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Abstract — Keywords —
As infrastructure systems such as bridges continue Large Language Model; Multi-Head RAG;
to age, maintenance engineers are increasingly Infrastructure Maintenance; Decision Support
required to make timely and consistent decisions System

based on large volumes of unstructured maintenance
documents. In current practice, decision-making
relies heavily on inspectors’ experience and manual
interpretation of guidelines, inspection reports, and
past cases, often resulting in inconsistent judgments
and limited reuse of accumulated knowledge. This
study proposes a Large Language Model (LLM)-
based decision support framework for infrastructure
maintenance using a Multi-Head Retrieval
Augmented Generation (MRAG) architecture.
Maintenance documents are preprocessed into
semantically coherent text segments, embedded, and
organized into facility specific knowledge repositories.
Upon receiving a query, the system identifies the
relevant facility context and performs parallel
semantic retrieval across multiple domain specific
heads, enabling facility-oriented standards to be
considered while minimizing interference from
unrelated documents. When facility specific evidence
is insufficient, supplementary retrieval is selectively
conducted using a shared common repository. To
mitigate hallucination and enhance reliability, the
framework applies relevance-based filtering and
confidence aware response control. If reliable
evidence cannot be identified, the system explicitly
notifies the user of insufficient information instead of
generating speculative outputs. When sufficient
context is available, the LLM synthesizes retrieved
evidence to provide decision support responses with
explicit document and page references. Overall, the
proposed framework promotes transparent and
consistent maintenance decision making and
demonstrates strong potential as a scalable generative
Al solution for diverse infrastructure maintenance
domains.
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1 Introduction

As infrastructure systems worldwide continue to age,
ensuring structural safety while improving the efficiency
of maintenance practices has become an increasingly
critical challenge [1]. Major infrastructure facilities,
including bridges, experience growing inspection and
maintenance demands as their service life progresses,
highlighting the need for systematic and consistent
decision-making approaches. In current practice,
infrastructure maintenance decisions are primarily
supported by visual inspections and material testing.
When defects or abnormal conditions are identified at the
component level, relevant standards and guidelines are
reviewed to determine appropriate management and
response actions. However, such traditional inspection
practices rely heavily on inspectors’ experience and
subjective judgment [2]. Even under similar conditions,
different inspectors may reach different conclusions,
making it difficult to ensure consistency and reliability in
maintenance-related decisions [3]. This variability can
negatively affect long term lifecycle management and
maintenance planning [4]. These challenges are further
amplified by the increasing participation of newly trained
inspection personnel, as differences in experience and
expertise often lead to discrepancies in judgment despite
the application of standardized criteria. Consequently,
maintenance outcomes may depend strongly on
individual proficiency, underscoring the need for tools
that support more objective and repeatable decision-
making. Another critical limitation arises from the
document centric nature of infrastructure maintenance.
Standards, manuals, inspection reports, and repair case
records are typically stored in unstructured formats such
as PDF or HWP files [5]. Maintenance engineers must



manually search and interpret these documents, which is
time-consuming and inefficient, particularly in field
environments where timely decisions are required. As a
result, similar maintenance issues may be addressed
differently across departments or personnel. This
challenge is also evident in Korean maintenance practice,
where decision making often depends on individual
interpretation of document-based standards and
guidelines.

Recent advances in artificial intelligence and natural
language processing have increased interest in generative
Al techniques for effectively utilizing unstructured
documents. Large Language Models (LLMs)
demonstrate strong capabilities in generating context
aware responses and summarizing complex technical
texts [6, 7]. However, such models are also prone to
hallucination, generating responses that are insufficiently
grounded in factual sources [8]. To address this limitation,
Retrieval Augmented Generation (RAG) has been
introduced as a framework that integrates external
document retrieval with language model-based
generation [9]. By combining retrieval and generation
within a unified pipeline, updated information can be
incorporated without retraining the model [10]. However,
infrastructure maintenance documents differ
significantly in scope and purpose, including common
standards, facility specific guidelines, and historical
inspection records. When such diverse and unstructured
documents are retrieved from a single unified repository,
irrelevant information may interfere with retrieval results,
motivating the adoption of a Multi-Head Retrieval
Augmented Generation (MRAG) structure that performs
parallel, domain separated retrieval.

