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Navigating dense, multimodal technical documentation remains a critical bottleneck for industrial maintenance in
non-English contexts. This paper presents a multimodal Retrieval-Augmented Generation (RAG) framework for
Portuguese maintenance manuals, combining dense vector search over text and tables with knowledge graph traver-
sal. We evaluate a local multilingual transformer (paraphrase-multilingual-MiniLM-L12-v2) and OpenAI’s
text-embedding-3-small across 8 configurations (2 models × 4 retrieval modes) using a ground-truth set of
50 domain-specific queries. The best configurations (openai/text_only and openai/text_table) achieve a
BERTScore-F1 of 0.70, ROUGE-L of 0.36, and an MRR of 0.65, answering 45 of 50 queries. Analysis shows that
while high-dimensional proprietary embeddings excel at capturing specialized technical jargon, standard Reciprocal
Rank Fusion (RRF) introduces rank contamination when fusing sparse graph signals with dense text vectors. Source
code is publicly available.
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1 Introduction
Industry 4.0 represents the convergence of advanced digital
technologies, such as the Internet of Things (IoT), artificial
intelligence, big data analytics, and cyber-physical systems,
into manufacturing environments, creating smart and intercon-
nected production ecosystems [Ghobakhloo, 2020]. Within
this context, industrial maintenance operations become criti-
cal, as the complexity of equipment and the volume of data
generated demand rapid and precise access to technical in-
formation [Bousdekis et al., 2019]. This directly connects
to the reliance on technical documentation, including equip-
ment manuals, maintenance procedures, safety guidelines,
and spare parts catalogs. These documents, often dense and
multi-layered, contain narrative text, structured tables, techni-
cal diagrams, and component images. The ability to efficiently
locate and interpret accurate information within this corpus is
essential for minimizing equipment downtime and ensuring
safe, reliable operations in the era of Industry 4.0.

This perspective directly resonates with the Sustainable
Development Goals related to industry, innovation, and infras-
tructure (SDG 9) [United Nations, 2015], by fostering more
efficient and safer maintenance practices. The ability to nav-
igate and interpret complex technical documentation helps
reduce equipment downtime, enhance operational reliabil-
ity, and drive industrial modernization within the framework
of Industry 4.0, thereby strengthening competitiveness and
sustainability in the Brazilian industrial sector.

Retrieval-Augmented Generation (RAG) [Lewis et al.,
2020] is a paradigm for question answering over document
collections that combines dense retrieval with generative lan-
guage models. Most RAG implementations focus on English-
language, text-only corpora. Industrial settings in Brazil intro-
duce two additional challenges: (i) documents are primarily
in Portuguese, where general-purpose English embedding

models produce lower-quality representations, and (ii) rele-
vant information is often stored in non-textual modalities such
as tables and technical diagrams.

This work is part of a research line on intelligent ac-
cess to technical documents in Brazilian Portuguese. Prior
work in this line addressed RAG applied to epidemiological
reports in Portuguese [Freitas et al., 2025a], demonstrating
that retrieval-augmented generation is effective for techni-
cal Portuguese text. A parallel line investigated structured
data access through Text-to-SQL with Portuguese LLMs and
LangGraph for industrial databases [Freitas et al., 2025b],
and an extended version integrating RAG with Text-to-SQL
for industrial data retrieval is currently under review [Freitas
et al., 2025c]. Linguistic resources supporting Portuguese
NLP were also developed as part of this effort [Freitas et al.,
2026]. The present paper extends this line by introducing
multimodal retrieval over unstructured industrial maintenance
documents, combining dense vector search over text and ta-
bles with knowledge graph traversal.

The contributions of this work are:

• A four-phase pipeline covering PDF extraction with se-
mantic chunking, knowledge graph construction, multi-
modal embedding generation, and hybrid retrieval with
Reciprocal Rank Fusion (RRF).

• A comparative ablation study evaluating two embedding
models across four retrieval modes (8 configurations) on
a domain-specific query set in Portuguese.

• Empirical results showing that OpenAI embeddings pro-
duce higher answer quality across all categories, while
multilingual sentence transformers remain competitive
in safety-related retrieval ranking.

• An open-source implementation available
at https://github.com/ChristianSF/
multimodal-rag-industrial.
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2 Related Work
Retrieval-Augmented Generation: Lewis et al. [2020] intro-
duced RAG as a framework that combines generative models
with non-parametric retrieval. Subsequent work explored
dense passage retrieval [Karpukhin et al., 2020], hybrid re-
trieval combining sparse and dense signals [Arivazhagan et al.,
2023], and reranking strategies including Reciprocal Rank
Fusion [Cormack et al., 2009].

Multimodal RAG: Extending RAG to incorporate im-
ages, tables, and structured data has been explored in different
directions. RAG Beyond Text [Mei et al., 2025] surveys ap-
proaches that process heterogeneous document modalities
and reports improvements in answer quality in technical do-
mains when tables and figures are included. Query-Driven
Multimodal GraphRAG [Bu et al., 2025] further combines dy-
namic knowledge graph construction with vector retrieval over
documents, images, and tables, reporting improvements over
standard RAG and GraphRAG on visual question answering
benchmarks. The present work applies a similar multimodal
retrieval strategy to the specific domain of industrial mainte-
nance documentation in Portuguese.

