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A B S T R A C T

Fire science knowledge is fundamental to fire science education and the subsequent learning and practicing fire 
protection engineering. The fragmented knowledge and time-consuming information retrieval make it difficult to 
obtain reliable answers in time, which seriously affects learning and practical application. To address this 
challenge, this study builds an expert-level fire domain knowledge model, FireSeek-Sci, based on the advanced 
pretrained large language model (LLM). Firstly, a specific fire domain-knowledge (FDK) database was established 
covering key areas, including fundamentals of combustion, fire dynamics, fire protection engineering, etc., 
organized in 6750 Q&A pairs. Secondly, the base LLM was fine-tuned using FDK and achieved significant im
provements with over 30 points in generative semantic accuracy. Thirdly, retrieval augmented generation (RAG) 
technology was further embedded with the fine-tuned fire-specific LLM, further enhancing the accuracy and 
richness of the generated corpus over 69 %. Based on these developments, an LLM-powered fire science 
knowledge chatbot named FireSeek-Sci was deployed within a user-friendly web interface. Internal testing with 
participants demonstrated positive evaluations, with an overall satisfaction score of 3.3 (1–5 scale) and 83 % of 
participants expressing willingness to use the chatbot again. To further evaluate its engineering applicability, 
FireSeek-Sci was applied in illustrative case studies to interpret AI-generated simulation outputs into natural- 
language safety assessments and recommendations, which showed good quantitative grounding, consistent 
reasoning, and responses that were closer to practical fire engineering judgment. In conclusion, FireSeek-Sci has 
strong potential as an intelligent assistant for fire science education, research, and building safety applications on 
fire risk and emergency management.

1. Introduction

Fire science knowledge referring to the basic theories about fire and 
combustion behavior and firefighting protection, is fundamental in fire 
science education and advancing the application of technologies in fire 
safety and engineering (Chen et al., 2026; Quintiere, 2006; Society of 
Fire Protection Engineers, 2016), including fire modelling (Merci and 
Beji, 2022), fire protection systems (Zeng et al., 2025), structural 
design (Buchanan and Abu, 2016), wildfire risk (Chen et al., 2024), 
firefighting strategies (Huang and Tam, 2024), etc. Research and 
development of fire science for the researchers and engineers highly rely 
on the multi-source knowledge database. Existing related simulation 

software, e.g., Fire Dynamics Simulator (FDS) (McGrattan et al., 2021) 
and Pathfinder (Lu et al., 2026a) can assist newcomers in quickly per
forming fire modeling and calculations. However, a thorough under
standing of the underlying principles of the simulation software requires 
substantial knowledge such as fluid mechanics (Merci and Beji, 2022), 
numerical methods, and fire dynamics (Quintiere, 2006), which makes 
the learning process considerably steep. However, the ever-increasing 
formats and amounts of literature have caused challenges in efficiently 
learning, retrieving, and synthesizing these domain-specific knowledge.

Although the development of the internet search engines (i.e., Goo
gle, Baidu) and scientific databases (i.e., Google Scholar, Web of Sci
ence, CNKI) has greatly expanded access to information (Mettrop and 
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Nieuwenhuysen, 2001), retrieving relevant fire science knowledge re
mains challenging. Such difficulties arise because professional infor
mation is often fragmented across journal papers, technical standards, 
numerical simulation manuals, and other user guides of some specific 
fire services systems (Bromann, 2001; Nolan, 2011). Traditional search 
engines rely heavily on keyword matching but overlook semantically 
related content, making the search results unclear and inaccurate. 
Moreover, the burden of reviewing and understanding large volumes of 
these search results still falls on students, researchers and engineers, 
causing huge time costs and learning troubles. These limitations become 
particularly severe in cross-disciplinary knowledge, for example, 
studying wildland urban interface (WUI) fire (Chen et al., 2024; Huang 
et al., 2026; Ramesh et al., 2025) requires mastering wildfire spreading, 
heat transfer principles, and structural fire response, which requires 
much higher efficiency and quality of knowledge retrieval and inte
gration. Hence, even in the era of digital information, efficient and ac
curate retrieval of fire science knowledge remains a significant challenge 
for related students, researchers, and engineers (Xiong et al., 2024), 
requiring a higher-tech knowledge search engine to address this issue.

Recent advances in large language models (LLMs) (Zheng et al., 
2024) have demonstrated remarkable capabilities in natural language 
understanding (Tao et al., 2026), semantic search, and scientific 
reasoning (Jin, 2025). Therefore, LLM-powered chatbots have emerged 
as a promising solution to the limitations of conventional search en
gines. Unlike keyword-based retrieval systems, such chatbots can 
interpret user queries at the semantic level and generate integrated re
sponses by synthesizing information from multiple sources, thereby 
addressing the issues of fragmented and sometimes inaccurate search 
results. However, their direct application in fire science poses chal
lenges: generic LLMs often lack domain-specific knowledge, may 
generate hallucinations, and are not optimized for scientific accuracy. 
Previous research (Hostetter et al., 2024) has highlighted the potential 
for current general LLMs (i.e., OpenAI’s ChatGPT and Google’s Bard) to 
revolutionize fire engineering practices by providing instant answers to 
general fire science questions (i.e., “What is fire engineering?” and 
“Explain the process of fire growth in a compartment”). However, the 
accuracy and stability of pre-trained general LLMs cannot be satisfied in 
most specific and professional fire knowledge and fire protection stan
dards (i.e., “Equation of the Grashof number”, and “Design value of fire 
load in residentials in building standards”). Moreover, the hallucination 
problem (Farquhar et al., 2024) of LLMs is also serious, as they easily 
generate answers that appear to be correct and logical but are actually 
completely unreasonable statements. Too much misinformation may 
mislead firefighters’ actions and decrease users’ trust in LLMs-powered 
chatbots (Ji et al., 2023). In addition, proprietary LLMs such as GPT-4 
and GPT-5 can only be accessed through APIs, which do not guarantee 
data privacy in future applications on sensitive fire accident in
vestigations. However, the open-source LLMs (i.e., Llama and Qwen) 
may fail to achieve satisfactory results due to a lack of sufficient fire 
science knowledge.

Although domain-specific LLMs have been successfully developed for 
fields such as medicine (Thirunavukarasu et al., 2023), law (Ma et al., 
2025), building and civil engineering (Cui et al., 2026; Dong et al., 
2025; Kampelopoulos et al., 2025), directly transferring these ap
proaches to fire engineering remains challenging. Fire engineering 
knowledge is highly heterogeneous, spanning fire dynamics, combustion 
science, structural fire engineering, evacuation, wildfire, and fire pro
tection regulations. In addition, authoritative knowledge is distributed 
across textbooks, technical standards, engineering guidelines, and 
research literature with diverse formats and update cycles. Since fire 
engineering is a safety-critical discipline, inaccurate or hallucinated 
responses may lead to inappropriate engineering decisions or safety 
risks. These characteristics impose substantially higher requirements on 
factual accuracy, knowledge grounding, and domain adaptation than 
those encountered in many general-purpose question-answering appli
cations. These limitations indicate that a fire-domain LLM is required. 

