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ABSTRACT 
Data extraction and processing constitute the cornerstone of quantitative management and oper-
ational analysis in industrial process plants. However, most manufacturing facilities currently lack 
efficient data extraction systems, relying instead on engineers to manually write and execute da-
tabase queries, which is time-consuming, error-prone, and inflexible when handling diverse data 
formats or large-scale equipment networks. To address these limitations, this work presents a 
novel Large Language Model (LLM)-based intelligent framework designed for data extraction and 
basic data of industrial equipment. The system integrates natural language understanding capa-
bilities with process database schemas, enabling users to perform complex data queries and anal-
yses through natural language prompts. Specifically, it can perform data mining, time-dependent 
analyses, equipment comparisons, and cross-period performance evaluations when process in-
formation is provided. By integrating the process context, the system can further interpret the 
analysis results to suggest potential operational conditions or abnormalities occurring in the sys-
tem. Developed in collaboration with a process industry partner, the proposed system was evalu-
ated using six months of real-world operational data from 10 heat exchangers. Experimental re-
sults demonstrate that the framework achieves an extraction accuracy exceeding 99% in the 
online mode and ranging from 92% to 96% in the privacy-preserving offline mode, with a reduced 
retrieval latency of approximately 2.64 seconds for local inference. Unlike generic chatbots, this 
framework targets process-specific reasoning, acting as a cognitive assistant that empowers us-
ers to interact intelligently with industrial systems. The findings confirm that LLM-assisted extrac-
tion effectively addresses the rigidity and inefficiency of conventional approaches while maintain-
ing high reliability and scalability for industrial analytics. 
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INTRODUCTION 
The pace of digitalization across various industrial 

sectors has positioned Large Language Models (LLMs) as 
a transformative technology capable of driving funda-
mental changes in Process Systems Engineering (PSE) 
and manufacturing operations. Following the public re-
lease of ChatGPT by OpenAI in late 2022, LLMs have at-
tracted widespread attention due to their capabilities in 
comprehending, reasoning over, and generating sophis-
ticated natural language. When combined with comple-
mentary technologies such as external tools, databases, 

and domain-specific knowledge bases, these models en-
able novel research directions and practical applications 
across diverse domains. 

Nevertheless, the deployment of LLMs in industrial 
environments remains at an early stage and encounters 
considerable challenges. Process industries are charac-
terized by wide variations in unit operations, safety reg-
ulations, and exceptionally stringent requirements for re-
liability and precision; any erroneous prediction or misin-
terpreted analysis can result in severe economic losses, 
safety incidents, or environmental damage. One of the 
most prominent limitations of current LLMs is their ten-
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dency to produce “hallucinations, ” i.e., plausible-sound-
ing but factually incorrect or fabricated outputs. To coun-
teract this issue, researchers have explored several miti-
gation strategies, including fine-tuning on industry-spe-
cific datasets [1], retrieval-augmented generation (RAG) 
[2], integration with structured knowledge graphs for 
fact-checking and long-term contextual grounding, and 
hybrid neuro-symbolic approaches that combine lan-
guage models with deterministic reasoning engines. 

To date, most LLM-based research in process sys-
tems engineering and related fields has concentrated on 
qualitative and knowledge-intensive tasks, such as pro-
fessional question-answering systems, fault diagnosis 
support, process flowsheet generation, reaction mecha-
nism prediction, molecular or catalyst design assistance, 
and educational tools for thermodynamics or unit opera-
tions [3–6]. Notable examples include cognitive assis-
tants for troubleshooting in the textile industry using 
GPT-3.5 [3], in-context learning to support user queries 
[4], root-cause analysis in semiconductor fabrication [5] 
and multimodal reasoning frameworks such as PaLM-E 
[6].However, before moving to the reasoning and analy-
sis phase, it is essential to have a precise and flexible 
data extraction system. In most manufacturing facilities, 
there is a high daily demand for data extraction across 
various process parameters and timeframes. This neces-
sitates dynamic data retrieval and basic analyses, such 
as data anomaly detection and trendline identification. 
For now, contemporary LLMs are not inherently equipped 
to directly ingest or query large volumes of raw industrial 
time-series data stored in relational databases. Engi-
neers and operators must still rely on complex database 
systems that require advanced SQL proficiency or spe-
cialized software interfaces. This technical barrier signif-
icantly increases the time and effort needed for data ex-
traction, delays insight generation, and ultimately ham-
pers agile, data-informed decision-making on the plant 
floor. 

