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Abstract

Large Language Models (LLMs) are increas-
ingly explored in the AEC (Architecture, En-
gineering, and Construction) domain, yet their
reliability in regulatory tasks remains uncertain.

In this study, we focused on Hong Kong fire
safety codes: together with domain experts, we
create a localized dataset of multiple-choice
(MCQs) and open-ended questions (OEQs) to
evaluate 12 widely used LLMs, including both
proprietary and open-source models.

Our findings show that proprietary models may
achieve 80-90% accuracy on MCQs, while
open-source models generally lag behind. On
OEQ, humans rated the answers at 50-70% ac-
curacy, suggesting that LLMs in specialized
compliance tasks still have large margins of
improvement.

1 Introduction

The AEC industry is one of the many domains in
which Generative Al and LLMs are rapidly gaining
momentum: the most tech-savvy architects have
started to adopt LLM-based tools in their everyday
design practice, while clients increasingly see the
usage of Al as a guarantee for their return of invest-
ment (Del Campo and Leach, 2022), as well as a
valuable tool for workflows such as cost prediction
and quality control (Kampelopoulos et al., 2025).
An open question is whether current state-of-the-
art LLMs can already be reliable support tools for
specialized and safety-critical AEC contexts.

In Tai Po, in the New Territories of the Hong
Kong Special Administrative Region, a major and
tragic fire incident has recently brought renewed
public attention to the importance of fire safety in
urban environments'. For us, as NLP practitioners,
it should be a natural question to ask, whether mod-
ern technologies can help us to prevent such type
of incident from occurring again in the future.

1https://en.wikipedia.org/wiki/Wang_Fuk_Court_
fire

Motivated by this context, we take fire safety as
a critical lens to evaluate the current capabilities
of state-of-the-art AI models within the AEC sec-
tor. Although prior research has examined LLMs
in AEC-related tasks — such as code interpreta-
tion and design assistance (e.g. Guo et al., 2025;
Liang et al., 2026) — systematic evaluations specif-
ically targeting fire safety remain scarce. Fire
safety represents a high-stakes AEC subdomain
that relies heavily on precise interpretation of reg-
ulatory codes, making it an ideal testbed for as-
sessing whether Al can reliably support profes-
sional decision-making in AEC. Building upon this
motivation, we have collaborated with domain ex-
perts and constructed a Q&A (Question Answer-
ing) dataset relevant to local fire safety practice in
Hong Kong. Using this dataset, we have evaluated
both proprietary LLMs and open-source models to
understand their strengths, limitations, and failure
modes in this high-stakes domain.

In summary, our work primarily make two con-
tributions: 1) We present the first dataset grounded
in the Hong Kong fire safety regulatory context,
offering a structured benchmark for evaluating Al
systems in one of the most safety-critical AEC sub-
domains; ii) we provide a systematic evaluation
of LLMs on code compliance checking tasks in
Hong Kong fire safety, analyzing their capabilities,
reliability gaps and resource consumptions when
interpreting real-world regulatory codes.’

2 Related Work
2.1 LLMs in the AEC Industry

AEC workflows are inherently document-intensive,
relying on large volumes of unstructured data such
as design briefs and safety regulations. This makes
the industry particularly receptive to automation
technologies. Evidence shows that recent LLMs

2Qur dataset and code are available at https://github.
com/Lanigiu/HK-FSCode-LLM-Eval.
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have been swiftly integrated into various AEC
tasks, ranging from basic document processing
— such as information extraction and summariza-
tion — to more advanced applications like regula-
tory compliance inspection (Kampelopoulos et al.,
2025). Commercial general-purpose LLMs—such
as ChatGPT, Gemini, and Claude — are among the
most widely adopted, due to their strong reasoning
capabilities and ready-to-use features.

However, a more widespread application of
LLMs in the AEC industry faces several obsta-
cles. The most prominent issue is domain knowl-
edge: AEC tasks often require extensive exper-
tise spanning multiple disciplines, including ar-
chitecture, structural engineering, mechanical and
electrical engineering (MEP), and project man-
agement (Ghimire et al., 2024), and even for
general-purpose LLMs it is difficult to reliably
cover such specialized and multidisciplinary knowl-
edge. Another widely discussed challenge are hal-
lucinations (Huang et al., 2023), where Al systems
generate plausible-sounding but incorrect informa-
tion. In safety-critical AEC subdomains—such as
fire safety engineering, structural safety assessment,
or code compliance checking—hallucinations pose
significant risks (Xiong et al., 2026), as incorrect
interpretations may lead to unsafe decisions.

2.2 LLMs for Compliance Checking

In response to these limitations, researchers have
developed domain-specific LLMs tailored for AEC,
mainly for compliance checking (Zheng et al.,
2023, 2025). For example, CivilGPT and SiKong
3 are two models developed for the Chinese
AEC. CivilGPT specializes in civil engineering
knowledge, while SiKong is a fine-tuned model
based on LLaMA and Alpaca, designed to sup-
port architecture-related question answering tasks.
Both focus on the knowledge systems specific to
Mainland China.