Building on this concept, this study investigates
whether a generative Al-based framework can effectively
support document-driven decision-making in
infrastructure maintenance. The proposed approach aims
to reduce dependence on expert judgment, enhance
consistency  through  automated retrieval and
interpretation of maintenance documents, and provide a
practical foundation for digital transformation and Al-
driven automation in infrastructure maintenance
workflows.

2 Literature Review

Infrastructure maintenance has been studied as a
complex decision making process aimed at ensuring long
term structural safety and serviceability [3]. Previous
studies have proposed various methods, including
standardized evaluation criteria, quantitative indicators,
and rule-based or data-driven systems [3, 4]. While these
approaches provide a certain level of consistency, they
often rely on predefined rules or limited datasets and
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struggle to flexibly incorporate diverse field conditions
and document-based knowledge. In practice, the
interpretation of inspection results frequently depends on
the experience of inspectors, leading to inconsistent
decisions under similar conditions [2]. To address this
issue, decision support systems have been introduced;
however, many existing systems focus primarily on
numerical analysis and provide limited support for
utilizing qualitative information embedded in technical
documents [5]. Maintenance-related knowledge is
largely accumulated in unstructured documents such as
standards, manuals, inspection reports, and repair records.
Conventional keyword-based retrieval methods offer
limited contextual understanding, making it difficult to
effectively utilize such document-centric knowledge.
Consequently, existing maintenance support systems
often fail to deliver timely and context-aware guidance
when multiple unstructured documents must be
considered simultaneously. Recent advances in natural
language processing have brought attention to generative
Al technologies, particularly Large Language Models.
While LLMs demonstrate strong capabilities in natural
language understanding, they are prone to hallucination
when responses are generated without sufficient
grounding in factual documents [8]. Retrieval-
Augmented Generation has been proposed to mitigate
this limitation by grounding responses in retrieved
documents [9, 10]. However, conventional RAG
architectures typically rely on a single unified document
repository [14]. In domains characterized by unstructured
document sets such as infrastructure maintenance
involving multiple facility types and standards this
approach may lead to domain mixing and reduced
contextual relevance. Retrieved documents that are only
partially related to the query may negatively affect
response quality. To address this limitation, recent
research has highlighted the need for structured retrieval
strategies that separate document spaces according to
domain or purpose [15]. Multi-head retrieval
architectures enable parallel or domain specific retrieval,
reducing irrelevant document interference and improving
contextual precision. Based on this perspective, this
paper explores the application of a Multi-Head
RAG(MRAG) framework to infrastructure maintenance
decision support, aiming to enhance both retrieval
reliability and response consistency. While existing
multi-repository or hybrid retrieval systems combine
multiple data sources within a unified retrieval space, the
proposed MRAG framework introduces a domain-
partitioned retrieval architecture with query-level head
routing, reducing cross-domain interference and
improving contextual consistency. In addition, the
integration of Fusion-in-Decoder (FiD) and Corrective
RAG (CRAGQG) enables both multi-evidence reasoning
and evidence-level verification.



3  Methodology

This study proposes a document-driven decision
support framework for infrastructure maintenance based
on a Multi-Head Retrieval Augmented Generation
(MRAG) architecture. The proposed methodology is
designed to overcome the limitations of conventional
inspection support systems by performing parallel
retrieval across multiple maintenance document
collections with different roles and scopes, and by
integrating the retrieved information into a generative
reasoning process. Rather than functioning as a simple
question-answering system, the framework is intended to
support document-based decision making that reflects
how maintenance engineers interpret and utilize technical
documents in practice.

The overall methodology consists of document
preprocessing, Multi-Head RAG  Pipeline and
Implementation Details, as illustrated in Fig. 1. Each
stage is designed to preserve contextual relationships
among maintenance standards, guidelines, and inspection
records, thereby improving the consistency and
reliability of maintenance related decision support.
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Figure 1. Overview of the proposed Multi-Head
RAG pipeline

