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ABSTRACT: Building codes are inherently complex and challenging to understand due to their detailed and 

interrelated safety requirements, technical language, and regional variations. Traditional manual 
approaches, such as consulting building code experts, are ef fective but constrained by high labor costs 
and the f requent updates to building codes. The advent of  large language models (LLMs) of fers a 

promising solution for automating and intelligently interpreting building codes. However, LLMs can 
sometimes produce unrelated or incorrect information due to hallucinations. In this paper, the authors 
propose a method that combines LLMs with retrieval-augmented generation (RAG) techniques to develop 

a “building code expert” capable of  accurately answering user queries about building codes. To validate 
the approach, a dataset of  150 data records - each consisting of  a query, an answer, and the relevant 
context - was extracted f rom Chapters 5 and 10 of  the International Building Code 2015. Experimental 

results demonstrate that the proposed method outperforms the state-of -the-art question-answering 
f ramework. This research provides a notable step forward in leveraging artif icial intelligence (AI) to 
improve accessibility, accuracy, and ef f iciency in understanding building codes, with potential applications 

such as compliance checking, automated design validation, and risk assessment.  
 
 

1. INTRODUCTION  
 
Building codes are inherently complex and challenging to understand, as they encompass detailed and 

interrelated requirements designed to ensure the usability of  buildings and benef its of  stakeholders. This  
complexity is further heightened by the use of  technical language and regional variations, which can create 
additional barriers to interpretation and compliance. Although traditional  human building code experts are 

ef fective in interpreting and applying regulations, their expertise comes with high labor costs. As building 
codes vary across regions and are f requently updated, maintaining up -to-date knowledge requires 
continuous training, leading to additional expenses. These ongoing costs can pose signif icant challenges 

for organizations striving to ensure compliance while managing limited resources.  
 
Large Language Models (LLMs) stand out in the f ield of  Artif icial Intelligence (AI) due to their advanced 

natural language processing capabilities, which of fers a promising avenue for developing intelligent and 
user-f riendly building code expert system. These AI-driven systems have the potential to address the 
limitations of  traditional human experts by reducing labor costs and providing consistent, easily accessible 

answers. However, universal LLMs are typically trained on diverse datasets, such as Wikiped ia, books, and 
movie reviews, which can limit their accuracy when handling domain-specif ic queries. As a result, they may 
produce irrelevant or incorrect responses - a phenomenon known as hallucination - posing challenges for 

their direct applications in specialized f ields like building code interpretation.  
 
Retrieval-Augmented Generation (RAG) technology has been proposed to address the limitations of  LLMs, 

particularly their tendency to produce inaccurate or irrelevant responses when handling domain-specific 
queries (Lewis et al., 2020). RAG enhances the capabilities of  LLMs by integrating them with an external 
knowledge retrieval system, allowing the model to access and incorporate up -to-date, domain-relevant 

information during the response generation process. Instead of  relying solely on pre-trained knowledge, 
RAG retrieves specif ic documents or data f rom curated sources, grounding its outputs in accurate and 
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context-specif ic information. This approach signif icantly reduces the risk of  hallucination and improves the 
reliability of  LLMs, making them better suited for specialized applications, such as interpreting complex and 

evolving building codes. 
 
In this paper, the authors present an LLM-based f ramework enhanced with RAG to develop an intelligent 

“building code expert” capable of  accurately responding to user queries about building codes. By leveraging 
RAG, the f ramework integrates the natural language understanding of  LLMs with real -time access to 
domain-specif ic information, ensuring both accuracy and relevance in its  responses. To evaluate the 

feasibility and performance of  the proposed f ramework, a dataset of  150 question-and-answer pairs was 
compiled f rom Chapters 5 and 10 of  the International Building Code 2015 (IBC2015) (International Code 
Council, 2014), covering key structural and safety regulations. The f ramework ’s performance was 

quantitatively assessed using three metrics: answer accuracy, semantic similarity between generated and 
reference answers, and completion time. Experimental results demonstrate that the proposed f ramework 
achieves higher answer accuracy compared to state-of -the-art machine learning-based approaches, 

highlighting its ef fectiveness in addressing the complexities of  building code interpretation.  
 