Notably, AEC regulations exhibit strong regional
specificity, as codes and regulations vary across
jurisdictions: for example, a system like SiKong
may perform well on the Chinese regulatory frame-
works, but its applicability is limited when dealing
with the codes of other regions. While this issue
implies the need for localization in AEC-oriented
LLMs, AEC-specific datasets remain scarce and
qualified human experts are extremely difficult to
recruit for dataset construction.

3CivilGPT: https://civilgpt.tongji.edu.cn/;
SiKong: https://github.com/SikongSphere/sikong

Compliance checking on fire safety codes in
NLP is not a common research topic, although
some benchmarks exist, such as the CODE-
ACCORD corpus, containing regulatory codes
from the United Kingdom and Finland and also in-
cluding fire safety ones (Hettiarachchi et al., 2026);
and SearchFireSafety, a dataset for statute-centric
legal question-answering centered on South Korean
fire-safety regulations (Chae et al., 2026).

To our knowledge, no specific NLP research has
been conducted dedicated to Hong Kong fire safety
codes. Since developing a dataset of instructions to
fine-tune a model specifically for the Hong Kong
fire safety regulation is not practical due to the costs
and the limited applicability, we focus our efforts
on constructing an evaluation-only dataset that can
be used to test the performance of state-of-the-art
LLMs, to see if their exposure to massive scales
of data and advanced reasoning capabilities can
compensate for the lack of localization.

3 Dataset Creation

We constructed a Q& A dataset sourced from Code
of Practice for Fire Safety in Buildings 2011 (FS
Code) #, published by the Hong Kong Buildings
Department. The FS Code is the central regula-
tory document governing fire safety provisions in
Hong Kong and serves as the official reference for
both professional practice and local qualification
examinations, making it a reliable foundation for
assessing LLLM understanding of domain-specific
fire safety knowledge. Our samples comprehen-
sively cover both core components of the code:
an architectural component that includes means
of escape, means of access, and passive fire pro-
tection measures (e.g., fire-resisting construction,
fire barriers, etc.), and a fire engineering compo-
nent that specifies the performance and design of
active fire protection systems and fire service in-
stallations (e.g., automatic sprinklers, fire detection
and alarm systems, etc.). Following the style of
the existing HKIA/ ARB Professional Assessment
(PA)’, we designed two major categories of ques-

*While the FS Code is available in both English and Can-
tonese, we used the 2024 English version to align with local
qualification examinations, which are conducted in English.
Source: https://www.bd.gov.hk/doc/en/resources/
codes-and-references/code-and-design-manuals/fs_
code2011.pdf

5The PA is the official professional qualification examina-
tion administered by The Hong Kong Institute of Architects
(HKIA) and the Architects Registration Board (ARB). It is the
primary pathway to obtain professional membership in HKIA
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tions: multiple-choice questions and open-ended
questions.

We employed a hybrid Al-human workflow for
Q&A generation. We first used the recent, state-of-
the-art GPT-5 (Singh et al., 2025) model to gener-
ate candidate questions — either by prompting the
model with specific requirements or by supplying
relevant excerpts from the FS Code as source mate-
rial. Near-identical or overlapping questions were
manually removed. Following this stage, each re-
maining question underwent comprehensive human
verification, including review and correction of the
question, answer and references. More specifically,
the expert review was conducted by two archi-
tects and one fire engineer, all of whom are Hong
Kong-registered, experienced, and actively prac-
ticing professionals, with responsibilities divided
according to domain expertise: specialists in fire
safety regulations examined the architectural com-
ponents, while professionals with relevant technical
backgrounds reviewed the engineering components.
Each question would be reviewed by two experts
and retained only if both consider it valid; items on
which there was disagreement were discarded from
the dataset.

The final version contains a total of 500 Q&A
pairs, comprising 400 MCQs and 100 OEQs. Ex-
amples are provided in Appendix Table 4.

4 Evaluation Settings

4.1 Models

We evaluated 12 distinct LLMs, as outlined in Ta-
ble 1: proprietary models (top) include Claude
Opus (Anthropic, 2024), DeepSeek (DeepSeek-
Al, 2024), Gemini 3 (DeepMind, 2025), GPT-4
(Hurst et al., 2024), Grok-4 (xAl, 2024) and
Qwen-Plus (Qwen Team, 2026); open-sourced
models (bottom) include Qwen2.5-7B (Qwen
Team, 2024; Yang et al, 2024), Llama3-
8B, Mistral-7B, DeepSeek-7B, Llama3-70B and
Qwen3-80B (Qwen Team, 2025; Yang et al., 2025).
For DeepSeek and Gemini 3, both thinking and non-
thinking modes are evaluated and each is counted
as a separate evaluation, bringing the total to 14.
The selection was based on several considera-
tions. First, it is impractical to include a large
amount of available LLLMs, given the time and fi-
nancial constraints. Still, we aimed to cover the
popular and representative LLMs that the AEC

and to become registered architects in Hong Kong.

practitioners are likely to use in real-world ap-
plications. Second, we intentionally included
smaller-scale models to examine whether model
size affects performance. Third, we included both
thinking and non-thinking models for DeepSeek
and Gemini 3, trying to investigate whether explicit
reasoning-mode capabilities lead to measurable dif-
ferences.