The key question becomes how to build it: training a brand-new LLM 
from scratch or enabling an existing one to acquire fire knowledge. 
Training a new LLM from scratch would require billions of tokens and 
large-scale GPU clusters, making it impractical for most fire research 
teams. In contrast, fine-tuning an existing open-source LLM enables 
efficient domain knowledge injection at a small fraction of the cost, 
while preserving the model’s general linguistic and reasoning abilities 
(Lu et al., 2026a).

In addition, although recent advances in artificial intelligence and 
physics-based simulation have significantly improved the ability to 
predict fire development in complex infrastructure environments 
(Zhang et al., 2021, 2024), most existing fire prediction models and 
engineering tools (Zeng et al., 2025) primarily output raw physical pa
rameters, such as heat release rate (HRR) (Wang et al., 2022) and 
temperature field distributions (Cheung et al., 2025; Xie et al., 2025). 
While these quantitative outputs provide valuable information for fire 
safety analysis, their engineering interpretation often requires substan
tial expertise, time, and cognitive effort from fire engineers, emergency 
responders, or infrastructure operators. In practical fire emergencies, 
decision-makers are frequently required to assess fire severity, smoke 
spread, occupant tenability, and evacuation risks within a very limited 
time window (Xie et al., 2026; Zhang et al., 2023). Under such condi
tions, directly interpreting multiple evolving physical indicators and 
translating them into actionable safety decisions can be both challenging 
and error-prone.

This limitation highlights an important gap between fire forecast and 
engineering decision-making. Existing AI prediction models can esti
mate what is happening in a fire scenario, but they typically cannot explain 
what these predictions mean for occupant safety, evacuation feasibility, or 
emergency intervention (Deng et al., 2026). As a result, the burden of 
transforming numerical predictions into engineering judgments still 
largely depends on human expertise. Although existing LLM-based en
gineering decision-support systems (Lu et al., 2026b; Xie et al., 2026) 
have demonstrated promising capabilities in assisting engineering 
analysis, most of these systems rely heavily on commercial large lan
guage model APIs (e.g., GPT-based services), resulting in relatively high 
deployment costs and potential concerns regarding data privacy. To this 
end, the professional fire science LLMs can be used to translate the 
predicted physical parameters to easy-understanding condition expla
nation and safety optimalization recommendations, but the related 
products or studies are still limited.

Based on this strategy, we further develop FireSeek-Sci, A fire science 
knowledge question-answering system based on the light-weight pre- 
trained foundation LLMs (Qwen2.5 1.5B and 3B versions) that integrates 
the fine-tuned fire domain knowledge model with retrieval-augmented 
generation (RAG), enabling semantic-level interaction with fire safety 
literature and standards. The goal of FireSeek-Sci is to improve acces
sibility, usability, and learning efficiency of fire science education for 
both researchers and practitioners, and to lay the foundation for future 
fire-domain LLM development. In addition to educational applications, 
FireSeek-Sci is further evaluated in fire and evacuation safety scenarios, 
where it can assist in interpreting AI-generated simulation results and 
translating engineering parameters into actionable safety insights for 
emergency decision-making.

Above all, the main contributions of this study are as follows, 

(1) Fine-tuned a domain-specific LLM for fire science education using 
authoritative textbook.

(2) Developed a fire science chatbot for intuitive learning in
teractions between learners and LLM.

(3) Integrated RAG from external fire safety knowledge for more 
reliable and scientific answers.

(4) Enabled interpretating smart building simulation results to un
derstandable safety assessments.
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2. Methodology

2.1. Fire Domain-Knowledge (FDK) dataset

The domain-knowledge dataset plays a critical role as the textbook 
and learning documents for the LLM training. In this work, the domain- 
knowledge dataset is original from the famous SFPE Handbook for Fire 
Protection Engineering (Society of Fire Protection Engineers, 2016), 
which is regarded as the Bible for fire engineers. This book provides a 
detailed introduction to the current best practices and knowledge in fire 
protection engineering and fire safety science as one of the most 
authoritative and definitive references in this domain. The book con
tains 90 chapters contributed by over 130 outstanding and experienced 
engineers and researchers from universities and professional organiza
tions all over the world. The contents of this book cover fundamentals of 
combustion and fire science (e.g., Introduction of fluid mechanics, Heat 
transfer), fire dynamics (e.g., Compartment fire modeling, Fire load 
density), fire evacuation (e.g., Egress concepts and design approaches, 
Human behavior in Fire), and fire risks (e.g., Building fire risk analysis, 
Fire Risk in Mass Transportation), etc. While the SFPE handbook serves 
as the fundamental and general baseline for FireSeek-Sci fine-tuning, its 
answer generation originates from a single knowledge database, which 
limits its ability to solve more region-specific problems across different 
standards and codes. To address this limitation, the system also includes 
other important and granular documents, e.g., Eurocodes as a supple
mentary knowledge base in RAG parts (detailed in Section 2.3).

Pre-training and fine-tuning large language models require to format 
the raw text from the PDF file into machine-interpretable structures. 
This work aims to develop a fire knowledge Q&A chatbot, so the dataset 
must comply with a standardized question–answer pair format, using 
the Alpaca dataset (Taori et al., 2023) as the dataset template. The 
dataset generation process is shown in Fig. 1. In Step 1, the PDF file of 
the SFPE Handbook was split into 90 sub-files according to the chapters 
for subsequent lightweight processing of the raw text data. In Step 2, 
each PDF file was input into the ChatGPT-4 to generate and clean the 
Q&A pairs. ChatGPT-4 can help to understand the text content, generate 
related follow-up questions, and extract corresponding answers from the 
raw text, according to the inputted prompt “Please create 5 long, complete, 
unique Q&A pairs about according to the PDF file. The answers should be the 
original paragraph or sentence in the PDF file and cover the whole perspec
tives”. Due to the limitations of the token length of ChatGPT-4, the size of 
each uploaded PDF file cannot be so large. Therefore, we will split the 
large PDF file into many small files first. Each PDF can generate up to 25 
Q&A pairs, resulting in a total of 2250 pairs.