3.1 Document Preprocessing

The maintenance-related knowledge leveraged in this
study is collected from various technical documents,
including maintenance standards, inspection manuals,
guidelines, and historical inspection reports. These
documents are primarily provided in unstructured
formats such as PDF or HWP files and contain diverse
information types, including descriptive text, tabular data,
and procedural instructions. All documents are converted
into machine readable text through a document parsing
process. The extracted text is then segmented into
semantically coherent paragraph level units to preserve
contextual consistency. Each segment is associated with
metadata such as document name, page number, facility
type, and functional role (e.g., standard definition,
inspection criterion, or procedural guidance). After
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segmentation, each document segment is encoded into a
dense vector representation using a text-embedding-3-
large model. This embedding process maps document
segments into a shared semantic space, enabling semantic
comparison with user queries during retrieval. By
representing both document segments and user queries in
the same embedding space, the proposed framework
supports similarity-based retrieval that goes beyond exact
keyword matching and captures contextual relevance
across unstructured maintenance documents. Fig. 2
illustrates the offline preprocessing and embedding
workflow used to construct the vector database prior to
online retrieval and response generation.
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Figure 2. Data embedding process

3.2  Multi-Head RAG Pipeline

This paper adopts a Multi-Head Retrieval Augmented
Generation (MRAG) pipeline to support document-
driven decision making in infrastructure maintenance.
Fig. 1 illustrates the overall architecture and information
flow of the proposed Multi-Head RAG pipeline. Unlike
conventional RAG architectures that rely on a single
unified document repository, the proposed pipeline
separates document collections into multiple domain
specific heads according to facility type and document
purpose. This design aims to reduce irrelevant document
interference and improve retrieval reliability in
environments characterized by complex corpuses of
maintenance documents.

Each head maintains an independent vector database
constructed from semantically chunked maintenance
documents. Common maintenance standards and general
guidelines are stored in a shared Common head, while
facility specific heads (e.g., bridge, port, dam) contain
documents dedicated to individual infrastructure types.
When a user submits a query, the system first identifies
the relevant facility context based on query intent and
metadata cues and then performs parallel retrieval across
the corresponding domain specific head and the Common
head. Retrieved document segments from each head are
ranked independently based on semantic similarity, and
only evidence that satisfies predefined relevance
thresholds is forwarded to the generation stage. If



sufficient facility specific evidence is unavailable, the
pipeline selectively relies on the Common head to
provide generalized guidance, while explicitly indicating
the absence of dedicated domain evidence. This fallback
strategy prevents cross domain contamination and
mitigates the risk of generating unsupported responses.

The retrieved evidence is then passed to a Large
Language Model, which synthesizes the information into
a structured and context aware response. The generation
process is constrained to the retrieved document contents,
ensuring that responses remain grounded in verifiable
sources. Through domain separation, parallel retrieval,
and evidence aware generation, the proposed MRAG
pipeline enhances the consistency and transparency of
document-based maintenance support.

3.21  Query Analysis and Head Selection

The composition and roles of the document heads
used in the MRAG pipeline are summarized in Tab. 1.
The first stage of the proposed MRAG pipeline focuses
on query analysis and head selection. When a user
submits a natural language query, the system analyzes the
query to identify key elements such as the target facility
type, structural component, damage related terms, and
maintenance context. This analysis enables the system to
determine the most relevant domain-specific document
heads to be activated for retrieval. Based on the identified
facility context, the pipeline selectively activates the
corresponding facility specific head (e.g., bridge, port, or
dam, etc.) together with the Common head. The Common

head contains general maintenance standards and
evaluation guidelines that are applicable across multiple
infrastructure types, while facility specific heads store
documents dedicated to individual facility categories.
Heads that are not relevant to the detected facility context
are explicitly excluded from the retrieval process to
prevent unnecessary document interference. This
selective head activation mechanism allows the MRAG
pipeline to narrow the search scope before retrieval is
performed, reducing noise from unrelated document
domains. By routing each query to an appropriate subset
of heads, the system ensures that subsequent retrieval
stages focus on documents that are contextually aligned
with the user’s intent. As a result, the pipeline improves
retrieval precision while maintaining flexibility to
support both facility specific and cross-domain
maintenance queries.

