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Abstract
Traditional methods for ensuring building code compliance often
demand substantial time and resources and are prone to human
error, leading to inconsistent evaluations of critical residential sys-
tems. Such inconsistencies can result in overlooked safety haz-
ards and costly future repairs. To address these challenges, this pa-
per introduces an innovative Vision-Language Model (VLM) agent
specifically designed for building code compliance. The proposed
agent combines advanced reasoning and action capabilities with
specialized tools. It leverages a knowledge base comprising key
building codes, including the International Residential Code (IRC)
and the International Plumbing Code (IPC), and employs Retrieval-
Augmented Generation (RAG) to identify relevant standards tai-
lored to specific compliance requirements. An interactive interface
enables users to submit both images and text, which the agent
systematically analyzes. The VLM agent detects critical compo-
nents, such as P-traps, and retrieves corresponding building code
references. The system then generates a comprehensive report
summarizing identified issues, assessing their severity, and citing
relevant code sections. We use four distinct building components
from real home inspection reports to evaluate the system’s perfor-
mance. The VLM agent achieves an average 96.25% similarity with
the human-created inspection report. This research demonstrates
a practical application of VLM agents, significantly enhancing the
accuracy, accessibility, and reliability of building code compliance
processes.
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1 Introduction
Building code compliance is critical for ensuring safe and healthy
living environments. However, code violations are often missed or
ignored because they are not immediately visible, the issue devel-
oped well after the last inspection, or the building code was updated.
Ensuring code compliance presents significant challenges, requir-
ing specialized knowledge, considerable time, and the involvement
of costly experts. For instance, a single manual inspection averages
three hours to complete and can cost more than $500, all while
being prone to human error as inspectors must interpret complex,
evolving codebooks. As a result, compliance is frequently neglected
[15], leading to building deterioration, increased problems, and neg-
ative impacts on residents’ quality of life and well-being. Moreover,
the home inspection industry faces a significant demographic chal-
lenge, as the majority of inspectors are aging, with a shrinking pool
of new entrants. Additionally, despite recommendations to conduct
thorough inspections at least once every two years, many property
owners neglect regular inspections due to cost, accessibility, and
awareness constraints.

As current methods for verifying compliance are largely man-
ual, labor-intensive, and rely heavily on expert interpretation and
physical inspections [2], this process is subjective and difficult to
scale. Automation opens new possibilities for streamlining complex
processes such as building inspections. In particular, advances in
artificial intelligence (AI) have enabled the translation of visual
semantic relationships and spatial configurations into structured
text-based formats, which can be systematically compared and
verified against regulatory standards.

Recent developments in computer vision have demonstrated
significant potential for partially addressing these informational
gaps in smart building applications. For instance, Pérez et al. [13]
employed convolutional neural networks (CNNs) to successfully
detect and localize common building defects such as mold, stains,
and structural deterioration. Building on this, research has scaled
to the urban level, where Gouveia et al. [5] utilized CNN-based
models to classify entire buildings using Google Street View images,
showcasing the potential for large-scale building stock analysis.
To further accelerate progress in this domain, Kottari et al. [6]
introduced a crucial public benchmark dataset covering six common
types of building defects. While these studies validate the use of
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AI for visual identification, they primarily focus on classification
and detection tasks, stopping short of interpreting these findings
within a complex regulatory framework. Similarly, Mathur et al.
[8] developed an autonomous pipeline using UAVs specifically for
detecting cracks on high-rise building façades. Moreover, much of
this work has focused on building exteriors, leaving the complex
and highly varied interior environments—where occupants spend
the vast majority of their time—comparatively under-explored.

The emergence of large language models (LLMs) and vision-
language models (VLMs) highlights their potential to automate
building inspections by providing contextual, spatial, and ambient
knowledge that traditional methods often fail to capture. Thesemod-
els advance semantic and spatial understanding, enabling recogni-
tion of subtle relationships among building components. Radford et
al. [14] proposed CLIP (Contrastive Language-Image Pre-Training),
a VLM pre-trained on 400 million image-text pairs that demon-
strates robust zero-shot capabilities. Li et al. [7] introduced BLIP-2,
achieving high performance on vision-language tasks with signifi-
cantly fewer trainable parameters.

Beyond passive analysis, LLM agent systems also show promise
for complex reasoning tasks. Wei et al. [17] introduced Chain-of-
Thought (COT) prompting, enhancing LLM reasoning through in-
termediate steps. Yao et al. [18] developed ReAct, combining rea-
soning and tool interaction dynamically. Niu et al. [11] created
ScreenAgent, a VLM agent capable of interacting with graphical
user interfaces effectively.