After that, all generated Q&A pairs have been carefully reviewed by 
three domain experts, each holding a professorship or senior engineer
ing position in fire safety science and combustion science during the 

dataset collection process. All three experts independently reviewed the 
full set of generated QA pairs, evaluating each item based on their 
professional expertise and domain knowledge. The review process 
focused on verifying the accuracy, consistency, and domain relevance of 
the generated content, and whether the corresponding answer was 
factually correct and consistent with established fire safety and com
bustion science principles. No formal written review protocol or scoring 
rubric was used; assessments relied on the reviewers' individual expert 
judgment. Any ambiguous or incorrect entries were revised or removed 
to ensure the overall quality and reliability of the dataset. After data 
review and cleaning, the total data pairs decrease to 2238. Thirdly, all 
the questions were rephrased into two alternative forms while keeping 
the meaning and answers unchanged, so that 2238 pairs were 
augmented to 6714 pairs. Specifically, only the questions were 
rephrased to help the model understand different ways of asking. All 
answers were kept verbatim as original text segments from the hand
book to ensure technical accuracy. The data augmentation can increase 
the model’s generalization during training. After that, the dataset was 
structured as Alpaca format by a Python script and were randomly 
disordered and then split into the training subset (5707 Q&A pairs, 85 
%), and the test subset (1007 Q&A pairs, 15 %). The original JSON file 
containing complete 6714 pairs are attached in the Supplementary 
Materials.

Importantly, the SFPE Handbook was not used for direct reproduc
tion or redistribution of copyrighted content. Instead, it served solely as 
a reference source for manually extracting and reformulating fire engi
neering knowledge into a structured question–answer format for 
research purposes. The released FDK dataset does not contain verbatim 
reproductions of the original handbook content, nor does it redistribute 
the original copyrighted material.

2.2. Fine-tune process

General LLMs are typically pre-trained in large-scale general 
corpora, which may lack sufficient fire domain knowledge. Conse
quently, this can result in limited understanding and reasoning ability 
for fire safety tasks. To address this issue, we propose to use a fire 
domain-knowledge dataset to fine-tune the base LLM, aiming to enhance 
its answering ability in fire-related problems. For each Q&A pair, the 
tokenizer of the base model encodes the text into a token sequence x =

(x0,x1,…), and we conduct the fine-tuning on the base model f(x) in an 
autoregressive manner using the following objective function (L ), 

L (Θ,D FDK)=Ex∼D FDK

[

−
∑

i∈{ output }

log f(xi|x0, x1,…, xi− 1)

]

(1) 

where, Θ represents the set of model parameters, initialized from a pre- 

Fig. 1. The generation flowchart of fire domain-knowledge dataset.
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trained checkpoint, D FDK denotes the fine-tuning fire domain- 
knowledge (FDK) dataset, Ex∼D FDK indicates averaging over all training 
samples.

In this work, we used the LLaMA-Factory platform to conduct the 
fine-tuning task. The selected base models are open-access Qwen2.5- 
1.5B-Instruct and Qwen2.5-3B-Instruct, which are the instruction-tuned 
versions with 1.54 billion and 3.09 billion parameters. During the 
training process, we not only use the FDK dataset, but also insert the 
Stanford Alpaca-En-Demo dataset which is a general corpus with 999 

Q&A for generic LLMs to reduce over-fitting risk and retain general 
linguistic and semantic knowledge while improving its performance on 
fire-related downstream tasks. Examples of an FDK Q&A pair and a 
Stanford Alpaca-En-Demo Q&A pair are shown as Fig. 2. The fine-tuning 
was conducted in Ubuntu 22.04.3 LTS, with the computing source of 8 
vCPU, 96 GiB vRAM, 512 GiB OS-vDISK, 1 RTX-6000Ada, and 48 GB 
GPU Card. The major hyperparameter settings are listed on Table 1.

Fig. 2. Examples of FDK Q&A pair and Alpaca-En-Demo Q&A pair.

Table 1 
Hyperparameter settings in fine-tuning.

Finetuning type Learning rate Max grad norm Batch size Gradient accumulation step Epoch Enable thinking

LoRA 1e-4 1.0 2 8 3,0 None

Fig. 3. Generation process of a vector database for RAG retrieval.
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2.3. Retrieval augmented generation

To improve factual accuracy and domain adaptability, we integrate 
Retrieval-Augmented Generation (RAG) into our system. RAG combines 
non-parametric information retrieval with parametric text generation, 
enabling the LLM to reference external knowledge sources (e.g., fire 
science textbooks, fire protection codes) during response generation. 
Unlike pure parametric generation, RAG grounds the model's outputs in 
retrieved real texts, thus reducing hallucinations and improving reli
ability on specialized fire knowledge. The flowchart of generating a fire 
knowledge vector database for RAG is shown as Fig. 3. To support 
retrieval during inference, external fire engineering references were 
firstly indexed in a searchable knowledge base. Depending on the source 
format, textual content was processed into retrievable text segments. For 
document-based references, textual information was extracted and 
divided into smaller chunks (e.g., by paragraph, sentence, or fixed 
character length) to facilitate semantic embedding and retrieval. 
Emerging machine-readable standards, such as next-generation digital 
codes, may further simplify this process by providing structured repre
sentations without relying on document parsing. Secondly, a 
transformer-based embedding model (Bge-large-en-v1.5 in this work) is 
used to convert each chunk into a vector embedding, and the embed
dings are saved as a vector database using LlamaIndex. External refer
ences are used solely to support retrieval during inference. The released 
FireSeek knowledge base does not redistribute copyrighted documents 
or contain verbatim reproductions of protected source materials.

As shown in Fig. 4, given an input question prompt P, the RAG 
workflow consists of three steps: 

3. Embedding: The input question P is encoded using an embedding 
model (Bge-large-en-v1.5 in this work) to obtain the vector repre
sentation e(P).

4. Retrieval: The embedding e(P) is compared with document em
beddings e(D) = {e(D1), e(D2),…} from the external knowledge 
vector database D. Cosine similarity is calculated, and the Top-k most 
relevant text segments are retrieved:

{
D∗

1,D
∗
2,…,D∗

k
}
=Topk (cos(D1P1), cos(D2P2),…cos(DkP1)) (2) 

where 
{
D∗

1,D∗
2,…,D∗

k
}

denotes the Top-k statements retrieved from the 

knowledge base that are most relevant to the input question. 

5. Generation: The retrieved text segments and the input question are 
concatenated into a single context block and forwarded to the LLM to 
generate a grounded, reference-based answer.

By grounding the generation process in authoritative fire safety 
literature, RAG enhances the model’s factual accuracy and significantly 
reduces hallucination when encountering unfamiliar or specialized 
queries.