The proposed f ramework marks a promising step forward in leveraging AI to improve the accessibility, 

accuracy, and ef f iciency of interpreting complex building codes. With its ability to provide precise and user-
f riendly guidance, the f ramework has broad potential applications, including compliance checking, 
automated design validation, and risk assessment. By reducing reliance on human experts for routine code 

interpretation and minimizing the risk of  errors, it lowers operational costs while promoting safer and more 
ef f icient building practices. This study underscores the value of  AI-driven tools in bridging the gap between 
complex regulations and practical industry needs. 

 
2. LITERATURE REVIEW 
 

2.1 Building Code Interpretation 
 

Building code interpretation involves understanding and applying regulations to ensure construction 
projects comply with safety, health, and environmental standards. The primary outputs of  this process, 

particularly in automated systems, include compliance reports that assess a design’s adherence to relevant  
codes and highlight areas of  non-compliance, along with actionable recommendations to guide necessary 
design modif ications (Eastman et al., 2009). 

 
Various methodologies have been developed to tackle the complexities of  code interpretation, each with 
distinct strengths and limitations. Rule-based approaches rely on explicitly def ined rules derived f rom 

building codes, enabling systematic assessments o f  design compliance. While these methods produce 
clear and interpretable results, their rigidity of ten limits their ability to handle the nuanced and evolving 
nature of  modern codes. For instance, Zhang and El-Gohary (2016) introduced a semantic, rule-based 

natural language processing approach that uses pattern-matching information extraction rules, conf lict 
resolution mechanisms, and ontology-supported semantic feature recognition to achieve high precision and 
recall in extracting quantitative requirements f rom the 2009 International Building Code.  

 
Machine learning-based approaches of fer greater f lexibility by inferring compliance rules f rom datasets 
containing examples of  building designs and their compliance statuses. This data-driven method can adapt 

to complex code applications, though its success depends heavily on the availability of  extensive, high-
quality training data. For example, R. Zhang and El-Gohary (2019) developed a machine learning-based  
method to automatically decompose complex building code requirements into manageable units. Using 

techniques such as data preparation, deep neural network-based dependency parsing, and requirement  
segmentation, the approach demonstrated strong precision and recall when tested on the 2009 
International Building Code and the Champaign 2015 IBC Amendments.  

 
Building on these foundations, LLM-based approaches leverage Large Language Models to directly 
interpret building code texts through advanced natural language processing. These models provide 

dynamic, context-aware interpretations, enabling detailed analyses, explanations, and tailored 
recommendations based on a deeper understanding of  the language and intent within the codes. While 
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traditional rule-based and machine learning methods have laid a solid foundation for automated building 
code interpretation, LLM-based approaches of fer a more f lexible and context-sensitive solution, better 

equipped to handle the complexity and variability  inherent in modern building codes. 
 

2.2 Large Language Models  
 

Large Language Models (LLMs) are advanced machine learning models designed to understand and 
generate human-like text based on the training they receive f rom vast amounts of  textual data. The 
development of  Large Language Models began with rule-based systems in the mid-20th century, 

transitioning to statistical models like n-grams and Hidden Markov Models by the 1990s (Eddy, 1996). The 
resurgence of  neural networks in the 2000s led to the creation of  word embeddings and recurrent neural 
networks (Lipton et al., 2015), setting the stage for the transformative introduction of  transformer 

architectures in 2017 (Vaswani et al., 2017). This breakthrough enabled the development of  models like 
OpenAI’s GPT series (Models - OpenAI, 2025) and Google’s BERT (BERT, 2025), which have signif icantly 
advanced natural language processing capabilities and are widely implemented in various practical 

applications, such as chatbots, automated content generation, sentiment analysis, and enhanced search 
engine functionalities (Naveed et al., 2024). 
 