The present work seeks to close this gap by lever-
aging the natural-language understanding and genera-
tion strengths of LLMs to create intuitive interfaces be-
tween process engineers and industrial databases. Ra-
ther than requiring users to write structured queries or 
navigate rigid dashboards, the system allows practition-
ers to interact with operational data through ordinary 
conversational prompts. Specifically, We focus on the 
data extraction process for industrial equipment, select-
ing the heat exchanger as a primary case study with real 
industrial data.  

The objective of this research is therefore to enable 
process engineers, shift supervisors, and plant managers 
to perform complex data retrieval, trend analysis, cross-
unit comparisons, and basic performance diagnostics far 
more efficiently than with conventional methods, ulti-
mately improving real-time supervision, early anomaly 

detection, and overall production effectiveness. Moreo-
ver, the proposed system architecture is intentionally de-
signed to be modular and generalizable, offering a reus-
able framework that can be adapted to quantitative data 
challenges involving other unit operations (distillation 
columns, reactors, compressors, dryers, etc.). The prin-
cipal contributions of this study are as follows: 

1. Dual-Mode Architecture: A flexible system design 
that supports both an Online Mode (utilizing high-ca-
pacity cloud-based LLMs for superior reasoning 
depth) and an Offline Mode (local deployment of 
smaller open-source models to guarantee strict data 
privacy and control in sensitive industrial settings). 

2. Robust Prompt Engineering with Self-Correction: 
Specialized prompting strategies, including a closed-
loop self-correction mechanism for SQL generation, 
that substantially reduce hallucinations and improve 
reliability even when using resource-constrained lo-
cal LLMs. 

3. Systematic Decomposition of Complex Analytical 
Queries: A structured methodology that breaks down 
nested, multi-step, and interdependent engineering 
questions into simpler, sequentially solvable sub-
tasks, thereby enabling accurate handling of realistic, 
real-world process data analysis scenarios. 

METHODOLOGY AND SYSTEM 
FRAMEWORK 
System Architecture 

The overall system design prioritizes flexibility and 
adaptability through a dual-mode architecture that incor-
porates distinct Online and Offline modes. This approach 
effectively addresses the diverse requirements of indus-
trial applications, balancing high computational perfor-
mance against strict data privacy constraints while sup-
porting different data storage formats. Users can explic-
itly select the desired mode depending on their opera-
tional priorities and security policies. 

In the Online Mode, the system leverages cloud-
based APIs to access high-performance Large Language 
Models, such as GPT-4o. This configuration minimizes lo-
cal hardware requirements and takes full advantage of 
the model’s extensive 128k token context window, ena-
bling it to process highly complex instructions and main-
tain coherent, long-running conversational histories. By 
contrast, the Offline Mode is essential for industrial envi-
ronments that enforce strict data sovereignty and pro-
hibit any transmission of proprietary process data to ex-
ternal networks. In this mode, open-source Large Lan-
guage Models are deployed and executed entirely on lo-
cal workstations, ensuring complete isolation of sensitive 
information. However, local deployment is inherently lim-
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ited by available hardware resources. For example, a typ-
ical industrial workstation equipped with 16–32 GB of 
system RAM and a mid-to-high-end consumer GPU 
(providing 8–24 GB of VRAM) is generally restricted to 
running quantized 7B-parameter models (commonly 8-
bit quantization). While quantization enables feasible in-
ference on such hardware, it inevitably reduces reason-
ing depth and makes these models less capable of han-
dling complicated, multi-step prompt logic compared to 
their full-precision, cloud-based counterparts. 