2.4. Website user interface

To visualize the interactive chat of the FireSeek-Sci chatbot, we 
designed a user-friendly website interface built upon the Gradio 
framework, shown as Fig. 5. The interface is composed of a conversa
tional interaction component and a dynamic configuration management 
panel. The conversational module features a primary chat interface 
incorporating message history display to satisfy the need for continuous 
chatting, and integrated conversation management tools including retry 
and clear operations. If the users were not satisfied with the chatbot’s 
answer, they can click the “retry” button to let the chatbot answer it 
again. The system implements sophisticated state management through 
event-driven programming functions and chaining mechanisms to 
ensure proper sequencing of user input processing, conversation history 
updates, and response generation. The user interface of FireSeek-Sci is 
designed to interact with users exclusively through natural-language 
questions. Users may submit conceptual questions related to fire engi
neering or questions containing contextual information describing a 
specific fire scenario. In the case studies presented in Section 4, the 
outputs of the AI-based fire and evacuation prediction models were first 
summarized into natural-language descriptions, which were then 
incorporated into user prompts. The current version of FireSeek-Sci does 
not directly process numerical prediction outputs, images, or other non- 
textual data.

The configuration management panel enables real-time model 
switching through a dropdown model selection (1.5B and 3B versions of 
the model), parameter adjustment, and optional RAG integration. The 
RAG functionality implements conditional visibility patterns, 

Fig. 4. The flowchart of using RAG to enhance LLM fire-related response.
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dynamically revealing knowledge base selection options when acti
vated, while maintaining interface simplicity in standard conversational 
mode. Parameter control panel including token generation limits 
(1–2048), temperature modulation (0.01–2.0), Top-p (0.01–1.0), Top-k 
(1–100), and repetition penalty adjustment (1.0–2.0), enabling users to 
fine-tune model behavior for specific fire science applications.

The practical deployment of FireSeek-Sci and the corresponding 
website user interface depends on the licensing conditions of the 
external knowledge sources integrated into the retrieval system. When 
proprietary fire protection standards or design codes are used, the sys
tem should be deployed in compliance with the corresponding licensing 
agreements and copyright requirements. Consequently, access to certain 
knowledge resources may be limited to users or organizations that are 
legally authorized to use these materials.

3. Results and demonstration

3.1. Supervised fine-tuning results

In LLM training, the total number of required training steps depends 
on the settings of epoch, batch size (B), samples in the training dataset 
(N), and gradient accumulation steps (GAS), shown as Eq. (3). 

Total step=Epochs⋅
N

B⋅GAS
(3) 

The loss function is token-level cross-entropy. After a total of 1260 
training steps, the loss value decreases to a reasonable convergence 
range in LLM tasks.

To evaluate the effectiveness of fine-tuning, we compared the per
formance of the fine-tuned FireSeek-Sci model (1.5B and 3B versions) 
with several pre-trained base models and fine-tuned models, including 
Qwen2.5, Llama3.1, and Llama3.2, on the test dataset with 1007 sam
ples. The models were assessed using BLEU-4 and ROUGE metrics, 
which are commonly used to quantify the quality of generated answers. 
Specifically, BLEU-4 measures the overlap of 4-g sequences between 
generated and reference texts, while ROUGE-1, ROUGE-2, and ROUGE-L 

quantify the overlap of unigrams, bigrams, and the longest common 
subsequences, respectively. BLEU-4 measures the precision of n-gram 
overlaps (up to 4-g) between the generated text and the reference, where 
n-gram means a sequence of n words, shown as Eq. (4). ROUGE-1 
measures recall of the unigram (single word) overlaps between gener
ated and reference text. ROUGE-1 measures the recall of bigram (two- 
word sequence) overlap. ROUGE-L represents recall and precision of the 
Longest Common Subsequence (LCS). 

BLEU − 4=BP × exp

(
1
4
∑4

n=4
log pn

)

(4) 

where, pn represents n-gram precision (how many n-grams in the 
generated text also appear in the reference), BP represents a brevity 
penalty to penalize overly short outputs.

As shown in Table 2, the FireSeek-Sci-3B model achieved substan
tially higher scores across all metrics, with a BLEU-4 of 41.0 compared to 
5.38 for the base model. ROUGE-1, ROUGE-2, and ROUGE-L scores 
improved from 13.8, 2.89, and 2.89 to 37.9, 13.5, and 30.6, respectively. 
Similarly, the scores achieved by the FireSeek-Sci-1.5B model and other 
base models also improved after fine-tuning. These results indicate that 
fine-tuning on fire domain-specific knowledge (FDK) significantly 

Fig. 5. The user interface of FireSeek-Sci chatbot.

Table 2 
Comparison of performance benchmark: FireSeek-Sci vs. Baseline Models.

Model BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

FireSeek-Sci-3B 41.0 37.9 13.5 30.6
Qwen2.5-3B -instruct 5.38 13.78 2.89 5.72
FireSeek-Sci-1.5B 39.6 36.8 12.4 29.6
Qwen2.5-1.5B-instruct 5.09 15.9 3.47 5.64
Llama3.1-8B-instruct-fine-tuned 14.65 27.62 12.07 13.39
Llama3.1-8B-instruct 6.49 17.9 4.11 6.82
Llama3.2-3B-instruct-fine-tuned 12.73 22.6 5.28 11.9
Llama3.2-3B-instruct 9.69 19.51 4.48 9.89
Llama3.2-1B-instruct-fine-tuned 12.34 22.36 4.85 11.62
Llama3.2-1B-instruct 11.45 20.7 4.69 11.2
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enhances the model's ability to generate accurate and relevant answers 
in the fire knowledge domain. Notably, FireSeek-Sci with 1.5B param
eters is superior to the 8 B-parameter version of Llama3.1, demon
strating that fine-tuning with domain knowledge can enable lightweight 
models to significantly outperform the larger-parameter model.

To check whether the paraphrase-based data augmentation causes 
reported performance to be inflated by train-test leakage, we addition
ally trained Qwen2.5-3B-Instruct on the original (non-augmented) 
dataset and tested it on the corresponding test set. As shown in Table A1
in Appendix, performance differences between the augmented and 
original training settings were very small across all metrics (less than 0.3 
points), suggesting the improvements are not mainly caused by leakage 
from paraphrase overlap.

To properly evaluate the positive impact of RAG on the overall 
performance of answer generation, it is insufficient to solely use sen
tence structure-level metrics (BLEU and ROUGE) matching between 
generated output and the reference answer in the dataset. Overlap-based 
metrics may fail to evaluate the semantic depth and knowledge 
enrichment that RAG aims to provide. Therefore, three complementary 
metrics, BERTScore-F1, Semantic Similarity (Semantic-Sim), and LLM- 
Judge Overall Score are used to assess the improvement level of the 
model enhanced by retrieved information. BERTScore-F1 measures 
token-level semantic correspondence, while Semantic Similarity evalu
ates sentence-level embedding relevance, reflecting the accuracy and 
reasonability of the meanings of generated answers in different phras
ings. Additionally, a high-level LLM model with larger parameters 
(Qwen2.5-14B-Instruct in this work) is used as a referee to judge the 
performance of the generated answer and provide an overall score 
(0–10). The overall score follows five preset criteria and the detailed 
protocol is shown as Algorithm 1 in Appendix, 

• Accuracy (0–10): factually correct based on fire science knowledge,
• Completeness (0–10): thoroughly answers the question,
• Relevance (0–10): directly addresses the question,
• Clarity (0–10): clear and well-structured,
• Technical depth (0–10): appropriate level of technical detail.