Proprietary models are accessed via APIs and
open-source models are run through Hugging Face
Transformers. We use default inference parameters
for all models, except that we set the maximum
number of newly generated tokens to 512 to ensure
comparable answer lengths.®

4.2 Metrics

For MCQs, we use accuracy as a standard metric,
i.e. the proportion of questions for which the model
selects the correct option. For OEQs, which involve
free-form text, we use both automatic and human
evaluation.

Generally, automatic evaluation operates by
quantifying the textual similarity between the
model-generated output and the reference answer.
We employ standard metrics widely used in natural
language generation tasks, including BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), ROUGE-L (Lin, 2004) and BERTScore
(Zhang et al., 2020). These metrics capture dif-
ferent aspects of similarity: BLEU emphasizes n-
gram precision, METEOR incorporates synonym
matching, ROUGE-L focuses on longest-common
subsequence recall, and BERTScore measures se-
mantic similarity using contextual embeddings.®

For human evaluation, we designed two rating di-
mensions that potentially mirror criteria commonly
used in professional examinations: accuracy and
clarity. Accuracy assess whether the response ap-
propriately addresses the question and adheres to
the facts; clarity measures the linguistic quality of
the response — whether it is presented in a clear,

SThis constraint only applies to the final answer returned
to the user, as the internal reasoning tokens in the thinking
mode are not counted in the generation limit. Note that the
specific parameter names may vary across providers.

"Prices are quoted per 1 million tokens in USD and pro-
vided for reference only (actual costs may vary depending on
usage time, mode, cache status and membership tier); The
thinking and non-thinking modes for DeepSeek and Gemini 3
are implemented within the same model architecture, with the
mode selection controlled by API parameters.

8Scores are computed using pycocoevalcap for BLEU
(n=4), METEOR and ROUGE; and bert_score for BERTScore
(F1 scores from RoBERTa-large are reported) .



Table 1: A summary of model identifiers and pricing’

Identifier In/ Out Price
Claude Opus | claude-4.5-opus 5/ 25
DeepSeek deepseek-chat 0.007~ 1.32/0.66~ 3.96
Gemini 3 gemini-3-flash-preview 0.05~1/3
GPT-4 gpt-4.1 05~2/8
Grok-4 grok-beta 0.2/0.5
Qwen Plus gwen-plus 04~2/16~6
Qwen2.5-7B | Qwen/Qwen2.5-7B-Instruct N.A.
Llama3-8B meta-llama/Llama-3.1-8B-Instruct N.A.
Mistral-7B mistralai/Mistral-7B-Instruct-v0.3 N.A.
DeepSeek-7B | deepseek-ai/deepseek-1lm-7b-chat N.A.
Llama3-70B | meta-llama/llama-3.3-70b-instruct N.A.
Qwen3-80B Qwen/Qwen3-Next-80B-A3B-Instruct | N.A.

Table 2: Human evaluation rubric: dimensions, descriptors and scoring ranges.

Accuracy

Fully accurate

The response is correct, complete, and aligned with the Hong Kong Fire Safety Code
(100%).

Minor inaccuracy

The response is generally correct but contains small inaccuracies or omissions that do not
fundamentally affect compliance (90%).

Major issues

The response contains substantial problems. This level is further divided into four

sub-categories:

Irrelevant but real clause cited (80%).

Omission of critical information (60%).

Hallucination or fabricated content (30%)
Fundamental misunderstanding of the regulation (0%).

Clarity

Clear and professional

Fluent, logical language with precise domain terminology (100%).

Minor clarity issues

Slightly awkward phrasing or redundancy, but still comprehensible (90%).

Inaccurate or inconsistent

Uses incorrect, imprecise, or non-standard Hong Kong fire safety terms (80%).

terminology

Logical gaps or weak rea- | Disconnected arguments, logical jumps, or unsupported conclusions (50%).

soning

Insufficient explanation / | Conclusions lack specific clause references, rationale, or step-by-step reasoning (50%).
justification

Poor readability / disorga-
nized structure

Difficult to follow due to lack of structure, paragraphing, or logical flow (0%).

fluent, coherent and professional manner. Each di-
mension was defined through multiple descriptors
that specify different aspects of performance, as
shown in Table 2. Each descriptor carried a fixed
penalty level. The selected descriptor determined
the final score for that dimension. For example, a
response classified as fully accurate would receive
the full score (100%) for accuracy, whereas a re-
sponse categorized as having major issues might
incur the maximum penalty and end up with a score
of zero (0%).

