global aspects of the heat-
ing system. Unlike natural language response tasks

that only require a simple distinction between posi-
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tive and negative examples, the system composition
under given working conditions is deterministic, so
there exists an exact answer for the large model’ s
prediction results. Thus, accuracy can be adopted to
evaluate the performance of the proposed method.
This metric is used to measure the accuracy of the
fine-tuned model in answering questions pertaining
to the internal modules and global aspects of the
heating system, with its calculation formula given

as follows

Accuracy = P (8)

TP+ FP
where TP represents the number of samples correct-
ly predicted by the model, and FP the number of
samples incorrectly predicted by the model. The val-
ue of accuracy ranges from O to 1, with a value clos-

er to 1 indicating higher accuracy.

4 Experimental Results

We conduct four experiments to verify the ef~
fectiveness and domain expertise of DCI-LLLM after
“local-collaborative” fine-tuning, including the eval-
uation of QA performance with local and global
knowledge fine-tuning, the verification of the effec-
tiveness of “local-collaborative” fine-tuning, the ad-
vantages of the “local-collaborative” fine-tuned
model, and the evaluation of the professionalism
and applicability of the fine-tuned DCI-LLLLM in an-
swering local and global questions about heating sys-
tems. And, we use a demo of a system design case
to show the practical usage and advantage of our

proposed method.

4.1 Evaluating QA performance with local/

global knowledge
In the knowledge QA task for the design of in-

dustrial heating systems, the model needs to be ca-
pable of processing both local module knowledge
and global system knowledge simultaneously. The
choice of the base model directly affects the perfor-
mance after fine-tuning. Due to the differences in
pre-training data and model architectures, different
LLMs may exhibit significant deviations in the learn-
ing of domain-specific knowledge. In the experi-

ments of this section, under the premise of adopting

the “local-collaborative” fine-tuning (LoRA-Freeze)
strategy, seven mainstream base models including
Qwen2.5, LLaMa3.2"*", DeepSeek R1, etc., are
compared to verify their performance differences in
the QA tasks of heating system with local and glob-
al knowledge. As LLLM technology is developing
rapidly, it is difficult to find the best model ever for
DCI-LLM. We therefore select some typical ver-
sions of LLMs to provide a general approach for
source model selection in practice. This helps deter-
mine the optimal base model suitable for knowledge
modeling of industrial heating systems, thus offer-
ing a model selection pipeline for other complex sys-
tems in automatic design. We divide the heating sys-
tem local and global QA data into a training set and
a test set. The training set consists of 940 pieces of
local module knowledge and 400 pieces of system
global knowledge. 260 heating system questions
(covering both local and global knowledge, 130
each) excluding the training set are randomly select-
ed as the QA test set.

We evaluate the performance of various fine-
tuned models using BLEU score and accuracy. The
evaluation results for using local and global knowl-
edge are shown in Tables 5 and 6, respectively.
The BLEU score only indicates that the model-gen-
erated answers are reliable in terms of the degree of
matching with the reference answers in the test set.
For real accuracy, further evaluation by profession-
als is required (see Section 4.4). As can be seen
from Tables 5 and 6, after LoRA-Freeze, the per-
formance rankings of base LLLMs in module knowl-
edge and global knowledge tasks are consistent.
Qwen2.5 takes a significant lead with a BLEU score
of 0.85 and an accuracy of 93.4% in module knowl-
edge, and a BLEU score of 0.79 and an accuracy of
89.3% in global knowledge, followed by DeepSeck
R1 and LLaMa3.2. All models exhibit the results
that module knowledge processing ability is better
than global knowledge, reflecting that global knowl-
edge involves crosssmodule associations and is more
difficult to be discovered. The BLEU score is posi-
tively correlated with the accuracy rate, verifying
the effectiveness of this indicator in preliminary eval-

uation. However, considering that a lower BLEU
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score may be associated with the situation where the
model’ s answer style is different from that of the
standard answer, BLEU cannot be used to fully

measure the professionalism of the model. The eval-

uation of professionals still needs to be considered
for comprehensive assessment. From the results
found in this section, QwenZ2.5 is the preferred base

model for QA tasks in the heating system domain.