Despite these parallel advancements in semantic building mod-
els, computer vision, and LLM agents, to our knowledge, no existing
study has explored VLM agents for building code compliance. This
paper addresses critical research gaps: (1) How can a VLM agent
streamline and enhance building code compliance? (2) What cate-
gories of building codes should be included in the knowledge base
for retrieval-augmented generation (RAG)?

To answer these questions, we introduce an innovative VLM
agent system for building code compliance. Our primary contribu-
tion lies in constructing a knowledge base of building codes and
developing a VLM agent system that leverages reasoning and spe-
cialized tools to retrieve relevant information. Users provide both
images and text as inputs, and the agent analyzes them to generate
comprehensive compliance reports.

2 Methodology
We introduce a VLM agent system designed to evaluate building
code compliance. The overview of our approach is in Figure 2. The
user captures image data and creates an instruction for the system.
The VLM agent interprets the input, and queries the knowledge
base for building codes relevant to the input data. Then, it generates
an inspection report by evaluating if the relevant building codes
are met in the input image.

2.1 Inspection Report Knowledge Base
Retrieval-Augmented Generation (RAG) plays a crucial role in ad-
dressing the limitations of LLMs, including hallucinations and out-
dated internal knowledge [4]. RAG enables an LLM to retrieve
relevant information from an external knowledge base based on an

Figure 1: Overview of RAG Setup.

Figure 2: Framework of VLM Agent System.

input query. It then combines the query with the retrieved infor-
mation before passing it to the LLM, leading to more accurate and
contextually relevant outputs. Through RAG, an LLM can access
external knowledge that may be up to date and not included in its
original training data. This external information can be sensitive
or difficult to obtain for direct model training. The RAG setup is
illustrated in Figure 1.

To build our knowledge base, we collected the International
Residential Code (IRC) 2021, International Plumbing Code (IPC)
2021, and Virginia Residential Code 2021. The Virginia Residential
Code adopts the IRC 2021 with amendments and represents the
current code in Virginia. For use with building code compliance,
our knowledge base contains building codes that are the rules used
to evaluate input text and images for compliance. We convert these
documents from PDF to Markdown format using Docling [16] and
segment the documents into smaller chunks. Text chunks are then
transformed into vector representations and stored in a vector
database based on the BGE M3-Embedding model [3].

When a text query is created by the agent, it is also converted
into vectors using the same embedding model. A similarity search
is performed to retrieve the most relevant information from the
database. Finally, the query and retrieved content are provided to
the agent to generate a precise response.

2.2 Tool Box
The system includes two tools: a web search tool and a knowledge
base retrieval tool.

The web search tool, built on Tavily, achieves real-time infor-
mation search from the internet. The knowledge base retrieval
tool, based on RAG, locates relevant information from the internal
knowledge repository.
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2.3 Agent System
The agent system accepts both image and text inputs, enabling it to
reason and perform actions by invoking tools, conducting retriev-
ing information from the knowledge base and web searches. The
knowledge base retrieval tool accesses relevant information based
on the input query. When this tool fails to retrieve relevant infor-
mation, the web search tool queries online sources. The system also
maintains memory to preserve contextual information throughout
interactions.

The overall framework can be expressed mathematically as:

A = S(P,H ,Q;T) (1)

Where A denotes the answer produced by the agent system, S
represents the agent system itself, P refers to the system prompt,
H denotes to the conversation history, Q indicates the input , and
T represents the set of tools utilized during reasoning.

3 Experiment Design
We used Gradio [1] to develop a user interface that enables interac-
tion between the user and the agent. The designed interface allows
users to input queries and receive responses directly from the agent.

We curated a collection of 86 detailed home inspection reports
from public online sources. Our evaluation focuses on case studies
from Virginia as an example to align our experiments with the
agent’s specialized knowledge base, which was populated with
the Virginia Residential Code. Representative examples of building
components, such as kitchen sinks, vinyl siding, chimney crowns,
and coils, were selected as input. Relevant text was combined with
these components to form multimodal queries for the VLM agent
system. Figure 3 illustrates examples of multimodal inputs used to
assess compliance with applicable building codes.

To evaluate the performance of our VLM agent, we compare
the similarity of the report generated by our system with expert-
provided analysis from the inspection report. To measure the simi-
larity, we use GPT-4o [12] to produce the overall percentage of our
report that is similar to the ground truth inspection report.