The comparison results of the comprehensive quality of generated 
answers by different models with and without RAG across three key 
semantic performance metrices is shown on Table 3. The results 
consistently demonstrate that incorporating RAG substantially enhances 
semantic quality and overall answer reliability across all tested models. 
Notably, FireSeek-Sci-1.5B improves from 0.83 to 0.87 in BERTScore-F1, 
and from 0.36 to 0.61 in Semantic similarity, which are both the highest 
scores among tested models. The LLM-overall score achieved by 
FireSeek-Sci also improves from 1.79 to 6.08 when RAG is enabled. 
These results suggest that RAG can help models to generate more ac
curate, informative, and professional responses based on retrieved spe
cific knowledge.

3.2. Answer evaluation of fire science questions

In this analysis, FireSeek-Sci-1.5B was asked some fire science 
knowledge questions, and its answers with and without RAG were 
demonstrated and compared. We also tested the Qwen2.5-1.5B-Instruct 
model using the same questions to evaluate the difference and 
improvement of the chatbot’s response. In the first part, we start with 
some general and qualitative questions. After that, we present some 
more professional and quantitative questions to evaluate the mathe
matical and physical analysis ability. The parameter of maximum new 
tokens is set as 512. The usage of the FireSeek-Sci interface is demon
strated as Video S1 in the Supplementary Material.

Supplementary video related to this article can be found at https 
://doi.org/10.1016/j.iintel.2026.100233

In part 1, there are three general questions as follows and the 
response is shown as Fig. 6, 

• Question 1: What is fire engineering?
• Question 2: Explain the process of fire growth in a compartment.
• Question 3: What is fire evacuation?

In part 2, there are three relatively complex questions as follows and 
the response is shown as Fig. 7, 

• Question 1: What is the Grashof number?
• Question 2: How to calculate heat flux induced by heat radiation?
• Question 3: Describe the mechanisms of fire-induced concrete spalling.

Comparisons of responses from different models are listed in Table 4, 
where FireSeek-Sci can accurately and rapidly answer fire science 
questions, including the general conception questions and the complex 
quantitative questions. The comparative analysis also demonstrates that 
integrating RAG can enhance FireSeek-Sci’s answering performance to a 
certain extent. Without RAG, the model provides generally correct and 
qualitative answers, sometimes lacking professional nouns, physical 
explanations, and quantitative reasoning. In contrast, the RAG- 
enhanced responses are more structured and aligned with professional 
literature, showing an improved reasoning process. However, some re
sponses using RAG still contain scientific inaccuracies, indicating that 
retrieval quality and domain-specific validation remain critical. Using 
RAG also easily produces more hallucinations and redundant nonsense 
sentences, which requires knowledge graph technology to achieve 
reasoning freedom of LLM for reducing hallucinations. Using RAG will 
cause a much longer response time to retrieve references from the vector 
database. In terms of the basic model, it responds fast, and generation is 
concise, but it is more suitable for non-specialized tasks due to its limited 
domain knowledge.

Representative failure cases of FireSeek-Sci are presented in Fig. 8 to 
illustrate its current limitations in fire science question answering. For 
the first query (Fig. 8(a)), “Explain the process of fire growth in a 
compartment”, the response generated without RAG provided only a 
high-level and generic description of fire growth, describing the process 
simply as ignition, flame spread, and smoke filling. Such an answer lacks 
the standard compartment fire development stages commonly adopted 
in fire science, namely the incipient (starting), growth, fully developed, 
and decay stages, resulting in an incomplete explanation of the under
lying fire dynamics. Although the RAG-enhanced model produced a 
more technically detailed response by incorporating knowledge from 

Table 3 
Comparison of semantic quality and overall performance of different models 
with and without RAG.

Model Use RAG or 
not

BERTScore- 
F1

Semantic- 
sim

LLM- 
overall

FireSeek-Sci-1.5B Yes 0.87 0.61 6.08
FireSeek-Sci-1.5B No 0.83 0.36 1.79
Qwen2.5-1.5B- 

Instruct
Yes 0.81 0.17 2.54

Qwen2.5-1.5B- 
Instruct

No 0.80 0.01 0.84

FireSeek-Sci-3B Yes 0.81 0.54 4.68
FireSeek-Sci-3B No 0.81 0.52 4.57
Qwen2.5-3B-Instruct Yes 0.81 0.15 2.30
Qwen2.5-3B-Instruct No 0.82 0.44 3.58
Llama-3.2-1B- 

Instruct-finetune
Yes 0.87 0.66 5.20

Llama-3.2-1B- 
Instruct-finetune

No 0.85 0.51 2.49

Llama-3.2-1B-Instruct Yes 0.85 0.67 5.78
Llama-3.2-1B-Instruct No 0.85 0.65 5.21
Llama-3.2-3B- 

Instruct-finetune
Yes 0.85 0.48 4.55

Llama-3.2-3B- 
Instruct-finetune

No 0.83 0.20 1.36

Llama-3.2-3B-Instruct Yes 0.84 0.63 5.03
Llama-3.2-3B-Instruct No 0.84 0.54 3.63
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the retrieved literature, it still generated an irrelevant citation marker, 
highlighted in Fig. 8(a), which represents a hallucinated artifact intro
duced during text generation. For the second query (Fig. 8(a)), “What is 
the Grashof number?”, the without-RAG model produced an incorrect 

mathematical expression for the Grashof number, demonstrating that 
the base model may generate scientifically incorrect equations when 
relying solely on its parametric knowledge. The RAG-enhanced response 
successfully corrected the equation but still contained two remaining 

Fig. 6. FireSeek-Sci responses for general fire-related questions.
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issues. First, it incorrectly interpreted the viscosity term as “viscosity’s 
power relation with temperature” rather than the correct definition of 
kinematic viscosity, indicating that retrieval alone cannot completely 
eliminate errors in scientific interpretation. Second, the response again 
included hallucinated residual retrieval text (shown by the strike
through annotation in Fig. 8b), suggesting imperfect integration be
tween the retrieval and generation modules.

These representative cases demonstrate that, although retrieval 
augmentation substantially improves the factual correctness and 
completeness of FireSeek-Sci, the system may still produce overly 
generic explanations, scientific interpretation errors, and occasional 
hallucinated artifacts, particularly for technically specialized questions. 

Fig. 7. FireSeek-Sci responses for complex fire-related questions.