To mitigate the performance disparity between the 
two modes, the system implements two complementary 
function-calling protocols: a JSON-based format and an 
SQL-based format. The JSON format supports rich, hier-
archical, and expressive function definitions with detailed 
parameters and intermediate reasoning steps, but it re-
quires strong semantic understanding and precise output 
formatting from the model. The SQL format, on the other 
hand, provides a more rigid, structured, and directive in-
terface that aligns closely with predefined database 
schemas, making it significantly easier for smaller-pa-
rameter local models to generate correct and executable 
statements. Accordingly, the system defaults to the flex-
ible JSON-based protocol in the high-performance 
Online Mode, while the Offline Mode defaults to the SQL-
based protocol to better match the capabilities of con-
strained local models. A fallback mechanism is integrated 
to automatically attempt the alternative protocol if the 
default fails (e.g., due to syntax errors, semantic misa-
lignment, or execution failure). Users also retain the abil-
ity to manually override the default and select their pre-
ferred processing method at runtime. The overall system 
architecture is illustrated in Figure 1 and is organized into 
three tightly integrated layers: 

1. Storage Layer: Manages the underlying operational 
data, supporting both lightweight SQLite databases 
for structured time-series records and Excel files for 
legacy or ad-hoc datasets commonly found in indus-
trial settings. 

2. Data Processing Layer: Acts as the central orches-
tration engine of the system (detailed in Figure 2). 
This layer receives natural-language queries, trans-
lates them into structured executable statements ac-
cording to the active mode and protocol, invokes the 
appropriate data retrieval and computation functions, 
processes the returned results, and generates co-
herent natural-language responses enriched with 
engineering context and derived insights. 

3. Presentation Layer: Serves as the user-facing inter-
face, enabling text query input, audio query input, 
mode selection and display of conversational history. 
This layer ensures intuitive interaction and full trace-
ability of the analytical process. 

This modular and layered design guarantees scalability, 

maintainability, and robustness, allowing the system to 
deliver efficient, personalized, and context-aware data 
analysis tailored to the complexities of real-world indus-
trial processes. 

 
Figure 1. The architecture of the system framework. 

 
Figure 2. The flowsheet of the Data Processing Layer. 

Prompt engineering 
In the domain of PSE, effectively bridging the gap 

between complex industrial queries and precise machine 
execution requires robust prompt engineering. Standard 
instructions often fail to capture the strict logical depend-
encies and engineering-specific constraints inherent in 
process parameters. To overcome this limitation, the pro-
posed system implements targeted prompting strategies 
designed to structure and guide the model's reasoning 
process in a manner that mirrors the systematic workflow 
of experienced process engineers. 

For complex analytical tasks, the system employs 
Chain-of-Thought (CoT) prompting [7], which compels 
the model to explicitly illustrate its intermediate reason-
ing steps before producing a final answer. For example, 
when diagnosing a potential heat transfer anomaly, the 
model is guided through a logical sequence such as: 1. 
Retrieve and verify inlet and outlet temperatures; 2. Cal-
culate the temperature difference; 3. Compare the result 
against predefined operational limits; 4. Identify any de-
viations and their possible implications. 

This step-by-step reasoning closely replicates the 
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diagnostic approach of a human process engineer, sig-
nificantly reducing logical errors in performance analysis, 
improving result reliability, and ensuring full transparency 
of the decision-making process for operators and super-
visors. 

In addition, the system utilizes Decomposed 
Prompting to effectively handle nested and interdepend-
ent engineering queries [8]—for instance, “Find the max-
imum temperature difference during the period of highest 
flow rate.” A single, monolithic prompt frequently con-
fuses the model in such cases due to the entangled de-
pendencies. To address this, the framework breaks the 
complex request into independent, sequentially solvable 
sub-tasks. In the above example, the system first in-
structs the model to: “Identify the time period during 
which the flow rate reaches its maximum value.” The out-
put of this sub-task (the identified time window) is then 
passed as a precise constraint to the subsequent prompt: 
“Within the identified time period, compute the maximum 
temperature difference across the heat exchanger.”  