Table 5 Performance of various base LLMs with “local-collaborative” fine-tuning (local knowledge)

Base LLM Fine-tune method Hard-ware environment BLEU Accuracy/ %
Qwen2.5 LoRA-Freeze RTX 8000 (48 GB) 0.85 93.4
LLama3.2 LoRA-Freeze RTX 8000 (48 GB) 0.78 88.3
DeepSeek R1 LoRA-Freeze RTX 8000 (48 GB) 0.81 90.7
Gemma3 LoRA-Freeze RTX 8000 (48 GB) 0.74 82.1
Mistral LoRA-Freeze RTX 8000 (48 GB) 0.77 83.3
Yi LoRA-Freeze RTX 8000 (48 GB) 0.69 75.7
LLava LoRA-Freeze RTX 8000 (48 GB) 0.67 73.6

Table 6 Performance of various base LLMs with “local-collaborative” fine-tuning (global knowledge)

Base LLM Fine-tune method Hard-ware environment BLEU Accuracy/ %
Qwen2.5 LoRA-Freeze RTX 8000 (48 GB) 0.79 89.3
L.L.aMa3.2 LoRA-Freeze RTX 8000 (48 GB) 0.70 83.1
DeepSeek R1 LoRA-Freeze RTX 8000 (48 GB) 0.74 84.3
Gemma3 LoRA-Freeze RTX 8000 (48 GB) 0.68 77.5
Mistral LoRA-Freeze RTX 8000 (48 GB) 0.63 71.4
Yi LoRA-Freeze RTX 8000 (48 GB) 0.66 75.9
LLava LoRA-Freeze RTX 8000 (48 GB) 0.58 68.2

4.2 Validation of effectiveness of “local-

collaborative” fine-tuning

In the knowledge modeling of complex industri-
al systems, the traditional single-stage fine-tuning
(LoRA-Only) method struggles to integrate frag-
mented local information into system-level global
cognition due to its lack of learning the implicit cou-
pling relationships between modules. This easily
leads to poor performance of the model when deal-
ing with system-level complex problems. Since glob-
al knowledge is crucial for integrating local informa-
tion, how to effectively utilize it to guide model
learning remains an unresolved challenge. An impor-
tant goal of the DCI-LLLM model is to address this
challenge. In this section, experiments are conduct-
ed to compare the performance of the single-stage
LoRA fine-tuned model (DCI-LLM-T) based sole-
ly on local module knowledge with the “local-collab-
orative” fine-tuned model (DCI-LLM) guided by
fused global knowledge in the global knowledge QA

task of heating system. This comparison aims to ver-

ify the necessity of global knowledge guidance for
the model to integrate fragmented module informa-
tion and improve reasoning ability, as well as the ef-
fectiveness of the “local-collaborative” fine-tuning
strategy in strengthening the model’ s global cogni-
tion of the system through the LoRA-Freeze method.

The proposed DCI-LLM model effectively in-
tegrates global and local knowledge through “collab-
orative” fine-tuning for improving accuracy of gener-
ated answers. We conduct experiments to verify the
performance of DCI-LLM-T, which only fine-tunes
local module knowledge through LoRA-Only, and
compare it with DCI-LLM, a LoRA-Freeze model
guided by global knowledge, in QA tasks of global
knowledge. The comparison results are shown in
Table 7. As can be seen from the table, DCI-LLLM-
T has a BLEU score of 0.37 and an accuracy rate of
52.4% , while DCI-LLM has these two indicators
increased to 0.79 and 89.3% respectively, showing
a significant performance improvement. The experi-
ments indicate that the “local-collaborative” fine-

tuning strategy, by incorporating local details in Lo~
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RA-Freeze fine-tuning and using global knowledge
to guide model learning, enables the model to cap-
ture implicit coupling relationships between mod-
ules, significantly improving its ability to under-
stand and generate global knowledge of industrial

systems. This verifies the effectiveness of the strate-

gy in enhancing the model’ s reasoning ability for
system knowledge. The core reason is that single-
stage local fine-tuning is difficult to integrate frag-
mented module information, while “local-collabora-
tive” fine-tuning achieves an upgrade in cognition

{from the module level to the system level.