Due to time constraints and the high cost associ-
ated with human assessment, we did not evaluate

OEQ outputs for all models. Instead, we selected a
subset of five models that performed strongly in the
automatic evaluation stage and conducted human
evaluation on their OEQ outputs. By this design,
for each question, we have 5 Q&A pairs (one for
each of the 5 evaluated models), and each Q&A
pair would be independently and randomly evalu-
ated by at least two raters. Rather than assigning
numerical scores, raters are invited to classify each
model response into the descriptors that best char-
acterized its accuracy and clarity, without know-
ing the model identity. The judgment should be
based on their professional knowledge and the pro-



vided reference answers. All raters are AEC pro-
fessionals registered and practiced in Hong Kong.
Architectural-related questions are evaluated by ar-
chitects, and engineering-related questions were
rated by fire engineers.

4.3 Prompts

The evaluation prompts follow a fixed format as
shown in Table 5. The prompts explicitly indicate
that the applicable jurisdiction is Hong Kong (Table
5a). For MCQs, however, we prepare a second set
of prompts that does not specify the jurisdiction
(Table 5b). By this design, we intend to examine
whether the absence of regional awareness — likely
in real expert-LLM interactions — affects model
performance.

5 Results

The scores are presented in Table 3, along with
the average token cost (including both input and
output) and the processing time (in seconds).

For the human evaluation of OEQs, we reported
their average ratings in Table 3d. As noted earlier,
we evaluated the outputs from five models: four
proprietary models and one open-source model —
Gemini 3 (Thinking and Non-Thinking variants),
GPT-4, Claude Opus, and Qwen2.5-7B. The se-
lection was based on multiple considerations, in-
cluding their automatic evaluation scores on both
MCQs and OEQs, resource consumption, and avail-
ability in Hong Kong, among other practical factors.
Qwen2.5 was included to provide a term of com-
parison of what can be obtained with a smaller-size,
open model.

Overall, the proprietary models outperform
smaller open-source models, which is expected
given their substantial differences in parameter
counts.” The bigger open-source models (i.e.
Llama3-70B and Qwen3-80B) are the closest to
the level of performance of proprietary models, al-
though they generally still lag behind in all metrics.
Interestingly, for most automatic generation met-
rics the larger open models do not improve over the
scores of their smaller versions.

On MCQs (see Table 3a and 3b), the best scores
were achieved by Grok-4 with prompts specifying

“Most proprietary LLMs do not disclose their parameter
size, but it is generally assumed that they are very large, often
in the hundreds of billions or even trillions.

"Under this prompting condition, 5 invalid outputs are
identified. Values in parentheses are computed on the valid
instances

the Hong Kong regulatory context (w/ HK) and
Gemini 3 without such specification (w/o HK), and
the lowest by DeepSeek-7B under both prompting
conditions. The top proprietary LLMs — Gemini
3 and Claude Opus, etc. — have been primarily
trained on English corpora. Grok-4’s real-time web
searching may have further contributed to its top
ranking under the w/ HK context, while simulta-
neously leading to substantial token consumption.
In contrast, DeepSeek and Qwen Plus, adapted to
Chinese context, were less impressive. This might
be explained by the differences in the language
distribution of the training data. Our dataset was
constructed based on common Hong Kong industry
practices, using the English version of the FS Code
as a reference. Although both Chinese and English
are official languages in Hong Kong, professional
examinations (e.g. the PA) are conducted in En-
glish, which likely favors models with stronger
English training coverage. The results between two
prompting conditions aligned with commonsense
expectations — specifying the jurisdiction could
in general improve accuracy. When jurisdiction
was not specified in the prompts, the models might
produce longer responses with higher token usage
and increased latency, probably in an attempt to
reconcile multiple legal systems.

In contrast, the OEQ results showed a nar-
rower gap between model types across metrics.
BLEU scores clustered around 2-3, METEOR and
ROUGE mostly fell in the 10-20 range — all rela-
tively low. This is expected, as these metrics em-
phasize lexical overlap. For OEQs, valid responses
may diverge substantially from the reference, lead-
ing to lower overlap. Meanwhile, BERTScore val-
ues of semantic similarity with the reference were
consistently high, which, however, does not help
discriminating between models.

When running the human evaluation, we had to
make sure to analyze items for which the anno-
tators were able to reach an agreement, avoiding
questions for which even experts gave polarized
answers. This led to the exclusion of 32 out of 100,
on which the experts showed large disagreements.
This filtering step left us with a subset of 68 ques-
tions, each one with 5 Q&A pairs, for a total of 340
pairs. In turn, each of them received two ratings
from the experts.

The human evaluation revealed narrow accuracy
scores around 57 to 65 and clarity scores around 62
to 78. For the scores assigned by humans, we com-
puted the intraclass correlation coefficient (Koo and



Table 3: A summary of evaluation results. The (*) marker indicates the model operates in a thinking mode, otherwise
non-thinking mode by default, time cost is in seconds. The top scores are underlined.