By isolating each engineering sub-task and enforc-
ing sequential dependency, the system achieves high ac-
curacy for individual variables before synthesizing them 
into a final, comprehensive report. This decomposition 
strategy proves particularly effective for managing the 
intricate, interdependent data relationships that are char-
acteristic of chemical process operations. 

Dual-Mode Strategy 
The framework adopts a dual-mode strategy that 

tailors the data retrieval and execution mechanism to the 
specific inferential capabilities and constraints of the un-
derlying language model. In the Online Mode, the system 
employs a JSON-formatted function-calling protocol op-
timized for high-performance cloud-based models. This 
structured format is inherently well-suited to Chain-of-
Thought architectures, as it enables reasoning steps and 
intermediate results to be explicitly encapsulated within 
distinct key-value pairs. By mapping logical sub-steps to 
clearly defined JSON fields, the schema enforces sys-
tematic decomposition of complex industrial queries into 
discrete, interpretable units, greatly enhancing both the 
precision of the analysis and the transparency of the rea-
soning trace. Moreover, a specialized placeholder mech-
anism allows the output of one function call to be directly 
passed as input to a subsequent operation, thereby sup-
porting the multi-hop reasoning required to resolve 
deeply nested engineering questions. The detailed pat-
ten is shown on the Figure 3. 

Conversely, the Offline Mode relies on a SQL-based 
approach, which provides a more rigid and prescriptive 
structural framework better aligned with the syntactic 
and reasoning limitations of smaller, locally deployed 
models. Because local models frequently struggle with 

precise SQL syntax generation, especially under quanti-
zation and memory constraints, the system incorporates 
a robust self-correction mechanism (illustrated in Figure 
4). When an initial SQL query fails to execute successfully 
against the database, the system automatically captures 
the exact error message returned by the SQLite engine 
and feeds it back to the model together with the original 
invalid query and the user’s natural-language intent. This 
closed-loop feedback enables iterative refinement: the 
model is explicitly instructed to focus solely on correcting 
syntax and schema errors while preserving the analytical 
objective. The process repeats until a valid, executable 
SQL statement is produced or a predefined maximum 
number of correction attempts is reached. This mecha-
nism substantially increases reliability in resource-con-
strained environments, ensuring dependable data re-
trieval even when using 7B-parameter models with lim-
ited reasoning depth. 

 
Figure 3. An example of how to map sub-steps via 
function calling. The second function takes the output of 
the first function and utilizes a placeholder during the 
return process, which is then executed by the code to 
replace the placeholder with the actual value. 
 

 
Figure 4. Framework design for SQL-based data analysis. 

System Interface 
The user interface is carefully engineered to deliver 

an intuitive, efficient, and accessible experience for in-
dustrial operators, engineers, and managers. It is imple-
mented as a desktop application using the Qt framework 
and Python, providing a robust and cross-platform pri-
mary interaction point for the system. 

A key design goal is to enable seamless mode 

{ "Action": <Function Name 1>,
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Error message

fail

Online/Offline
LLM

Online/Offline
LLM

User query

Prompt for SQL-based method

Data
execute

result Online/Offline
LLM

Analysed result

SQL
extraction

SQLite database

Error executed prompt

User query

Prompt for analysis



 

Chen et al. / LAPSE:2026.0532 Syst Control Trans 5:2622-2630 (2026) 2626  

switching: users can toggle between Online and Offline 
computation modes directly from the main interface, de-
pending on immediate operational needs, such as priori-
tizing maximum reasoning capability in non-sensitive set-
tings or enforcing strict data sovereignty during critical 
production periods. To accommodate diverse working 
environments (e.g., noisy control rooms, hands-free op-
eration, or office-based analysis), the interface supports 
dual-channel input methods: standard keyboard-based 
text entry for precise query formulation, and voice input 
powered by the Whisper automatic speech recognition 
model, allowing operators to issue natural-language 
commands hands-free while monitoring equipment or 
performing field tasks. The resulting interface is illus-
trated in Figure 5. 