Table 4 
Comparison of answer responses by different methods.

FireSeek-Sci FireSeek-Sci (with RAG) Qwen2.5- 
1.5B

Accuracy Good More accurate, but 
sometimes hallucinates

General

Response time 1–2 s Over 10 s 1–2 s
Conciseness Concise Little verbose Concise
Tokens ~110 ~180 ~160
Application 

scenario
Professional 
question

Professional question General 
question

Y. Ding et al.                                                                                                                                                                                                                                     Journal of Infrastructure Intelligence and Resilience 5 (2026) 100233 

9 



Therefore, FireSeek-Sci should currently be regarded as an assistive tool 
for fire science knowledge retrieval, while engineering-critical decisions 
should continue to rely on expert verification. The potential improve
ment strategies should be considered in future versions, for example, 
adopting the hierarchical navigable small world (HNSW) algorithm 
(Malkov and Yashunin, 2018) to increase search efficiency from the 
vector knowledge database, and transitioning to distilled embedding 
models to improve embedding speed. To mitigate scientific inaccuracies 
and hallucinations, future work should integrate a knowledge graph 
technology that maps verified physical laws and fire dynamics knowl
edge as a ground-truth constraint layer. The system will perform a 
dual-check where retrieved text chunks must align with the structured 
relationships and numerical constants stored within the knowledge 
graph before generation. This strategy ensures that the model’s outputs 
remain strictly bounded by established principles and knowledge 
structures, effectively filtering out “redundant nonsense”.

3.3. Results of the user satisfaction survey

The objective of this work is to develop a fire science chatbot to help 
students, researchers, and engineers to search for fire science knowledge 
more efficiently and accurately. The objective of the user study was to 
evaluate the usability, user experience, and perceived usefulness of 
FireSeek-Sci in practical fire engineering applications. Scientific cor
rectness was evaluated separately using automatic metrics and LLM- 
overall assessment. Therefore, the users’ satisfaction feedback is crit
ical for us to revise and update the further versions of FireSeek-Sci. In 
this work, we invited over 20 fire engineering-related participants 
involved in the user satisfaction survey including experiencing the 
website user interface of FireSeek-Sci and filled in the satisfaction 
questionnaire. The questions in our satisfaction survey are listed in 
Table S1 in the Appendix.

A total of 24 participants were invited to take part in the internal 
testing and satisfaction survey of FireSeek-Sci. Each participant 

Fig. 8. Inaccurate and unsatisfied cases of FireSeek-Sci responses.

Fig. 9. Backgrounds of the survey participants.
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interacted with the FireSeek-Sci chatbot by asking fire science–related 
questions, both with and without the RAG function enabled, and then 
evaluated the accuracy and response speed of the answer generation. 
After using the chatbot, they were required to fill in a satisfaction 
questionnaire to assess the performance of the chatbot. The whole 
evaluation process was unsupervised and anonymous. Most participants 
(83.3 %) were fire engineering students at different academic levels, 
including undergraduate (25 %), master’s (25 %), and Ph.D. (33.3 %) 
students, as shown in Fig. 9a. The remaining participants consisted of 
three scientific researchers specializing in fire or combustion fields and 
one fire protection engineer. In addition, participants’ prior experience 
with similar chatbots was investigated. As illustrated in Figs. 9(b), 79 % 
had previously used similar chatbots, while 21 % were unfamiliar with 
this type of system.

The results of the satisfaction questionnaire for the internal testing of 
FireSeek-Sci are shown in Fig. 10, covering six aspects: (a) overall 
satisfaction, (b) answer accuracy, (c) RAG performance, (d) response 
speed, (e) user interface, and (f) future usage intention. As shown in 
Fig. 10(a), the overall satisfaction with FireSeek-Sci reached a mean 
score of 3.3 (on a 1–5 scale), indicating an acceptable but moderate user 
experience. The answer accuracy evaluation in Fig. 10(b) reached a 
similar mean score of 3.3, suggesting that FireSeek-Sci was able to 
provide partially useful responses for fire science-related queries. 
However, this score also indicates that the generated answers do not yet 
consistently achieve a high level of perceived accuracy, particularly for 
complex questions requiring specialized domain reasoning. In Fig. 10(c), 
the RAG performance achieved a relatively higher mean score (μ = 3.8), 
demonstrating that participants believed that the RAG function is 
beneficial in enhancing the relevance and depth of generated answers. In 
Fig. 10(d), the response speed was rated with a mean of 3.5, reflecting 
generally satisfactory performance with acceptable latency for most 
users. The user interface (UI) received the highest evaluation (μ = 4.1), 
shown in Fig. 10(e), indicating that participants approved the interface 
as intuitive and user-friendly. Finally, Fig. 10(f) shows that 62.5 % of 
participants expressed a clear intention to use FireSeek-Sci and its 
further versions in the future, while 25 % indicated possible future use 

and 12.5 % reported no intention of reuse. Overall, the results suggest 
that FireSeek-Sci shows promising potential as an intelligent assistant 
for fire science knowledge support, with acceptable usability and user 
experience. However, the evaluation results should be interpreted 
cautiously, as the moderate satisfaction and answer accuracy scores 
indicate that the system still has limitations in achieving highly reliable 
scientific responses. The user feedback suggests that the overall expe
rience may be affected by multiple factors, including response latency 
during real-time interactions and residual inaccuracies or hallucinations 
in complex quantitative queries. These limitations highlight the need for 
further improvements in retrieval efficiency, knowledge coverage, and 
scientific reasoning capability. Future work will focus on optimizing 
retrieval strategies, incorporating knowledge graphs and expert-verified 
knowledge sources, and developing more robust mechanisms to improve 
factual consistency and reliability in fire science applications.

4. Case studies of smart building fire safety applications

To further illustrate the potential applicability of FireSeek-Sci 
beyond educational question answering, this section presents two 
representative case studies in which FireSeek-Sci is introduced as a 
domain-specialized large language model capable of converting fire 
dynamic and pedestrian evacuation outputs and to generate natural- 
language safety-oriented summaries. The case studies are intended as 
qualitative demonstrations of the system's ability to incorporate quan
titative simulation outputs into its interpretation and to produce struc
tured, hazard-oriented natural-language descriptions.