Accuracy | Time Cost ‘ Token Cost Accuracy Time Cost | Token Cost
Qwen Plus 79.5 6 372 81.75 5 366
Grok-4 90 12 2728 83.75 15 2881
GPT-4 80.5 3 265 78.75 2 2454
Gemini 3 88.5 2 257 85.75 33 2221
Gemini 3" 89.25 17 2254 86 24 3082
DeepSeek 80.75 7 266 80.75 15 334
DeepSeek” 83.5 68 1718 81 76 1770
Claude Opus 86 6 2562 81.25 6 366
Mistral-7B 69.25 N.A. N.A. 67.25 N.A. N.A.
Qwen2.5-7B 75.5 N.A. N.A. 73 N.A. N.A.
Llama3-8B 77 N.A. N.A. 73 N.A. N.A.
DeepSeek-7B 66 N.A. N.A. 60.75 N.A. N.A.
Llama3-70B 79 6 274 77.75 (78.73)1° 8 N.A.
Qwen3-80B 79 1 292 78.25 2 N.A.
(a) Accuracy for MCQs (w/ HK) (b) Accuracy for MCQs (w/o HK)
BERTScore | BLEU | METEOR | ROUGE | Time Cost | Token Cost
Qwen Plus 84.6 3.42 16.23 15.35 6 356
Grok-4 84.41 3.19 19.78 15.97 16 3280
GPT-4 85.8 4.66 17.1 17.74 4 298
Gemini 3 85.41 343 14.36 16.8 2 281
Gemini 3" 85.55 4.03 15.16 17.53 15 1346
DeepSeek 85.58 3.64 13.75 16.33 9 270
DeepSeek” 85.56 4.34 15.6 16.4 56 1375
Claude Opus 85 3.14 19.25 15.86 10 2472
Mistral-7B 85.2 3.97 15.08 16.15 N.A. N.A.
Qwen2.5-7B 85.63 3.21 12.93 16.52 N.A. N.A.
Llama3-8B 84.9 3.68 14.23 16.69 N.A. N.A.
DeepSeek-7B 84.91 2.76 10.89 15.63 N.A. N.A.
Llama3-70B 84.46 0.73 7.32 12.41 8 N.A.
Qwen3-80B 84.90 1.63 9.55 13.45 2 N.A.
(c) Automatic evaluation results for OEQs
Accuracy | Clarity
Gemini 3 61.88 69.13
Gemini 3" 64.11 73.76 Accuracy | 0.54
GPT-4 57.61 70.22 Clarity 0.54
Claude Opus 65.89 79.43 (e) ICC rater agreement (6 classes)
Qwen2.5-7B 57.36 67.21

(d) Human ratings for OEQs

Li, 2016), obtaining values around 0.54 for both
dimensions (see also Table 3e), which indicates a
moderate level of agreement. Considering that both
accuracy and clarity are rated on ordinal scales of

six values, we deemed it as a sufficiently reliable
agreement between our experts.

Regarding the reasoning modes, enabling think-
ing did not necessarily improve performance. For



instance, DeepSeek* (thinking) performed slightly
worse than DeepSeek (non-thinking) on OEQs. In
other cases, the differences were less pronounced
and almost negligible. Yet the resource consump-
tion of the thinking mode was significantly higher:
on MCQs, the token usage and response time of
DeepSeek* (thinking) were more than five times of
DeepSeek (non-thinking). Under the w/ HK con-
text, Gemini 3 (non-thinking) ranked third with an
accuracy of 88.5%, with the lowest cost in terms of
both time and token usage. Grok-4, while achiev-
ing the highest accuracy, had consumed the largest
amount of tokens.

To assess the validity of automatic evaluation
metrics, we measured the Spearman correlation be-
tween each metric and the human expert scores.
Unfortunately, we obtained a negative result: none
of the automated metrics showed a significant cor-
relation with expert-rated accuracy, while moder-
ate correlations were observed between clarity and
METEOR (p = 0.38), ROUGE (p = 0.36) and
BERTScore (p = 0.34).

Compared to industry-standard expectations and
requirements, these findings suggest that current
general-purpose LLMs cannot yet serve as reliable
final recommendations for fire safety design and
engineering scenario analysis in the Hong Kong
region. Their outputs should only be considered as
reference information, subject to supervision and,
whenever possible, validation by human experts. It
is interesting, in this sense, that experts generally
rate LLMs much higher for clarity than for accu-
racy: in generating an answer, LLMs might be very
clear and professional-sounding, but the expressed
factual knowledge is not necessarily correct. More-
over, as our correlation analysis shows, traditional
automated metrics are not reliable when it comes
to the assessment of factual accuracy.

Finally, beyond the observations above, one fur-
ther implication emerged from our human evalu-
ation. Although there remain many areas for im-
provement, the evaluation revealed practical chal-
lenges. First, interpretations of regulatory provi-
sions can vary — even the official Buildings De-
partment may provide different interpretations —
so expert scoring may remain highly subjective de-
spite the provision of references and instructions.
Second, experts’ attitudes toward Al outputs dif-
fered: some raters, once aware that the text was
Al-generated (even without knowing which model),
adopted a more skeptical stance, which often re-
sulted in lower scores. Future initiatives — whether

academic projects or industry application — should
account for the inherent subjectivity of human ex-
perts and their attitudes toward Al outputs.