4 Result
Based on user input, including images or text, the agent system
performs reasoning and takes actions through tool invocation to
complete code compliance analysis. Figure 4 illustrates a full report
generated by the VLM agent system for a kitchen sink case study
(Figure 3a). The agent first identifies the components in the image,
including a kitchen sink drain with a P-trap and waste disposer, as
well as an electrical junction box located beneath the sink. It then
retrieves relevant sections and citations from the knowledge base
and the National Electrical Code (NEC) using RAG and the web
search tool, such as P3201.4 and P3114.7. In the third step, the VLM
agent systematically compares findings within a structured table,
highlighting several violations. These include a “double trap” (two
U-bends in series) violating IPC P3201.4, an improper “trap adapter
coupling,” and a potentially missing “trap vent,” each supported by
corresponding code references. The agent also identifies that the
electrical junction box is inaccessible due to its placement behind
plumbing, violating NEC 314.29. Finally, the agent synthesizes these

Figure 3: Examples of Multimodal Input.

findings into a compliance determination, summarizing the viola-
tions and providing a prioritized list of corrective actions with clear,
step-by-step instructions to address the plumbing and electrical
issues.

To quantitatively validate the agent’s performance, we compare
its generated reports against the ground-truth evaluations from
the original home inspection reports. The results, summarized in
Table 1, show a high degree of similarity across all case studies,
with the system achieving an average similarity of 96.25%. The
agent demonstrated 100% similarity on the more visually distinct
cases of vinyl siding and the chimney crown. Similarity remained
high for the mechanically complex HVAC coil scene (95%) and
the kitchen sink scene (90%), with the latter’s score reflecting the
multiple, overlapping plumbing and electrical issues present in a
confined space.

Table 1: Similarity of the VLM agent system’s answers com-
pared with home inspection reports

Object Evaluation Similarity
Kitchen Sink 90%
Vinyl Siding 100%
Chimney Crown 100%
Coil 95%
Average 96.25%

5 Discussion
The evaluation results of the agent system demonstrate that the
agent system effectively analyzes user queries and establishes strong
connections between the provided image of building components
and the corresponding building codes. Through reasoning and tool
invocation, the system generates a detailed report on the inspected
building component in Virginia. The report describes the detected
components in detail, identifies compliant elements, highlights ar-
eas requiring attention or posing safety risks, reference the relevant
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Figure 4: Example of the VLM Agent System outputs.

building codes, and proposes corrective actions. Furthermore, in-
corporating icons in the reports improves clarity and emphasizes
critical information.

The over 98% similarity observed in the vinyl siding and chimney
crown scenes is likely attributable to their visual simplicity, which
enables the agent to analyze these components more effectively.
In contrast, the coil scene appears more complex, resulting in a
slightly lower similarity of 95%. The kitchen sink scene records
the lowest similarity at 90%, possibly due to increased visual or
contextual complexity. These findings highlight the need to enhance
the agent’s ability to understand and reason about more intricate
building components. Upgrading the current VLM agent system to
a multi-agent framework may help address this challenge.

Despite its strong overall performance, the agent system exhibits
several limitations. The current knowledge base includes only the
Virginia building code for state-level regulations in the United
States, even though each state typically maintains its own building
codes. Moreover, the generated reports occasionally include errors,
such as incorrect building code references. These issues may stem
from deficiencies in the web search and knowledge base retrieval
tools, which sometimes fail to access accurate or comprehensive
information. This suggests that the model lacks sufficient domain-
specific knowledge of building code compliance. Expanding the
knowledge base to include additional building codes and improving
the RAG component could mitigate these shortcomings.

6 Conclusion and Future Work
This study introduces a VLM agent designed to support building
code compliance. The agent establishes a bridge connecting images
and building codes. By reasoning and collaboratively invoking
specialized tools, the system analyzes multimodal inputs (images
and text) and generates detailed reports that help users understand
the condition and compliance status of building-related objects
depicted in the images. Four different building object scenes were
used to evaluate the VLM agent system. GPT-4o was employed to

calculate the similarity accuracy between the outputs generated
by the VLM agent and the corresponding evaluation results from
home inspection reports. The system achieves an average similarity
of 96.25% and produces a detailed report for each scene.

Future enhancements could further improve system performance.
Expanding the knowledge base to include additional building codes,
such as the NEC and the International Fuel Gas Code (IFGC), would
enable broader and more precise information retrieval across differ-
ent types of buildings (e.g., residential, commercial, and industrial).
Incorporating a more advanced embedding model, adopting an
improved similarity search algorithm, or introducing a reranking
model to better organize retrieved information could enhance the
accuracy of the RAG component. Additionally, evolving the system
into a multi-agent architecture may benefit building code compli-
ance tasks by decomposing complex processes into subtasks, with
each agent specializing in a particular aspect of the analysis. An-
other significant future direction would be the integration of human
expertise through a human-in-the-loop framework. This would in-
volve using datasets annotated by certified inspectors to fine-tune
the agent and creating an interactive system where inspectors can
validate, correct, and enrich the agent’s findings.

This work lays the foundation for future research on VLM agents
for building code compliance and offers insights that can inspire
broader research in smart buildings and smart cities.
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