Table 7 Evaluation of the effectiveness of the “local-collaborative” fine-tuning framework (global knowledge questions)

LLM Fine-tune method Knowledge BLEU Precision/ %
DCI-LLM-T LoRA-Only Local knowledge 0.37 52.4
DCI-LLM LoRA-Freeze Local and global knowledge 0.79 89.3
90

4.3 Comparison of fine-tuning performance be-

tween Local-Collaborative and LoRA -Only

In the knowledge modeling of complex industri-
al systems, global knowledge is crucial for enhanc-
ing the model’ s ability to handle system-level prob-
lems. The experiments in Section 4.2 have verified
that introducing global knowledge guidance im-
proves model performance. However, there may be
differences in the efficiency of utilizing global knowl-
edge between the two fine-tuning strategies, LLoRA-
Freeze and LoRA-Only. The former integrates in-
formation through a collaborative mechanism of “lo-
cal knowledge learning + global knowledge guid-
ance” , while the latter learns both local and global
knowledge in a single-stage manner. The purpose of
the experiments in this section is to compare their
performance in system-level QA tasks under the
premise that both strategies take global knowledge
guidance into account, with a focus on verifying
whether “local-collaborative” can achieve the same
answer accuracy as “LoRA-Only” with a smaller
amount of global data. This will reveal its advantag-
es in the efficiency of global knowledge utilization
and provide a basis for model fine-tuning with limit-
ed global data in industrial scenarios.

Fig.9 shows the performance comparison be-
tween the LLoRA single-stage fine-tuned model and
the “local-collaborative” fine-tuned model with glob-
al knowledge considered in both strategies. It can be
seen from Fig.9 that as the amount of global data in-
creases, both fine-tuning strategies gradually im-
prove in the accuracy of system-level question-an-

swering, with the overall performance of each mod-

Model precision / %
o0
(S

300 350 400 450 500 550 600 650 700
Knowledge volume (training data)
® LoRA-Only e Model to be improved e LoRA-Freeze
--- Current Gap — Required Improvement

Fig.9 Performance comparison of models with “LoRA-

Freeze” and “LLoRA-Only” fine-tuning framework

el showing an upward trend. More data help en-
hance model performance, while the model based
on “local-collaborative” fine-tuning requires a small-
er amount of knowledge compared with the “LLoRA-
Only” strategy, to achieve the same accuracy. This
result verifies that under the premise of including
global knowledge guidance in both methods, the
“local-collaborative” strategy is significantly superi-
or to “LoRA-Only” in terms of global knowledge
utilization efficiency, making it particularly suitable
for scenarios with limited data in industrial settings.
The reason is that “LoRA-Only” learns both local
and global knowledge simultaneously in a single
stage, which easily leads to knowledge confusion
and requires a large amount of data for repeated rein-
forcement to learn global patterns, resulting in low
efficiency in data utilization. In contrast, the “local-
collaborative” approach adopts a hierarchical learn-
ing method of “local first, then global”. Tt first
learns detailed module knowledge, and then specifi-
cally discovers the knowledge association between

local modules and the system, enabling it to accu-
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rately capture the core principles in global knowl-
edge. Thus, it establishes effective global cognition
even with limited data, giving the advantage of data