3.2.2 Parallel Retrieval across Multi-Heads

After relevant document heads are selected, the
MRAG pipeline performs parallel retrieval across the
activated heads. Each head maintains an independent
vector database constructed from semantically
segmented maintenance documents. This separation
allows retrieval to be conducted within a constrained
document space that is aligned with the facility context
of the query. For a given query, semantic search is
executed independently within each activated head.
Retrieved document segments are ranked according to
their relevance to the query, and the results from different
heads are kept separate during this stage. By avoiding

Table 1 Composition of document heads in the MRAG pipeline

Head Domain Included Purbose Head Domain Included Purbose
Category Documents P Category Documents P
Provides Provides
Common cross-facility Dam & hydraulic and
. . . Dam manual, .
Head manual, Seismic  maintenance Head River . river
Common .. Weir manual, .
1 performance principles and 4 Infrastruct infrastructure
. . Levee manual .
evaluation evaluation ure maintenance
concepts standards
Supplies Water supply  Addresses
Head Bridge & Bridge manual, m?unt.enance Head Water manual, undergrp und
criteria for Supply & Sewerage and utility
2 Tunnel Tunnel manual 5 .
road-related Sewerage  manual, Pump infrastructure
structures station manual maintenance
Port & Covers port Covers slope
Port manual, and coastal Slope & Retaining wall  stability and
Head  Coastal o Head .. L
Harbor-related  facility Retaining manual, Cut  earth-retaining
3 Infrastruc . 6
ture manuals maintenance Structures  slope manual  structure
guidelines maintenance
Head Domain Category Included Documents Purpose
Head 7 Auxiliary Noise barrier manual, Building-related ~ Supports auxiliary and facility-adjacent
Facilities manuals structures
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early fusion of diverse document sets, the pipeline
prevents irrelevant or weakly related documents from
influencing retrieval outcomes. Parallel retrieval enables
the system to simultaneously consider both facility
specific knowledge and common maintenance standards
when applicable. At the same time, heads that were
excluded during the query analysis stage do not
participate in retrieval, ensuring that unrelated domains
do not introduce noise. This design improves retrieval
efficiency and enhances the contextual precision of the
retrieved evidence.

The retrieved results from each head are subsequently
passed to the evidence filtering and generation stages,
where relevance thresholds and consistency checks are
applied before response synthesis. Through this parallel
and domain separated retrieval strategy, the MRAG
pipeline establishes a robust foundation for reliable
document grounded generation.

3.2.3  Filtering and Controlled Generation

After parallel retrieval across the activated heads, the
MRAG pipeline applies evidence filtering and controlled
generation stage to ensure that responses remain
grounded in reliable document sources. Retrieved
document segments from each head are first evaluated
based on predefined relevance thresholds, and segments
that do not satisfy the minimum relevance criteria are
excluded from subsequent processing. To synthesize
information from multiple retrieved segments, the
pipeline adopts a Fusion-in-Decoder (FiD) strategy[18].
Unlike conventional RAG, FiD encodes retrieved
passages separately and integrates them during decoding,
allowing the model to synthesize distributed evidence
while preserving source-level distinctions. Based on this
integration, an initial response is generated by the model
using the aggregated evidence. In addition, a Corrective
Retrieval-Augmented Generation (CRAG) mechanism
[19] is employed to verify the adequacy of retrieved
evidence before response generation. Rather than directly
filtering individual passages, CRAG operates as a
generation level control mechanism that evaluates
whether the generated response is sufficiently supported
by consistent and relevant evidence. If the generated
response indicates insufficient evidence, the pipeline
refrains from producing unsupported outputs and triggers
a corrective retrieval process (fallback to the Common
head) followed by response regeneration. If sufficient
evidence is still unavailable after the corrective retrieval
process, the system explicitly outputs that no supporting
evidence exists, thereby avoiding speculative or
misleading responses. Through the combined use of
relevance-based filtering, FiD-based evidence fusion,
and CRAG-based verification, the proposed MRAG
pipeline enforces evidence aware generation. This design
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reduces the risk of unsupported responses and enhances
the transparency and reliability of document-driven
maintenance support. Compared with conventional RAG,
the proposed MRAG framework restricts retrieval to
relevant domain-specific heads, integrates distributed
evidence through FiD, and suppresses unsupported
outputs through CRAG, thereby improving response
relevance and reliability.

Query
What should be inspected first when abnormal conditions are observed at

a bridge expansion joint, such as insufficient or excessive joint gap, debris
accumulation, leakage, rubber wear, or joint filler damage?