6 Conclusion

This work presents the first systematic evaluation
of 12 LLMs, both proprietary and open-source, on
their ability to interpret the Hong Kong fire safety
code. To support this study, we collaborated with
fire safety experts in Hong Kong to construct a
Q&A dataset comprising both MCQs and OEQs,
emulating the structure of official professional ex-
amination.

Overall, proprietary models outperform open-
source ones. On MCQs, proprietary models
achieved about 80-90% accuracy on MCQs, while
open-source models performed substantially lower.
On OEQs, model performance remains limited.
Ratings from human experts on OEQs reveal that
accuracy of model outputs remain only around
50-70%, with most responses falling into the ma-
jor issues category rather than reaching fully ac-
curate or minor inaccuracy levels. This indicates
that current LLMs cannot yet reliably capture the
precision required for regulatory compliance. It
is also found that enabling thinking did not yield
significant gains on either setting, but incurred high
resource consumption, underscoring the need to
balance efficiency with effectiveness. Moreover,
enabling thinking modes did not yield significant
accuracy gains in either MCQs or OEQs, but in-
creased resource consumption. Finally, all auto-
mated metrics were not correlated with accuracy
and only moderately correlated with clarity, thus
confirming the challenges in evaluation when the
feedback of human experts is not easily available.

While constrained by dataset scarcity and limited
expert availability, this study contributes a localized
benchmark for evaluating LLMs against the Hong
Kong fire safety code.

Although our focus is on fire safety, the under-
lying methodology is transferable to other AEC
subdomains. For future work, we will prioritize
improving evaluation frameworks — especially hu-
man evaluation, and expand the benchmark beyond
fire safety to include broader regulatory tasks in
AEC.

Limitations

We acknowledged the limitations of the current
work are primarily: First, since fire safety experts



are difficult to recruit and our dataset requires man-
ual review, screening and revision to ensure quality
and accuracy, we are aware of the fact that the
dataset size is small. This issue, together with
the specific focus on the Hong Kong regulation,
is an important limitation to the the generalizabil-
ity of the findings. The same challenge of expert
recruitment also limited the coverage of human
evaluation.

Ethics Statement

Potential risk: The potential risk of this work lies
in misinterpretation of compliance-checking out-
puts, which could lead to incorrect conclusions
about safety compliance. To mitigate this, we em-
phasize that LLM predictions are advisory only and
must be validated by certified fire safety profession-
als.

License: All artifacts (LLMs, data, and soft-
ware packages) were used in accordance with their
intended use and licensing terms in our dataset
construction and evaluation experiments. Propri-
etary models (Claude Opus, Qwen Plus, GPT-5,
GPT-4, Gemini 3, DeepSeek) were accessed
via licensed APIs in compliance with providers’
terms of service and are not freely re-distributable.
Open-source models were used under their respec-
tive permissive licenses (e.g., Apache 2.0, MIT),
ensuring reproducibility. Other open-source tools
(such as pycocoevalcap) are released under per-
missive licenses.

Data Safety: Our dataset is derived from pub-
licly available regulatory documents and has been
manually reviewed to ensure that it does not con-
tain personally identifying information or offensive
content. Human evaluation data was also collected
under voluntary participation. Personal identifying
information such as names is removed to protect
privacy.

Expert participation: Human experts were pro-
vided with clear instructions outlining the evalu-
ation task, including definitions, examples, and
scoring rubrics (an example survey is presented
in Appendix B). They were informed of the study
purpose and how the data would be collected and
used. The participation was voluntary and all par-
ticipants retained their rights to withdraw or re-
move their data at any point. As compensation,
domain-specific workshops were offered. All par-
ticipants gave informed consent before contribut-
ing.

Al Assistance: Copilot was used to support writ-
ing in language polishing.
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A Supplementary Tables

Table 4: Example instances from the dataset.

Question:

Reference Answer:

Explanation:

What is the main purpose of a Qualitative Design Review (QDR) in a
performance-based fire safety design?

A) To confirm building materials meet combustibility limits

B) To set fire safety objectives, identify design scenarios, choose acceptance
criteria, and outline analysis methods

C) To run computational fluid dynamics (CFD) simulations

D) To commission fire service installations

B

A qualitative design review establishes the fire safety objectives, scenarios,
acceptance criteria, and the analysis approach before any detailed quantitative
work is carried out.

Question:

Reference Answer:

Explanation:

An office tenant proposes to shorten the escape path by routing occupants
through a storage room and staff pantry to reach the exit stair. The storage is
used for paper and small solvent supplies and is kept locked during normal
hours. Which of the following design options best meets the means of escape
requirement?