LLMs have signif icantly enhanced project management and ef f iciency in the Architecture, Engineering, and 
Construction (AEC) industry by streamlining various construction tasks. One example is the development 
of  the Natural-language-based Architectural Detailing through Interaction with AI (NADIA) system, which 

advances civil structure design by enabling natural language-driven architectural detailing. This innovative 
LLM-BIM chaining f ramework achieved an 83.33% accuracy rate in producing exterior wall details that meet 
specif ic design requirements(Jang et al., 2024). Similarly, the BIMS-GPT f ramework - a dynamic, GPT-

based virtual assistant - facilitates natural language-driven searches within building information models 
(BIM), achieving an impressive 99.5% accuracy in query classif ication while using minimal data, thereby 
greatly enhancing BIM accessibility in the construction industry (Zheng & Fischer, 2023). In another study, 

LLMs were employed to convert building code information into a logic programming language using a 
prompt-based f ramework, signif icantly improving both accuracy and ef f iciency. This method achieved 
97.37% precision and 95.88% recall when applied to International Building Code requirements, while also 

substantially reducing code generation time and minimizing manual ef fort (Yang & Zhang, 2024). These 
examples highlight the transformative potential of  LLMs in enhancing ef f iciency, accuracy, and accessibility 
across various construction processes within the AEC industry.  

 
While LLMs of fer signif icant advantages in the AEC industry, they still face key limitations, particularly the 
issue of  hallucination - the generation of  convincing but inaccurate answers due to limited domain-specific 

data and knowledge, which can lead to erroneous decisions (Huang et al., 2025). Additionally, LLMs trained 
on historical data of ten struggle to adapt to modern construction practices, making them less ef fective for 
handling state-of -the-art changes (Pulkkinen, 2024). 

 

2.3 Retrieval-Augmented Generation 
 

Retrieval-Augmented Generation (RAG) is a technology that enhances language models by combining the 

generative capabilities of  models like the Transformer with retrieval-based techniques (Lewis et al., 2020).  
This hybrid approach allows the model to generate responses based not only on f ixed parameters learned 
during training but also on dynamically retrieved information relevant to the task at hand. Essentially, RAG 

extends the Transformer architecture by integrating a retriever component that fetches relevant document 
snippets f rom a large corpus, which are then used by the generator to produce informed and contextually 
enriched outputs. 

 
The concept of  RAG was primarily developed to address limitations in pure generative models, such as 
GPT, which can generate plausible but sometimes factually incorrect or uninformative responses. The 

development of  RAG was inspired by earlier works that incorporated external knowledge bases into neural 
networks to enhance their information recall capabilities. By integrating retrieval mechanisms directly into 
the generation process, RAG allows models to leverage both parametric and non-parametric knowledge, 

leading to improvements in the quality and reliability of  generated text. The model was further popularized 
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by its implementation in various machine learning f rameworks, notably by Hugging Face's Transformers 
library, which made it accessible for a wide range of  applications and research experiments, such as 

Question Answering system (Xu et al., 2024), Medical Diagnostics (Zelin et al., 2024), and Legal and 
Financial Services (Pipitone & Alami, 2024). 
 

Within the AEC domain, RAG technology is starting to be recognized for its potential to transform several 
critical operations, such as contract risks analysis (Shuai & Caldas, 2024), construction safety(Jeong et al., 
2024), construction management (Wu et al., 2025). RAG’s ability to dynamically integrate retrieved data 

with generative modeling opens up new avenues for improving accuracy and ef f iciency in the AEC sector 
and beyond. As this technology continues to evolve, its integration into industry -standard tools is anticipated 
to grow, further enhancing its utility and transforming traditional workf lo ws. 

 

3. METHODOLOGY 
 

The LLM-based f ramework with RAG for building code interpretation is illustrated in Figure 1. This  
f ramework uses building codes as an external information source for LLMs. A PDF parser is f irst used to 
convert building codes f rom PDF format into plain text, facilitating the embedding process. An LLM-based 

embedder then transforms the textual data into embeddings, which are vector space representations 
designed to capture semantic and syntactic relationships. Simultaneously, the emb edder converts user 
queries f rom natural language into corresponding embeddings. Since both the building codes and user 

queries are represented in the same vector space, a searching algorithm can be applied to identify relevant 
content within the building codes. The retrieved content is then re-ranked based on relevance and combined 
with the original user query before being fed into another LLM to generate the f inal response. Because the 

LLM generates responses grounded in the retrieved content, the resulting answers are contextually relevant  
and accurate. 
 