Answer

Conventional RAG @aseline) MRAG (Proposed)

The first step is to check
whetherthe expansionjointis
functioning properly, including
joint gap condition, material v
condition, and drainage.
General inspection should be
conducted based on overall
condition and maintenance
guidelines.

v Inspect movement, level
difference, and damage of
the expansion joint body.
Check rubber
wear/exposure and
waterproofing capability.
v For rail-typejoints, perform
close inspection of girders if
necessary

Figure 3. Response comparison for a bridge
expansion joint query

As shown in Fig. 3, The conventional RAG produces a
generalized and descriptive response without specifying
concrete inspection items. In contrast, the MRAG
provides explicit and structured inspection criteria based
on domain-specific evidence.

Query

What is the official bridge maintenance guideline threshold for allowing an
Al vision system to automatically classify a bridge deck crack as “repair
required” withouthuman inspection?

Answer

Conventional RAG @aseline) MRAG Proposed)

Crack width thresholds definedin
bridge maintenance guidelines are
commonly used to assess repair
needs. In general, cracks above
approximately 0.3 mm are
considered to require repairor
further evaluation. Based on such
thresholds, automated systems may
classify cracks as “repairrequired”
dependingon structural importance
and environmental conditions.

Insufficient evidence found

Figure 4. Comparison under insufficient
evidence conditions



As shown in Fig. 4, The conventional RAG generates a
plausible but unsupported response by introducing crack-
width thresholds and extending them to automated
decision-making. In contrast, the MRAG suppresses such
responses and explicitly indicates insufficient evidence.
These examples demonstrate that the proposed MRAG
framework improves both response specificity and
reliability compared to conventional RAG approaches.
Domain-separated retrieval enables more precise
evidence selection, while FiD-based integration allows
effective synthesis of distributed information across
documents. Furthermore, CRAG-based verification
prevents unsupported generalization, ensuring that
responses remain grounded in verifiable evidence.

3.3 Implementation Details

This section describes the implementation details of
the proposed MRAG pipeline, focusing on document
preprocessing, vector embedding, and similarity-based
retrieval. All maintenance documents were first
converted into machine readable text and segmented into
semantically coherent chunks to preserve contextual
meaning while enabling efficient retrieval [5, 17]. Chunk
sizes were determined empirically to balance semantic
completeness and retrieval granularity. Each document
chunk was transformed into a dense vector representation
using a text embedding model. The embedding process
maps textual content into a shared vector space, allowing
semantic similarity between user queries and document
segments to be measured numerically [6, 7]. By
representing both queries and documents in the same
embedding space, the system supports context aware
retrieval beyond exact keyword matching. For similarity-
based retrieval, cosine similarity was employed to
quantify the semantic closeness between query
embeddings and document embeddings [16, 17]. Given
two vectors A and B their inner product and Cosine
Similarity are calculated as follows:

A'B

Cosine Similarity(A,B) = m

(1)

where A and B denote the embedding vectors of the
query and the document segment, respectively, and ||A||
and ||B|| represent their vector norms. In this study, cosine
similarity values are typically observed in the range of 0
to 1, where higher values indicate greater semantic
similarity between the query and document embeddings.
The closer the value is to 1, the smaller the angle between
the two vectors, meaning that the semantic directions of
the two texts are similar.

Retrieved candidates were ranked according to
similarity scores, and only the top ranked segments that
exceeded a predefined relevance threshold were selected
as retrieval evidence. This threshold-based filtering
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reduces the influence of weakly related documents and
improves the reliability of retrieved results.

The vector databases corresponding to each
document head were managed independently, enabling
parallel retrieval operations across multiple heads.
Retrieval parameters such as the number of returned
candidates and similarity thresholds were consistently
applied across heads to ensure fair comparison and stable
system behavior. Through this implementation strategy,
the MRAG pipeline achieves efficient and scalable
document retrieval while maintaining consistency across
various infrastructure maintenance domains.

4 System Operation and Discussion

Unlike conventional RAG-based systems that
retrieve documents from a single unified knowledge base,
the proposed MRAG framework explicitly separates
retrieval spaces according to facility domains and
controls fallback behavior through a Common head. This
section demonstrates the operational behavior of the
proposed MRAG framework focusing on how
architectural differences influence system behavior
during real user interactions. Rather than focusing on
quantitative performance metrics, the emphasis is placed
on illustrating how the system processes user queries,
retrieves relevant documents, and generates controlled
responses grounded in maintenance documentation.