The interface maintains a persistent, scrollable 
chat-style history that displays both user queries and the 
system’s full responses in chronological order. This con-
versational log preserves context across extended ana-
lytical sessions, enables users to revisit earlier results, 
and supports verifying of the interaction flow—an im-
portant requirement for traceability and validation in in-
dustrial decision-making processes. To further enhance 
system robustness, the interface is equipped with error-
handling capabilities that automatically detect out-of-
scope queries and provide corrective prompts to users. 

 
Figure 5. The interface of the data extraction system. 
This figure shows an example of the system's error-
handling capability when encountering an out-of-bounds 
timeframe request.  

INDUSTRIAL CASE STUDY: HEAT 
EXCHANGER PROCESS DATA  
Dataset 

The proposed system was rigorously validated us-
ing a comprehensive, real-world operational dataset ob-
tained through close collaboration with a plant in process 

industries. The dataset spans six consecutive months of 
continuous production records and covers ten distinct 
shell-and-tube heat exchanger units operating under 
typical plant conditions. The dataset integrates key 
measured thermodynamic and process parameters, in-
cluding: Inlet and outlet temperatures (hot and cold 
streams), Mass flow rates of both process fluids, Derived 
performance indicators, such as the Overall Heat Trans-
fer Coefficient (U) and Logarithmic Mean Temperature 
Difference (LMTD). 

All records are stored in a structured relational da-
tabase environment (SQLite) designed to faithfully repli-
cate the schema and access patterns of a standard in-
dustrial information management system. This setup en-
sures that evaluation results reflect realistic query exe-
cution behavior encountered in actual process plants. To 
guarantee reproducible and representative performance 
measurements for the Offline Mode under practical hard-
ware constraints, all local inference experiments were 
conducted on a high-end workstation equipped with an 
NVIDIA RTX 5090 GPU (32 GB VRAM) and sufficient sys-
tem RAM to support quantized 7B-parameter models 
without excessive swapping. This configuration repre-
sents a realistic upper bound for on-premises deploy-
ment in many industrial facilities as of 2026. 

To systematically assess the system’s natural-lan-
guage understanding, logical reasoning, and data extrac-
tion accuracy, a dedicated benchmark dataset was con-
structed comprising 300 natural-language queries. 
These queries were carefully stratified into three com-
plexity categories, with 100 queries per category, to 
probe different aspects of model capability: 

1. Simple queries: Direct, single-parameter retrieval 
tasks (e.g., “What is the average cold-side outlet 
temperature for exchanger E35112 during January?”). 

2. Parallel queries: Requests that require simultaneous 
extraction and reporting of multiple independent pa-
rameters without interdependency (e.g., “Report the 
average flow rate, inlet temperature, and overall heat 
transfer coefficient for unit E35142 over the past 
month.”). 

3. Nested queries: Multi-step reasoning tasks in which 
the result of one computation serves as a constraint 
or input for a subsequent operation (e.g., “Count the 
days in January where the UA for E35112 is greater 
than the average.”). 

 This stratified benchmark provides a robust and com-
prehensive framework for evaluating not only overall ex-
traction accuracy and inference latency, but also the ef-
fectiveness of the self-correction mechanism and error-
handling behavior across varying levels of analytical dif-
ficulty. 

 Conversational Examples 
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To evaluate the practical utility of the model, we uti-
lized the aforementioned benchmark dataset consisting 
of 300 test cases, which are categorized into simple, par-
allel, and nested queries. Our system is designed to sup-
port four core operational capabilities that are essential 
for plant personnel to flexibly extract and analyze data: 
data retrieval, trend analysis, cross-unit comparisons, 
and basic performance diagnostics. Focusing on these 
four practical aspects, we conducted a series of case 
studies. The representative conversational interactions 
between the user and the system are illustrated in Fig-
ures 6, 7, 8 and 9.  
1. Data Retrieval: This foundational capability enables 