To evaluate the performance of  the proposed f ramework, three metrics were used: answer accuracy, 
semantic similarity, and completion time. Answer accuracy is a binary metric that assesses the extent to 
which a generated answer aligns with a predef ined gold  standard. A score of  1 is assigned if  the generated 

answer fully covers the gold standard, while a score of  0 indicates incomplete coverage. This metric focuses 
on evaluating the completeness of  responses. Semantic similarity measures the degree of  semant ic 
alignment between the generated answer and the gold standard, using a scale f rom 0 to 1. A higher score 

indicates a stronger alignment in meaning and contextual relevance. This metric is essential for determining 
how ef fectively the generated response captures the intent and nuances of  the expected answer. 
Completion time records the duration, in seconds, f rom when a query is submitted to when the complete 

answer is produced. This metric ref lects the system’s ef f iciency and responsiveness, with shorter t imes 
indicating higher performance. This is particularly valuable in real-time applications where timely decision-
making is critical. 
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Figure 1. The LLM-based f ramework with RAG for building code interpretation. 

 
4. EXPERIMENT 
 

4.1 Dataset Preparation 
 

To evaluate the performance of  the f ramework, a question-answering dataset (Xue et al., 2024) was 
constructed using content f rom Chapters 5 and 10 of  the IBC2015, which focus on building heights, areas, 
and means of  egress. The dataset comprises 150 records, each consisting of a question, its corresponding 

answer, and the relevant context f rom the building code. When selecting regulations for data generation, 
the most specif ic provisions were identif ied as context. In cases where sections contained multiple 
subsections, each subsection was treated as a distinct context to create individual or multiple question-

answer pairs. This approach ensures comprehensive coverage of  the bui lding code while maintaining  
concise and focused questions and answers. 
 

The dataset was designed to follow the Stanford Question Answering Dataset (SQuAD) format (Rajpurkar 
et al., 2016), promoting standardization and enhancing its applicability for question-answering systems. 
The average word counts for questions, contexts, and answers are summarized in Table 1. On average, 

questions contain 18.25 words and typically begin with interrogative phrases such as "What...?" The context 
represents the original text extracted f rom the building code regulations, with an average length of  110.67 
words. Answers are presented in the most concise form possible while still fully addressing the 

corresponding question, averaging 4.25 words. This structured dataset supports ef fective evaluation of  the 
f ramework’s ability to interpret building codes accurately and ef f iciently.  
 

Table 1: Average word count analysis of  question answering dataset  

Attributes Question Context Answer 

Average word numbers 18.25 110.67 4.25 

 

4.2 Experimental Implementation 
 
Chapters 5 and 10 of  the IBC 2015, provided in PDF format, were extracted and merged into a single PDF 
document. A PDF parser, Marker, was utilized to convert this document into a markdown f ile, which was 

subsequently processed into a plain text format. Marker is a simple yet ef f icient tool for PDF conversion, 
facilitating the extraction of  structured text for further analysis (Paruchuri, 2023/2025). The converted text 
was then embedded using text-embedding-3-small, a lightweight embedding model developed by OpenAI 

(New Embedding Models and API Updates , 2024). This model transforms text into dense vector 
representations that capture both semantic and syntactic relationships, enabling ef fective information 
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retrieval. User queries were similarly embedded using the same model to ensure consistency in the retrieval 
process. To optimize the search and retrieval of  relevant content f rom the building code, the f ramework 

employed GraphRAG (GraphRAG, 2025), an advanced RAG architecture that integrates graph-based data 
structures with traditional RAG frameworks. GraphRAG represents knowledge as interconnected nodes 
(entities) and edges (relationships), allowing for more accurate context retrieval by capturing complex 

dependencies within the data. This graph-enhanced retrieval ensures that related nodes and edges are 
identif ied and used to generate a comprehensive context for each query.  Once the relevant content was 
retrieved and the contextual text generated, it was combined with the user’s query and fed into another 

LLM, GPT-4o (GPT-4o, 2025), for response generation. This process ensures that the generated answers  
are both contextually accurate and semantically aligned with the building code.  
 