Infrastructure Maintenance Q&A
Assistant

P Expert mode: Narrow retieval scope

T O B
EsperTmeTn

setings setings senings 7 0

Figure 5. Expertise-level presets and adaptive
retrieval parameter configuration.

Fig. 5 illustrates the expertise-level presets provided
by the proposed system and their corresponding retrieval
parameter configurations. To accommodate users with
different levels of experience, the chatbot offers three
predefined modes-basic, intermediate, and expert-which
automatically adjust key retrieval parameters such as the
number of retrieved passages (top-k), the number of
evidence passages forwarded to the LLM (final-k), and
the similarity threshold. By encapsulating retrieval
strategies into expertise presets, the system allows non-
expert users to obtain stable and concise responses



without manual parameter tuning, while enabling
advanced users to access broader and more detailed
evidence when required. This design improves usability
and ensures consistent system behavior across diverse
maintenance decision making scenarios.

Infrastructure Maintenance Q&A
Assistant

Infrastructure Maintenance Q&A Infrastructure Maintenance Q&A

Assistant

» W n 01

Figure 6. Expert mode interface enabling explicit
selection of domain-specific retrieval heads.

Fig. 6 presents the expert mode interface of the
proposed MRAG-based system. In expert mode, users
can explicitly constrain the retrieval scope by selecting a
subset of domain specific heads, such as common, bridge
and tunnel, port and coastal infrastructure, dam and river
facilities, water supply and sewerage, slope and retaining
structures, and auxiliary facilities. Rather than filtering
retrieved passages at the search space, the system
restricts the retrieval loop itself to the selected head
repositories, ensuring that only domain relevant
document collections are queried. This mechanism is
particularly effective when users have prior knowledge
of the target facility type and seek to avoid interference
from unrelated domains, thereby improving retrieval
precision and response relevance.

The proposed MRAG system incorporates a fallback
mechanism to ensure reliable responses under sparse
facility specific data conditions. As illustrated in Fig. 7,
when no relevant passages are retrieved from the routed
facility head, the system triggers a Common-head
fallback. The chatbot explicitly informs the user that
facility specific evidence is unavailable and generates an
answer solely based on shared maintenance guidelines.
This design prevents misleading facility level
interpretations while maintaining system usability and
transparency in document grounded decision support.

Through these examples, the operational behavior of
the proposed MRAG framework is demonstrated in
realistic maintenance decision making scenarios. The
results highlight how domain-separated retrieval,
expertise aware parameter control, and transparent
fallback mechanisms collectively enhance the reliability
and interpretability of LLM-based infrastructure
maintenance support systems. From a practical
perspective, the proposed MRAG framework has
implications beyond isolated query-response tasks. In
infrastructure asset lifecycle management, evidence-
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grounded and domain-consistent recommendations can
improve the reliability of inspection and maintenance
planning processes. Furthermore, the framework can be
integrated with BIM or digital twin systems, where
structured inspection knowledge and real-time data are
combined to support continuous monitoring and
decision-making. This highlights the potential of MRAG
as a reliable decision-support tool in safety-critical
engineering environments.

Infrastructure Maintenance Q&A
Assistant

Figure 7. Common-head fallback behavior when
facility-specific evidence is unavailable.

5 Conclusion

This study presented a generative Al-based decision
support framework for infrastructure maintenance using
a Multi-Head Retrieval-Augmented Generation (MRAG)
architecture. By organizing multiple maintenance
documents into domain specific retrieval heads and a
shared Common head, the proposed framework enables
facility aware parallel retrieval while preventing
interference from unrelated document domains. The
explicit Common-head fallback mechanism further
enhances reliability by transparently handling cases
where facility specific evidence is unavailable, as
demonstrated  through interactive  chatbot-based
experiments.

The results indicate that the proposed MRAG
framework improves retrieval relevance, response
consistency, and transparency compared to conventional



RAG approaches, while supporting practical adoption
through flexible, expertise aware user controls. Overall,
this study confirms that a Multi-Head RAG architecture
with explicit fallback control provides an effective and
scalable foundation for Al-assisted infrastructure
maintenance support. Future work will focus on
extending the framework toward a chatbot-based system
that supports bridge damage classification and
maintenance judgment, validating its applicability in real
world bridge maintenance practice.
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