users to extract specific historical or real-time pro-
cess parameters without requiring knowledge of da-
tabase structures or query languages. Shift supervi-
sors can quickly obtain current operating values for 
critical equipment, while process engineers can re-
trieve statistical summaries such as averages, max-
ima, or cumulative totals over custom time windows. 
Beyond simple lookups, the system supports condi-
tional queries (e.g., periods where a parameter ex-
ceeded a threshold) and arithmetic combinations of 
multiple variables, allowing users to perform ad-hoc 
calculations on the fly. By transforming manual, er-
ror-prone reporting into instantaneous, on-demand 
access, this capability accelerates routine monitoring, 
daily reporting, and troubleshooting investigations. 

2. Trend Analysis: Beyond single-point extraction, the 
system allows users to examine how process varia-
bles evolve over time. Operators can identify gradual 
performance drifts such as fouling trends in heat ex-
changers by querying time-series patterns of key in-
dicators like overall heat transfer coefficient or tem-
perature differentials. Engineers can analyze cyclical 
behaviors (e.g., daily or batch cycles) or compare 
distinct operational phases (e.g., before and after 
maintenance, or across different feedstock grades) 
to assess intervention effectiveness. The system can 
also compute rates of change, detect monotonic 
trends, and flag sustained deviations from baseline 
behavior. This capability supports proactive deci-
sion-making by transforming raw time-series data 
into actionable insights about process stability, 
equipment degradation, and long-term performance 
trajectories. 

3. Cross-Unit Comparisons: To support system-level 
oversight, the system enables simultaneous evalua-
tion of performance across multiple equipment units. 
Process engineers can benchmark the efficiency of 
parallel units to identify underperforming assets, val-
idate consistency across identical process lines, or 
assess the impact of differing maintenance sched-

ules. Plant managers may request comparative sum-
maries such as top-performing units by efficiency or 
units with the highest deviation from setpoints to pri-
oritize maintenance activities and allocate resources 
effectively. The system can also aggregate data 
across groups of units (e.g., all exchangers in a spe-
cific area) to provide fleet-level statistics. By ab-
stracting the complexity of multi-table joins and con-
ditional aggregations, this capability facilitates holis-
tic monitoring and supports data-driven decisions 
about equipment utilization, operational parity, and 
capital planning. 

4. Basic Performance Diagnostics: As a practical exten-
sion of data extraction, the system provides prelimi-
nary diagnostic support through univariate anomaly 
detection. Operators can swiftly identify when a 
measured parameter deviates beyond established 
statistical thresholds (e.g., three-standard-deviation 
limits), flagging potential malfunctions without re-
quiring advanced analytical training. Engineers can 
investigate the timing, duration, and magnitude of 
such deviations to correlate them with external 
events, operational changes, or emerging fault pat-
terns. The system can also highlight recurring anom-
alies across multiple units or time periods, helping to 
prioritize deeper root-cause analysis. While not a 
substitute for detailed modeling, this capability 
serves as an effective tool, enabling rapid detection 
of abnormal conditions and focusing expert attention 
on areas most likely to require intervention. 

Together, these four capabilities exemplified in the rep-
resentative conversational interactions shown in Figures 
6 (data retrieval), 7 (trend analysis), 8 (cross-unit com-
parisons), and 9 (basic performance diagnostics) demon-
strate how the system bridges the gap between complex 
industrial data stores and the diverse informational needs 
of plant personnel, enabling more agile, informed, and 
collaborative operational decision-making. 

RESULTS AND DISCUSSION 
Performance Evaluation 

We conducted tests in both online and offline modes 
to verify the system's robustness across different opera-
tional scenarios. For this evaluation, two primary metrics 
were established: Execution Accuracy and Inference La-
tency. Accuracy is emphasized as the paramount indica-
tor, given that in safety-intensive process industries, any 
hallucination or incorrect data retrieval can lead to flawed 
decision-making and potential operational hazards. 
Meanwhile, Inference Latency is critical to assessing the 
system's viability for real-time interaction, particularly 
when deployed on resource-constrained local hardware 
for immediate anomaly detection. 
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Figure 6. Dialog example of Data Retrieval. 