During the f ramework setup, the embedding process for Chapters 5 and 10 was conducted only once. After 
this initial setup, 150 selected queries were individually processed through the f ramework to retrieve 
relevant content and generate corresponding answers.  Table 2 presents an example entry f rom the 

experimental process, focusing on regulations for revolving doors used as components of  a means of  
egress. Compared to the reference answer, the generated answer is longer and more detailed, providing a 
fuller explanation. Additionally, the generated context is not merely a direct retrieval f rom the building code 

but is synthesized using multiple nodes and relationships extracted f rom the original building code, of fering 
a more comprehensive and interconnected view of  the regulations.  
 

Table 2: Example entry f rom the question answering dataset 

Attributes Content 

Question 
What type of  door is used as a component of  a means of  egress and must comply 

with specif ic conditions regarding width, occupant load, and breakout force? 

Context 

1010.1.4.1.1 Egress component. A revolving door used as a component of  a 
means of  egress shall comply with Section 1010.1.4.1 and the following three 

conditions: 1. Revolving doors shall not be given credit for more than 50 percent 
of  the minimum width or required capacity. 2. Each revolving door shall be 

credited with a capacity based on not more than a 50-person occupant load. 3. 
Each revolving door shall provide for egress in accordance with BHMA A156.27 

with a breakout force of  not more than 130 pounds (578 N).  

Answer Revolving doors 

Generated answer 
Revolving doors are used as a component of  a means of  egress and must comply 

with specif ic conditions regarding width, occupant load, and breakout force.  

Generated context 
Revolving doors must have a side-hinged swinging door nearby as per Section 
1010.1, and they must comply with the requirements in Table 1010.1.4.1(2) for 

automatic or power-operated revolving doors. 

 
To evaluate the generated answer, an independent LLM, GPT-4o, was used to determine whether the 
generated answer fully covered the reference answer. A score of  1 was assigned if  the generated answer 

completely matched the reference answer; otherwise, a sco re of  0 was given. In the example shown in 
Table 2, the generated answer fully covered the reference answer, “Revolving doors”, resulting in a score 
of  1. To further assess the semantic accuracy of  the generated answer, semantic similarity was calculated 

using a cross-encoder model. The process involved three steps. First, the reference answer was vectorized 
using the specif ied embedding model. Second, the generated answer was vectorized using the same 
embedding model to ensure consistency. Finally, the cos ine similarity between the two vectors was 

computed to quantify their semantic alignment. This evaluation was implemented using a Python program. 
For the example in Table 2, the semantic similarity between the generated answer and the reference 
answer was 0.8738, indicating a high level of  semantic similarity. The ef f iciency of  the f ramework was also 

evaluated by measuring the completion time, which records the duration (in seconds) f rom query input to 
answer generation, as tracked by GraphRAG. For the example in Table 2, the completion time was 3.11 
seconds. This evaluation process was applied to all 150 queries, and the results are discussed in the 

subsequent section. 
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5. RESULTS 
 
The generated answers and contexts for all 150 queries were recorded and analyzed. Table 3 presents the 
average word count for both. Compared to the reference answers, the generated answers are signif icantly 
longer, with an average of  24.37 words. This dif ference arises because the reference answers are 

intentionally concise, containing only the essential information needed to address the query, while the 
generated answers are designed to be more complete and explanatory. In contrast, the generated contexts 
are shorter on average than the reference contexts, with 33.72 words compared to the of ten-lengthier 

building code provisions. This is because the reference contexts are direct excerpts f rom the building code, 
of ten covering broader sections that may address multiple queries. The generated contexts, however, are 
synthesized summaries that draw f rom multiple related sources within the building code, providing concise, 

query-specif ic information that directly supports the generated answers.  
 