4.1. Case 1: corridor fire prediction

The first case study demonstrates the ability of FireSeek-Sci to 
interpret AI-predicted fire dynamics in a ventilation-limited corridor 
(Figs. 11) and transform numerical outputs into actionable fire safety 
intelligence based on our previous work (Cheung et al., 2025). As 
illustrated in Fig. 11, the input to FireSeek-Sci was derived from the 
outputs of an AI-based fire prediction framework (Fig. 11), which 

Fig. 10. Results of user satisfaction, (a) Overall satisfaction, (b) Answer accuracy, (c) RAG performance, (d) Response speed, (e) User interface, (f) Future 
usage intention.
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estimates the fire source location, heat release rate (HRR), and spatio
temporal distributions of temperature, smoke density, and CO concen
tration from multi-sensor measurements. These prediction results were 
subsequently converted into structured natural-language prompts and 
provided to FireSeek-Sci for interpretation and engineering decision 
support. Detailed descriptions of the prediction model are available in 

Ref. (Cheung et al., 2025).
In the demonstration (Fig. 11(b)), the input prompts for FireSeek-Sci 

are extracted from the AI estimated key fire parameters at a represen
tative fire stage (t = 120 s), including a HRR value of approximately 
520 kW, a fire source location at 12 m, a ceiling temperature of 118 ◦C, a 
smoke density of 0.38 g/m3, and a CO concentration of 460 ppm. While 

Fig. 11. Workflow of the corridor fire case, (a) numerical corridor scenario generation and AI-based fire prediction, and (b) prompt construction, and engineering 
interpretation by FireSeek-Sci with and without retrieval augmentation.
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these parameters provide a quantitative description of fire development, 
they do not directly communicate the associated safety implications to 
firefighters or emergency decision-makers. The purpose of FireSeek-Sci 
in this scenario was therefore to interpret these physical predictions and 
convert them into engineering-oriented natural-language assessments. 
Therefore, the input prompts contain the parameter information and 

propose to provide evaluative interpretations of the fire development 
and safety considerations, i.e., 1. Fire growth stage, 2. Smoke hazard, 3. 
Human tenability,and 4. Evacuation safety.

Without RAG, FireSeek-Sci was able to identify several major haz
ards based on its internal fire science knowledge. The model successfully 
recognized that the fire was in an advanced growth stage and identified 

Fig. 12. Workflow of the metro station evacuation prediction case, (a) numerical model of simulated metro station and AI-based evacuation prediction model, and 
(b) prompt construction, and engineering interpretation by FireSeek-Sci with and without retrieval augmentation.
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the increasing risks associated with smoke accumulation, elevated 
temperature, and reduced visibility. It also correctly associated these 
hazards with deteriorating occupant tenability and compromised evac
uation safety. These results indicate that the domain-specific fine-tuning 
of FireSeek-Sci provides a strong baseline capability for fire scenario 
interpretation. However, the interpretation occasionally included 
generalized terminology, such as classifying the fire as approaching 
flashover conditions, without explicitly relating the conclusion to the 
predicted numerical values. Some recommendations were qualitatively 
reasonable but lacked direct quantitative justification. This suggests that 
although the model possesses fire science reasoning capability, its re
sponses may still be influenced by general language priors or incomplete 
recall of engineering thresholds.

When RAG was introduced, the quality and engineering reliability of 
the response improved significantly. FireSeek-Sci with RAG directly 
incorporated the predicted numerical parameters into its interpretation, 
explicitly referencing the elevated CO concentration, smoke density, and 
ceiling temperature as key indicators of occupant hazard. The model 
provided a more structured hazard analysis, including fire development 
stage, smoke toxicity, thermal exposure, human tenability, and evacu
ation feasibility. More importantly, its engineering recommendations 
became substantially more practical, including immediate evacuation 
activation, smoke control enhancement, and suppression system inter
vention. The comparison also confirms that retrieval augmentation 
substantially improves the grounding, consistency, and engineering 
applicability of large language model responses in complex infrastruc
ture fire scenarios.

4.2. Case 2: metro station evacuation prediction

The second case study evaluates the capability of FireSeek-Sci in 
interpreting AI-predicted evacuation performance for a complex metro 
station environment (Fig. 12). The evacuation predictions were gener
ated using a previously developed graph neural network (GNN)-based 
evacuation prediction framework, shown as Fig. 12. The model provides 
key evacuation performance indicators, including evacuation trajec
tories, congestion information, and evacuation efficiency. In the pre
sented scenario, the predicted results included a total evacuation time of 
202 s, an average evacuation time of 74.5 s per occupant, and a 
maximum congestion waiting time of 16 s. These prediction outputs 
were transformed into structured prompts and supplied to FireSeek-Sci 
for engineering interpretation and decision support. These numerical 
outputs were subsequently transformed into structured natural- 
language prompts and provided to FireSeek-Sci for engineering inter
pretation, i.e.,

“The Al evacuation prediction results: The total evacuation time is 202 s 
(averaging 74.5 s per person), with a maximum obstruction waiting time of 
16 s. Please evaluate: 1. Evacuation efficiency, 2. Human tenability, 3. 
Evacuation safety, 4. Optimization recommendation.”

Shown as Fig. 12(b), FireSeek-Sci was able to produce a general 
qualitative assessment of evacuation performance without RAG. The 
model recognized the positive impact of escalator-based vertical circu
lation and concluded that the overall evacuation performance was 
“excellent”. It also suggested that the station layout provided sufficient 
safe space and no severe fire evacuation hazards. While these responses 
were overly optimistic and intuitively reasonable, they lacked direct 
references to the predicted evacuation metrics. More importantly, the 
model failed to identify potential congestion bottlenecks or discuss the 
implications of the observed waiting time.

After introducing RAG, the response quality improved significantly. 
FireSeek-Sci explicitly incorporated the evacuation prediction metric 
into its reasoning process, directly interpreting the total evacuation time 
of 202 s and the average evacuation time of 74.5 s as indicators of 
relatively high evacuation efficiency. In addition, the model identified 
the maximum waiting time of 16 s as a potential congestion indicator 
and proposed optimization strategies, including corridor widening, 

route redistribution, and evacuation path enhancement to reduce 
bottleneck delays. Compared with the non-RAG response, the retrieval- 
enhanced model demonstrated stronger quantitative interpretations, 
better engineering consistency, and more actionable recommendations.

4.3. Discussion and perspective

Above all, the case studies of corridor fire and metro station evacu
ation interpretations illustrate that local-deployed FireSeek-Sci is 
capable of translating AI-based prediction results outputs into struc
tured, natural-language safety-oriented summaries, which qualitatively 
resemble the type of interpretation an engineer might produce. This 
suggests a potential role for such a system in helping engineers, infra
structure operators and firefighters more quickly organize and 
communicate multiple evolving physical variables and evacuation in
dicators under time-critical conditions. However, these case studies are 
illustrative demonstrations rather than a validation study. The correct
ness, completeness, and engineering reliability of the specific hazard 
interpretations and recommendations generated in these scenarios were 
not independently verified by domain experts, and the two cases are not 
sufficient to establish general reliability across the broader range of fire 
and evacuation scenarios that may arise in practice. The rigorous vali
dation of answer correctness (e.g., via blinded expert evaluation against 
standardized case questions) remains an important direction for future 
work.