 
Figure 7. Dialog example of Trend Analysis. 

 
Figure 8. Dialog example of Cross-Unit Comparisons. 

 
Figure 9. Dialog example of Basic Performance Diagnos-
tics. 

To have a more quantitative result, A benchmarking 
was conducted across Simple, Parallel, and Nested query 
categories. As detailed in Tables 1 and 2, the Online Mode 
achieved near-perfect accuracy, exceeding 99% across 
all query types. This superior generalization is attributed 
to the high-parameter count of the cloud model, which 
effortlessly managed complex nested logic. However, 
this high fidelity involved a latency trade-off, with aver-
age response times ranging from 3.90s to 5.09s due to 
network overhead. Conversely, the Offline Mode deliv-
ered commendable performance, with accuracy rates 
ranging from 92% for simple queries to 96% for parallel 

queries. Notably, the local deployment significantly out-
performed the online configuration in processing speed, 
averaging an inference time of 2.64s for simple tasks. 
This characteristic makes the Offline Mode highly suita-
ble for time-sensitive edge applications where data pri-
vacy and rapid response are paramount. The primary 
sources of error in the offline setting were identified as 
minor formatting inconsistencies and occasional param-
eter hallucinations (e.g., incorrect column name genera-
tion), which the self-correction mechanism largely miti-
gated but did not entirely eliminate. 

Table 1: Evaluation results across various query catego-
ries in Online Mode. 

Dataset Accuracy Average time 
cost 

Simple question % s 
Parallel ques-
tion 

%  s 

Nested ques-
tion 

% s 

Table 2: Evaluation results across various query catego-
ries in Offline Mode. 

Dataset Accuracy Average time 
cost 

Simple question % s 
Parallel ques-
tion 

%  s 

Nested ques-
tion 

% s 

 
Furthermore, to scientifically validate the contribu-

tion of specific prompt engineering components, an ab-
lation study was performed using the Online Mode as a 
baseline. The results, presented in Table 3, demonstrate 
that the full prompt configuration yields the optimal bal-
ance of precision and efficiency. 

1. Chain-of-Thought Guidance: Removing CoT resulted 
in a moderate increase in inference time (approx. 
60%) and a marginal dip in accuracy. This suggests 
that explicit reasoning steps are crucial for stream-
lining the model's internal logical processing. 

2. Few-Shot Examples: The removal of few-shot 
demonstrations led to catastrophic performance loss, 
especially for Nested queries where accuracy hit 0%. 
This confirms that few-shot examples are essential 
for teaching the complex JSON schemas required for 
multi-hop reasoning. 

3. Rules and Constraints: While removing explicit con-
straints did not severely impact accuracy, it signifi-
cantly increased latency. Without predefined bound-
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aries, the model required more iterative "thought" cy-
cles to arrive at the correct structured output.  

Comparison with Generic Frameworks 
To further validate the necessity of the proposed 

specialized architecture, a benchmarking study was con-
ducted against LangChain [9], a widely adopted frame-
work for building LLM applications. To ensure a fair com-
parison, the generic framework was evaluated under 
identical hardware constraints using the same Mistral-7B 
model deployed in the Offline Mode. The comparative 
analysis reveals that the proposed direct-calling frame-
work significantly outperforms the generic LangChain im-
plementation in both execution accuracy and inference 
efficiency. 

Initial experiments utilizing LangChain’s default SQL 
chain resulted in a critical failure to generate valid exe-
cutable queries, yielding a 0% accuracy rate across all 
test categories (Table 4). This failure was primarily driven 
by dialect mismatches, where the generic prompts de-
faulted to standard SQL syntax incompatible with the 
strict requirements of the local SQLite environment. Ad-
ditionally, the generic approach induced frequent 
schema hallucinations, where the model attempted to 
query non-existent columns or functions prohibited by 
the local schema definition. 