utilization efficiency.
4.4 Evaluation by professional designers

We expect DCI-LLM to be able to answer
common engineering design questions about heating
systems and provide professional opinions for engi-
neering designers. In addition, since BLEU has cer-
tain limitations in evaluating the professionalism of
model answers, it is necessary to conduct human
evaluation on the answers generated by DCI-LLM,
in term of applicability and professionalism. We in-
vited two professional engineers from a heating sys-
tem company to conduct ten rounds of dialogues
with DCI-LLM. The dialogues included global
knowledge questions and local knowledge ques-
tions, and the generated answers were manually
evaluated. Fig.10 shows the scoring results of the
two engineers on the answers generated by DCI-
LLM (with a scoring range of 0—10 points). It can
be seen that both engineers scored more than six
points in both applicability and professionalism indi-
cators, which proves that DCI-LLM has reached a
certain professional level in the dialogue tasks at the
current stage. This provides ideas for training more

professional industrial-level large language models

—_

Score
O~ NWAUANAI OO

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9IQ10
(a) Expert 1

—_

Score
O NWAUAJIOOD
.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9Q10
(b) Expert 2
Applicability Professionalism

Fig.10 Engineers’ ratings on the response of DCI-LLM in

terms of applicability and professionalism

in vertical fields. By fine-tuning general large lan-
guage models using processed professional text da-
ta, customized large language models for specific
engineering industries can be obtained, and their
cost 1s affordable for most small and medium-sized
enterprises.

4.5 Comparison with MLP-based expert sys-

tems

We constructed an MLP-based expert system
as a comparative baseline. The architecture of this
system was specifically optimized for the task of pre-
dicting heating system design parameters. It should
be noted that since the core parameter of the boiler
module 1s thermal load, this core parameter of the
boiler module is not involved in the training of the
multi-layer perceptron. Through comparative experi-
ments on test samples, significant differences were
observed between the two methods in terms of pre-
diction accuracy and output richness: Mean absolute
percentage errors (MAPEs) for the core parameters
of each module in the MLP system are as follows:
13.2%, 10.6%, 11.8%, 11.9%, 13.9%, respec-
tively. Comparison results are shown in Fig.11.

Traditional expert systems can only output
fixed parameter vectors without any explanatory
notes, essentially functioning as “black-box calcula-
tors” that require secondary interpretation. In con-
trast, DCI-LLM can output knowledge-rich solu-
tions in natural language, including principle expla-
nations and selection rationales, and directly drive
PyCAD scripts to generate engineering drawings.
This leap from “rigid data prediction” to “flexible
knowledge generation and delivery” enables DCI-
LLM to support conversational and iterative design
exploration, achieving end-to-end automation from
requirements to preliminary design deliverables and
fundamentally reshaping the human-machine collab-
orative design process. Therefore, DCI-LLLLM repre-
sents a higher level of automation direction—the au-
tomation of cognitive processes—filling a critical
gap in the full-process intelligence of traditional de-
sign tools. Information on LLILM versions, API end-

points and model checkpoints is shown in Table 8.
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Core parameter prediction results of the MLP module

Table 8 LLM version API endpoint and model checkpoint information

(c) Prediction result of pump flow rate

Model Version URL
Qwen Qwen2.5 https://github.com/QwenlLM/Qwen/tree/main/Qwen2.5
LLaMa LLaMa3.2 https://ai.meta.com/resources/models-and-libraries/llama-downloads/
DeepSeek DeepSeek R1 https://github.com/deepseek-ai/DeepSeek-R1
Gemma Gemma3 https://huggingface.co/google/gemma-7b
Mistral Mistral-7B-Instruct-v0.3 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
Yi Yi https://huggingface.co/liuhaotian/llava-v1.5-7b

4.6 A demo of heating system design

This section aims to demonstrate the applica-
tion of the entire large model system in complex en-
gineering system design through an actual scheme
design case in specific industrial scenarios, and veri-
fy whether it can effectively assist designers in com-
pleting the design process of engineering drawings
in real business scenarios. Specifically, through the
interaction between engineers and the system, the
accuracy of module recommendation by the model
under specific working conditions and the standard-
ization of automatic scheme drawing are evaluated
to verify the practicality and reliability of the DCI-
LLM system. This section uses a specific demon-
stration case to verify the performance of the model.
Fig.12 shows a QA demonstration for obtaining in-
ternal modules of the system. After consultation,