Moreover, another significant advantage of FireSeek-Sci is money- 
saving. Table 5 summarizes the token consumptions of each response 
modes and equivalent commercial API cost. For the two representative 
safety engineering tasks, the average input prompt length was 97 tokens. 
In the non-RAG mode, FireSeek-Sci generated relatively concise re
sponses, with an average output of 80 tokens. After RAG was enabled, 
the response length increased to an average of 219 tokens, reflecting the 
model's tendency to produce more detailed and evidence-supported 
engineering analysis. However, the main source of token growth did 
not come from the generated response itself, but from the retrieved 
contextual knowledge injected into the prompt. In the two case studies, 
the retrieved fire engineering references contributed approximately 
800–1000 additional tokens per query. To provide a more intuitive en
gineering deployment comparison, the token usage was further con
verted into equivalent cloud-based API costs based on a typical 
commercial pricing scheme and normalized to 100 user queries.

As a result, the corresponding estimated API cost of non-RAG mode is 
$0.18 per 100 queries. RAG mode increased the total token consumption 
to an average of 1215 tokens per interaction, approximately 6.9 times 
higher than the non-RAG mode, with an equivalent API cost of about 
$1.22 per 100 queries. Because FireSeek-Sci is deployed locally using 
lightweight foundation models, these additional tokens do not result in 
recurring API charges. Instead, the increased token consumption mainly 
affects local computational resources such as GPU inference time and 
memory usage. This deployment strategy offers a practical advantage for 
high-frequency engineering applications, where continuous cloud-based 
API could become a significant long-term operational cost.

Table 5 
Comparison of token consumptions and equivalent commercial API cost.

Case 
1

Case 2 Average Equivalent API cost/100 
queries (USD)

Input 71 123 97 0.09
Non-RAG response 97 63 80 0.08
RAG response 217 220 219 0.89
Retrieved context 

injection
~800 ~1000 ~1000 0.22

Total (Non-RAG) 168 186 177 0.18
Total (RAG) 1088 1343 1215 1.22
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5. Conclusions

This work developed an LLM-powered fire science knowledge rapid 
retrieval and response chatbot named FireSeek-Sci. The backbone LLM is 
fine-tuned from the Qwen2.5 model using a fire domain-knowledge 
database. FireSeek-Sci improves by over 30 points in multiple accu
racy metrics in the generated corpus compared with the basic Qwen 
model. The response accuracy and richness of chatbot using RAG tech
nology achieved significant improvements in semantic similarity 
(increased 69 %) and advanced LLM scoring (increased over 4 points on 
a 0–10 scale), respectively. FireSeek-Sci without RAG provides fast and 
concise responses with good accuracy, making it well-suited for pro
fessional and technical questions compared to the basic Qwen model. 
However, it may lack the deeper contextual understanding and knowl
edge coverage that RAG can offer.

To further evaluate its potential applicability beyond educational 
question answering, two fire safety engineering case studies were con
ducted in this work. In the first case, FireSeek-Sci was used to interpret 
AI-predicted fire dynamics in a ventilation-limited corridor. In the sec
ond case, FireSeek-Sci was applied to interpret AI-based evacuation 
predictions in a multi-level metro station. In both cases, FireSeek-Sci was 
able to transform raw simulation outputs into understandable engi
neering assessments, covering fire development, smoke hazards, human 
tenability, evacuation safety, and optimization recommendations. A 
noticeable difference was observed between the two inference modes 
that FireSeek-Sci without RAG tended to generate broad qualitative 
judgments, while retrieval augmentation enabled more evidence-based 
reasoning closer to how fire engineers typically interpret numerical 
predictions in practice.

Overall, FireSeek-Sci validates the feasibility of developing a fire- 
domain large language model from a general-purpose foundation 
model, through domain-specific fine-tuning, and further toward an 
engineering-oriented retrieval-enhanced reasoning system. The pro
posed framework not only demonstrates strong potential for fire edu
cation and rapid knowledge learning but also shows promising 

capability in fire safety assessment and emergency decision support. 
Future work will emphasize expanding the fire domain database with 
more fire codes, standards, and real case studies, incorporating knowl
edge graph–based retrieval constraints to reduce hallucinations, and 
enabling contextual multi-turn reasoning for complex fire scenario 
analysis. Future efforts will gradually transform FireSeek-Sci from a 
simple engineering educational prototype into a reliable and powerful 
engine for next-generation intelligent fire research and engineering 
support.
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Appendix 

Table A1 
Performance differences between the augmented and original dataset.

Model Dataset BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Qwen2.5-3B-instrcut Augmented 41.03 37.88 13.47 30.61
Qwen2.5-3B-instrcut Original 40.75 37.79 13.36 30.60

Table A2 
Questions listed in our satisfaction survey questionnaire.

Question Fill

Part 1. Basic Information
1. What is your profession or background? Researcher/Student/Engineer
2. Have you used similar Q&A chatbot before? Yes/No
Part 2. Function satisfaction
1. How satisfied are you with FireSeek-Sci overall? Very dissatisfied (1) – Very satisfied (5)
2. Would you like to continue using this software in the future? Definitely/No/Maybe
3. How accurate are the basic Q&A answers? Very not accurate (1) – Very accurate (5)
4. Do you agree that external knowledge retrieval (RAG) improves answer quality? Very disagree (1) – Very agree (5)
5. How satisfied are you with the system’s speed/performance? Very dissatisfied (1) – Very satisfied (5)
6. How user-friendly is the interface design and interaction? Very dissatisfied (1) – Very satisfied (5)
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Algorithm 1. LLM-overall evaluation for answer quality

To complement the automatic lexical and semantic metrics, we employed an LLM-as-a-Judge protocol to assess the qualitative correctness of 
generated answers. For each test instance, the judge model (GPT-4o-mini or a locally deployed Qwen2.5-14B-Instruct model) was presented with the 
original question, the reference (gold-standard) answer, and the candidate answer produced by the evaluated system, along with the top retrieved 
contexts when retrieval-augmented generation (RAG) was enabled. The judge was instructed, through a structured prompt, to rate the candidate 
answer along five dimensions on a 0–10 scale (shown as Eq. (A1)): (1) Accuracy, the factual correctness of the response relative to established fire- 
science knowledge; (2) Completeness, the extent to which the answer addressed all relevant aspects of the question; (3) Relevance, the degree to which 
the response directly answered the question asked; (4) Clarity, the readability and coherence of the explanation; and (5) Technical Depth, the 
appropriateness of the level of domain-specific detail. The judge returned its assessment as a structured JSON object containing the five sub-scores 
together with a brief textual justification. An overall score was then computed as the unweighted arithmetic mean of the five sub-scores. 

Overall=
1
5
(Accuracy+Completeness+Relevance+Clarity+Technical Depth) (A1) 
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