Table 3: Average word count for generated answers and contexts in dataset  

Attributes Generated answer Generated context 

Average word numbers 24.37 33.72 

 
 
For the evaluation of  the f ramework across the selected queries, Table 4 presents key performance metrics, 

including answer accuracy, semantic similarity, and completion time. The f ramework achieved an average 
answer accuracy of  0.747, outperforming the state-of -the-art deep learning and NLP-based question-
answering (QA) system, which reports a top-1 exact match accuracy of  0.63 (Xue et al., 2024). This  

indicates the f ramework’s superior capability in producing precise answers. Additionally, the average 
semantic similarity score of  0.857 demonstrates the f ramework’s ef fectiveness in generating answers that 
closely align with the reference answers in terms of  meaning and context. The average completion time of  

2.610 seconds highlights the system’s ef f iciency in generating timely responses, making it suitable for real -
time or near-real-time applications. 
 

Table 4: Performance metrics for question answering system 

Metrics Answer accuracy Semantic similarity Completion time (s)   

Score/Duration 0.747 0.857 2.610 

 
These results conf irm that the proposed f ramework not only improves answer accuracy compared to 
existing QA systems but also maintains a high level of  semantic relevance while delivering responses 
ef f iciently. Future work could focus on further optimizing completion time and exploring methods to enhance 

the contextual depth of  generated answers without sacrif icing conciseness. The strong performance across 
all metrics suggests the f ramework’s potential for broader application in regulatory document interpretation 
and other complex domains requiring accurate and contextually grounded question answering . 

 
6. CONCLUSIONS 
 
This study presents an LLM-based f ramework enhanced with RAG for building code interpretation, 
addressing the complexities and challenges associated with understanding and applying regulatory 
documents like the IBC2015. By integrating domain-specif ic knowledge retrieval with the natural language 

understanding capabilities of  LLMs, the proposed f ramework ef fectively mitigates common issues found in 
universal LLMs, such as hallucination and irrelevant responses, thereby improv ing both the accuracy and 
reliability of  the answers generated. 

 
The evaluation of  the f ramework, conducted using a dataset of  150 queries, demonstrated its strong 
performance across multiple metrics. The f ramework achieved an average answer accuracy of  0.747,  

surpassing the performance of  state-of -the-art deep learning and NLP-based question-answering systems. 
Additionally, the semantic similarity score of  0.857 highlights the f ramework's ability to produce contextually 
accurate answers that closely align with the intended meaning of  the reference responses. The average  

completion time of  2.610 seconds further emphasizes the system’s ef f iciency, making it viable for real -time 
applications where timely decision-making is critical. Beyond its strong quantitative performance, the 



CON-174-8 
 

f ramework of fers practical advantages in building code interpretation by generating concise, query -specific 
contexts that streamline complex regulatory information. This not only reduces reliance on human experts 

but also lowers operational costs and enhances accessibility for users with varying levels of  expertise. The 
system’s ability to synthesize and summarize information f rom multiple sources within the building code 
ensures that responses are both comprehensive and directly relevant to user queries.  

 
Future work will focus on several key areas to further enhance the f ramework's performance and 
adaptability. One priority is optimizing the completion time to improve ef f iciency, particularly for large-scale 

or real-time applications. Additionally, ef forts will be made to ref ine the generation of  context by 
incorporating more advanced graph-based retrieval methods, enabling deeper contextual understanding 
and more nuanced responses. To address the current limitation of  dataset scope, the authors plan to 

expand the dataset beyond the initial 150 Q&A pairs by incorporating a wider range of  questions and 
answers derived f rom multiple building codes, including region-specif ic regulations and their updates. This 
expansion will facilitate more comprehensive validation and strengthen the f ramework’s generalizability and 

relevance across diverse compliance scenarios. Furthermore, integrating user feedback mechanisms could 
help f ine-tune the system's accuracy and relevance over time. Finally, extending the f ramework’s 
capabilities to other domains that require precise interpretation of  complex regulatory documents, such as 

legal codes or environmental regulations, represents a promising direction for broader impact.  
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