To isolate the impact of prompt quality, the robust, 
optimized prompts developed for our system were sub-
sequently injected into the LangChain pipeline. Despite 
this enhancement, performance remained significantly 
suboptimal, with accuracy rates failing to exceed 50% 
even for simple queries (Table 5). This persistent perfor-
mance gap suggests that LangChain’s internal abstrac-
tion layers—which often encapsulate user instructions 
within generic system roles or append significant token 

overhead—tend to dilute the strict instruction adherence 
required by smaller, parameter-constrained local models. 
In contrast, our proposed framework’s direct "Genera-
tion-Correction" loop provides the fine-grained control 
necessary to enforce syntax constraints on 7B-parame-
ter models. 

Table 4: Evaluation results based on the LangChain 
framework using its default SQL prompt templates. 

Dataset Accuracy Average time 
cost 

Simple question % s 
Parallel ques-
tion 

%  s 

Nested ques-
tion 

% s 

Table 5: Evaluation results based on the LangChain 
framework using self-designed prompts. 

Dataset Accuracy Average time 
cost 

Simple question % s 
Parallel ques-
tion 

%  s 

Nested ques-
tion 

% s 

Furthermore, regarding computational efficiency, 
the LangChain implementation demonstrated an average 
inference latency approximately 50% higher than our 
custom framework. These results underscore that while 
generic frameworks aid rapid prototyping, specialized in-
dustrial edge applications necessitate the bespoke opti-
mization presented here to ensure reliability and real-
time performance. 

Table 3: Ablation study results quantifying the individual contributions of Chain-of-Thought (CoT), Few-Shot 
prompting, and Constraints to the system's overall performance in Online Mode. 

Prompt con-
fig 

Question 
Type Accuracy Format 

Acc 
Function 
Acc Time Acc Parameter 

Acc 
Average 
time cost 

Full prompt 
Simple % % % % % s 
Parallel % % % % % s 
Nested % % % % % s 

w/o CoT 
Simple % % % % % s 
Parallel % % % % % s 
Nested % % % % % s 

w/o 
Few-Shot 

Simple % % % % % s 
Parallel % % % % % s 
Nested % % % % % s 

w/o Rules 
Simple % % % % % s 
Parallel % % % % % s 
Nested % % % % % s 
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CONCLUSIONS 
This study addresses the critical bottleneck of man-

ual data extraction in process industries by introducing a 
novel, LLM-based Intelligent Analysis System specifically 
tailored for heat exchanger. Through a flexible Dual-
Mode Architecture, the proposed framework effectively 
resolves the trade-off between complex reasoning capa-
bilities and strict data privacy requirements. 

The Online Mode, leveraging JSON-based Chain-of-
Thought prompting, demonstrated exceptional fidelity in 
handling nested engineering queries, achieving over 99% 
accuracy. Conversely, the Offline Mode ensured com-
plete data sovereignty while delivering reliable perfor-
mance (92–96% accuracy) and superior real-time re-
sponse (~2.64s). This was achieved through a special-
ized SQL "Generation-Correction" mechanism designed 
to mitigate the hallucinations common in smaller local 
models. Furthermore, comparative benchmarking against 
LangChain confirmed the necessity of this specialized ar-
chitecture, as the proposed system significantly outper-
formed the generic framework in both syntax validity and 
inference efficiency under identical hardware constraints. 

Beyond immediate technical performance, this work 
has broader implications for the democratization of in-
dustrial data analytics within the context of Industry 5.0. 
By abstracting complex database interactions into intui-
tive natural language, the system serves as a domain-
specific cognitive assistant that significantly lowers the 
technical barrier for process engineers and operators. 
This capability not only facilitates efficient knowledge 
transfer and workforce empowerment but also bridges 
the critical gap between raw operational data and action-
able decision-making. Ultimately, this framework pro-
vides a scalable foundation for human-AI collaboration, 
paving the way for future integration with digital twins 
and autonomous anomaly detection systems across the 
process industry. 
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