A) Keep the route but add illuminated exit signs and emergency lighting through
the storage to replace the visual fire alarm inside the office

B) Reroute the escape path so it avoids rooms with higher fire load and provide
a protected corridor where necessary to connect to the exit stair

C) Allow the route but restrict it to staff via access control during evacuation
D) Keep the route but install a wider door from the storage to the stair, keep
the door from the office to the storage opaque, additional visual fire alarms not
required

B

Escape routes should not pass through rooms with elevated fire risk (e.g., store-
rooms, kitchens/pantries). The intent is that occupants move within protected
routes separated from fire hazards until reaching a place of safety. Signage, door
width, or administrative controls cannot compensate for the inherent hazard
of routing through high-risk rooms; a protected corridor or lobby is used to
maintain separation where needed.

Question:

Reference Answer:

A restaurant with an estimated 80 patrons uses a frameless glass pivot door on
its main exit that swings inward into the dining area to avoid obstructing the
sidewalk. Is this acceptable, and what modification is required?

This is not acceptable because doors serving a floor or storey for more than 30
persons must swing in the direction of egress. In case the doors are swinging in
both ways upper view panels shall be provided. Inward-swinging doors impede
escape under crowd pressure and can trap occupants and are not allowed for
rooms or storeys accommodating more than 30 persons. The door should be
re-hung to swing outward (toward the place of safety) and be readily openable
without a key or special knowledge. If sidewalk clearance is a concern, provide
a small vestibule with an outward-swinging exit door while maintaining the
required clear exit width.

(Table continues on the next page)



(Table continues from previous page)

Explanation:

Engineering-Related:

The intent is to prevent crowd surge from blocking egress and to ensure doors
can be opened quickly during an emergency. The outward swing requirement
for exit doors is triggered by higher occupant loads, and doors must be openable
without delay or special action. Any redesign must preserve the minimum clear
exit width and avoid hardware or stops that reduce it.

No

Question:

Reference Answer:

Explanation:

Engineering-Related:

A performance-based smoke control design is proposed for a tall atrium to
reduce the smoke exhaust rates. What must be demonstrated for the design to
be acceptable, and how is occupant safety evaluated?

Define credible design fire scenarios and use validated models to predict smoke
production, movement, and layer heights. Show that the available safe egress
time exceeds the required safe egress time by an appropriate margin, consid-
ering pre-movement and evacuation durations. Demonstrate tenability along
evacuation paths (visibility, temperature, and toxicity) remains within accepted
limits at head height for the evacuation period. Provide sensitivity analyses for
key parameters, document system reliability and management provisions, and
demonstrate equivalence to prescriptive intent.

Performance-based acceptance hinges on meeting fire safety objectives through
comparison of ASET and RSET and confirming tenability criteria under plausi-
ble worst cases. Validated modeling and sensitivity analyses ensure robustness
against uncertainty. Management and reliability measures uphold the perfor-
mance assumptions throughout the building’s life.

Yes




Table 5: Templates of Evaluation Prompts

You are answering a question about the Hong Kong fire safety code (Code of
Practice for Fire Safety in Buildings 2011). [PLACEHOLDER] Return the

result strictly as a JSON object in the following format: {"answer”: "xx",
"reason”: "xx" [QUESTION]

(a) Template for OEQs and MCQs with Hong Kong context specified'!

You are given a multiple-choice question. Choose ONE most appropriate answer
from the options. Return the result strictly as a JSON object in the following
format: {"answer”: "xx", "reason": "xx"} [QUESTION]

(b) Template for MCQs without Hong Kong context (w/o HK)

B Survey Template for Human Evaluation

For demonstration purposes, we created a simple survey template using Google Form. Any sections that
could potentially reveal author information have been concealed. All expert raters (architects and fire
engineers) were recruited, contacted, and invited to participate by two of the authors. Information such as
evaluation purpose and instructions were personally communicated to participants (either face-to-face, via
email, or through other means of contact). To protect participant privacy, identifying information has been
hidden.

""The [PLACEHOLDER] is determined by the question type. For OEQs, it is filled with You are given a short-answer

question. Respond in a concise, accurate, and professional manner. Otherwise, it is You are given a
multiple-choice question. Choose ONE most appropriate answer from the options.



1.

** Evaluation Form (Demo)

** is currently evaluating the performance of Large Language Models on the Code of
Practice for Fire Safety in Buildings 2011. We greatly appreciate your support in assessing
the quality of candidate answers.

Please find the evaluation details below:

1. You will be presented with 10 questions, their reference answers and the candidate
answers from various Al (the questions vary in difficulty) .

2. Based on the reference answer and your domain expertise, please rate each candidate
answer along two dimensions:

- Accuracy (Accuracy & Factual Correctness)

- Clarity (Clarity, Coherence & Professional Communication)

3. For each dimension, please complete the following two steps:
Step1: Choose one of the three levels.
Step2: If the candidate answer has a major issue, select one or all options that best
apply.
*Place a “@ " in the corresponding cell to indicate your selection.

If you have any questions, please feel free to contact **:
WhatsApp: **
Email: **

Thank you very much for your time and expertise!



QID: 01

Question:

In a high-occupancy commercial tower, what ongoing management practices are required to
keep means-of-access features (fireman'’s lifts, firefighting lobbies, EVA gates) ready for use,
and how should compliance be evidenced?