engineers got informed of which modules should be

selected for system scheme drawing under the cur-
rent working conditions, as well as knowledge such
as the design parameters of modules and the system.
Fig.13 shows the heating system diagram finally
drawn by the DCI-LLLLM model according to the con-
sultation results. Engineers only need to verify the
generated system engineering drawings manually.
This demonstration case shows that the proposed
DCI-LLM model automatically outputs the reason-
able module composition of the heating system and
the detailed engineering design drawings of the sys-
tem through interaction with system designers,
which improves the efficiency of system design, and
reduces design costs, thus significantly optimizing
the production workflow of enterprises. Table 9
presents the design parameters of the key compo-
nent modules predicted by DCI-LLM in the current

heating system.
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Input:

Please tell me, under the working conditions of a
heat load of 123 kW and a temperature difference &
of 10°, what kind of water pump module should

be selected, and what are its design parameters? Expert
Output:
Pump module 1 should be selected. Because 123 kW .

is greater than 120 kW and less than 240 kW, with a IEI
temperature difference of 10°, the pump flow rate is

30 m’/h--- DCI-LLM

Get number @
&—> @@ PyCAD/CAD

Fig.12 A QA case study for automatic design of the heat-

ing system

Fig.13 Final system engineering diagram after consultation

for the demonstration case

Table 9 Important module parameters of the demo of

heating system suggested by DCI-LLM

Module name Parameter value

BOI/kW 120
WP/(m*h ) 30
PHE/m’ 3.16
EWT/m’ 0.1
PSET/L 300
PSWR/(m*h ) 0.5

5 Conclusions

To assist the scheme design of complex modu-
lar engineering system, this paper proposes a large
model framework, DCI'LLM, by integrating pro-
fessional domain knowledge with downstream engi-
neering scenarios and imitating how engineers learn
the composition principles of complex systems. On

the basis of constructing system knowledge base, a

“local-collaborative” training method based on Lo-
RA fine-tuning technology is designed to fine-tune
the Qwen2.5-based industrial dialogue large model
that assists system engineering design, so as to ful-
fill the automatic design of complex modular sys-
tems. The performance of DCI-LLLLM is verified in
the scenario of heating system design, and it shows
certain accuracy in answering questions about mod-
ule details and global knowledge of heating sys-
tems, which verifies the performance of the pro-
posed large model framework. Compared with the
traditional LoRA single-stage fine-tuning, the pro-
posed “local-collaborative” fine-tuning method re-
quires a relatively smaller amount of knowledge on
heating system. In addition, with the help of the pro-
posed large model framework, engineers can gener-
ate heating system engineering drawings in one
stop, without the need to manually draw engineer-
ing diagrams. Our work provides a reference for au-
tomatic design of other complex systems in the in-
dustrial field.

Although DCI-LLLM has shown a certain pro-
fessional level in the experimental verification and
can answer some professional questions about heat-
ing systems, due to the incomplete and limited
amount of data used for fine-tuning training and the
fact that this work is still in the early stage of re-
search, the responses generated by the current DCI-
LLM model cannot be fully relied upon in practical
applications. We aim to improve the accuracy and
domain expertise of the responses generated by DCI-
LLM in future work, so that it can be deployed in
the downstream manufacturing industry of heating
systems. In the future, we will carry out the follow-
ing work to improve the performance of DCI-LLLLM:
(1) We will continuously conduct tests in the down-
stream industrial design stage, collect test results to
enrich scheme knowledge data; (2) we will use the
updated industrial scheme data to design a knowl-
edge graph, which is connected to DCI-LLM in the
form of an external knowledge base, so that DCI-
LLM can not only improve accuracy but also an-
swer questions about real-time updated professional

knowledge of new heating systems; (3) we will con-
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sider to include traditional machine learning or deep

learning models for predicting design parameters of

certain internal modules of heating systems, in or-

der to improve the generalization of DCI-LLM;

(4) the proposed method will be extended to con-

duct the automatic scheme design of complex modu-

lar systems in other industrial fields for enhancing

the production efficiency in broader industrial areas.
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