Reference Answer:

Establish a maintenance regime with periodic inspection and testing of fireman'’s lift
emergency functions, lobby fire doors and pressurization, and any EVA gates or barriers,
carried out by competent persons and registered contractors. Keep all access routes, lobbies,
and stair approaches free from obstruction with documented housekeeping checks, and train
staff on keeping these areas clear and on assisting responders during an incident. Conduct
regular drills and audits, maintain a fire safety logbook with test results, defect rectification
records, and certifications, and make keys and operation instructions readily available to the
Fire Services.

Candidate Answer 1

Required ongoing management practices include: (1) Regular inspection and testing of fireman's
lifts (typically monthly functional tests and annual comprehensive inspections), (2) Keeping
firefighting lobbies clear of obstructions, properly ventilated, and fire doors maintained, (3)
Ensuring EVA gates remain accessible, unobstructed, clearly marked, and keys/access available
to fire services, (4) Maintaining emergency lighting, signage, and communication systems, (5)
Staff training on emergency procedures, and (6) Coordinating with fire services for familiarization
visits.



2.

Which options best describe the candidate answer above? *

Mark only one oval.

Fully accurate: The answer contains no factual errors and correctly addresses all
major aspects with practical and code-compliant recommendations.

Minor factual inaccuracy: The answer includes small, non-critical errors that do not
materially affect the overall compliance judgment.

Irrelevant but correct clause cited : The answer references a real COP FS provision,
but one that is unrelated to the question or does not support the required judgment.

Omission of critical information: The answer fails to include essential clauses,
limits, or requirements necessary for a complete and accurate response.

Hallucination / Fabricated content: The answer introduces plausible but entirely
false information that does not exist in COP FS.

Fundamental misunderstanding: The answer severely misinterprets the question,
the regulatory intent, or the core compliance requirement.



3. Which options best describe the candidate answer? *

Mark only one oval.

Clear and professional: The answer is fluent, well-structured, and logically
presented, using precise and appropriate domain terminology.

Minor clarity issues: The answer contains slightly awkward phrasing or minor
redundancy, but the overall meaning remains clear and comprehensible.

Inaccurate or inconsistent terminology: The answer uses incorrect, imprecise, or
non-standard Hong Kong fire safety terminology.

Logical gaps or weak reasoning: The answer shows disconnected arguments,
unjustified logical jumps, or conclusions that are not adequately supported by the
explanation.

Insufficient explanation / justification: The answer provides conclusions without
necessary clause references, rationale, or step-by-step reasoning.

Poor readability / disorganized structure: The answer is difficult to follow due to
unclear structure, lack of paragraphing, or poor logical flow.

Candidate Answer 2

Required ongoing management practices include: (1) Regular inspection and testing of fireman's
lifts (typically monthly functional tests and annual comprehensive inspections), (2) Keeping
firefighting lobbies clear of obstructions, properly ventilated, and fire doors maintained, (3)
Ensuring EVA gates remain accessible, unobstructed, clearly marked, and keys/access available
to fire services, (4) Maintaining emergency lighting, signage, and communication systems, (5)
Staff training on emergency procedures, and (6) Coordinating with fire services for familiarization
visits.



4.

Which options best describe the candidate answer above? *

Mark only one oval.

Fully accurate: The answer contains no factual errors and correctly addresses all
major aspects with practical and code-compliant recommendations.

Minor factual inaccuracy: The answer includes small, non-critical errors that do not
materially affect the overall compliance judgment.

Irrelevant but correct clause cited : The answer references a real COP FS provision,
but one that is unrelated to the question or does not support the required judgment.

Omission of critical information: The answer fails to include essential clauses,
limits, or requirements necessary for a complete and accurate response.

Hallucination / Fabricated content: The answer introduces plausible but entirely
false information that does not exist in COP FS.

Fundamental misunderstanding: The answer severely misinterprets the question,
the regulatory intent, or the core compliance requirement.



5.

6.

Which options best describe the candidate answer? *

Mark only one oval.

Clear and professional: The answer is fluent, well-structured, and logically
presented, using precise and appropriate domain terminology.

Minor clarity issues: The answer contains slightly awkward phrasing or minor
redundancy, but the overall meaning remains clear and comprehensible.

Inaccurate or inconsistent terminology: The answer uses incorrect, imprecise, or
non-standard Hong Kong fire safety terminology.

Logical gaps or weak reasoning: The answer shows disconnected arguments,
unjustified logical jumps, or conclusions that are not adequately supported by the
explanation.

Insufficient explanation / justification: The answer provides conclusions without
necessary clause references, rationale, or step-by-step reasoning.

Poor readability / disorganized structure: The answer is difficult to follow due to
unclear structure, lack of paragraphing, or poor logical flow.

(Optional) If you have any questions or comments for this Q-A pair, you may leave
them here.

Skip to section 3 (Thank you for your time. Please click "Submit" to finalize your response.)

Thank you for your time. Please click "Submit" to finalize your response.

This content is neither created nor endorsed by Google.

Google Forms
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