Knowledge graph-augmented retrieval: The RAP
framework [Kagaya et al., 2024] incorporates structured
knowledge graphs into the retrieval pipeline and reports im-
provements on multi-hop queries. SiQA [Liu et al., 2025]
shows that situated question answering benefits from explicit
relational context. Most closely related to the present work, a
recent study from Bosch [Zhang et al., 2025] proposes a semi-
automated knowledge graph construction pipeline combining
rule-based methods, Small Language Models, and LLMs for
maintenance question answering in manufacturing environ-
ments. While that work focuses on graph construction quality,
the present work evaluates retrieval strategies empirically
across multiple modes and embedding models on Portuguese
documents.

Multilingual embeddings: Challenges of retrieval in
non-English languages, particularly Portuguese technical text,
have been reported in recent benchmarks. Sentence transform-
ers trained on multilingual corpora [Reimers and Gurevych,
2019] produce better representations for Portuguese retrieval
tasks compared to English-only models, which motivates the
comparative evaluation conducted in this work.

This work: The primary novelty lies in implement-
ing a multimodal RAG framework specifically optimized for
Portuguese within the industrial maintenance domain, ad-
dressing a gap where most state-of-the-art solutions focus
on English. Unlike traditional approaches limited to dense
text, this proposal integrates vector search across heteroge-
neous modalities—text and structured tables—with knowl-
edge graph traversal to resolve complex, multi-hop queries.
This research conducts a comparative empirical evaluation
between multilingual and OpenAI embedding models to iden-
tify which strategy best captures the technical nuances of
Brazilian industrial terminology.

3 Methodology
The proposed framework consists of four sequential phases,
illustrated in Figure 1.

PDF documents

Phase 1 — Document Extraction
Semantic
chunking

Table
extraction

Image
classification

Knowledge
graph (KG)

Phase 2 — Embedding Generation

multilingual-MiniLM
dim=384

text-embedding-3-small
dim=1536

Images: OpenCLIP ViT-B/32 (dim=512, shared)

Phase 3 — Indexing
Qdrant Cloud
5 collections

text · tables · images

Neo4j Aura
knowledge graphs

201 nodes · 40 edges

Phase 4 — Hybrid Retrieval and Generation
text
only

text +
table

graph
only

hybrid
RRF

GPT-4o-mini — answer generation

Figure 1. Overview of the four-phase multimodal RAG pipeline.

3.1 Phase 1: Document Extraction
Raw PDF documents are processed using PyMuPDF. Each
document undergoes the following steps: (i) semantic
chunking by section, preserving structural boundaries rather
than applying fixed-size windows; (ii) table extraction,
where tabular regions are detected with PyMuPDF’s
find_tables() and each table is serialized as a Markdown-
formatted text block that preserves its row and column
structure—rather than as a JSON object of cells—so
that it can be embedded as a dense vector alongside the
text chunks (Phase 3) and queried in the text_table
mode; (iii) image extraction and classification into
three categories (diagram, photograph, table-image) using
heuristics based on aspect ratio and pixel density; and
(iv) knowledge graph construction per document, where
entities (equipment, components, spare parts) and their
relationships are extracted using GPT-4o-mini with struc-
tured output prompts. The node types used are Equipment,
Component, SparePart, and Document, connected
by semantic relations (SAME_STRUCTURAL_ASSEMBLY,
SAME_ELECTRICAL_ASSEMBLY,
SAME_MECHANICAL_ASSEMBLY,
SAME_HYDRAULIC_ASSEMBLY).

Processing four test documents produced 238 text
chunks, 2,763 extracted images, 108 tables, and 18 knowledge
graphs containing 201 nodes and 40 semantic edges.

3.2 Phase 2: Multimodal Embedding
Generation

Embeddings are generated using two text models in parallel:

• Model A (multilingual):
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paraphrase-multilingual-MiniLM-L12-v2 [Reimers
and Gurevych, 2019], a sentence transformer trained on
over 50 languages, producing 384-dimensional vectors.
The model runs locally without API costs.

• Model B (OpenAI):
text-embedding-3-small [OpenAI, 2024], produc-
ing 1,536-dimensional vectors via API.

Images are embedded using OpenCLIP ViT-B/32 [Cherti
et al., 2023], producing 512-dimensional vectors shared
across both model configurations.

3.3 Phase 3: Indexing
Vector embeddings are indexed in Qdrant Cloud across five
collections separated by modality and model:

Collection Dim Points

maintenance_text_multilingual 384 238
maintenance_text_openai 1536 238
maintenance_tables_multilingual 384 108
maintenance_tables_openai 1536 108
maintenance_images 512 2763

Knowledge graphs are stored in Neo4j Aura with node
types Equipment, Component, SparePart, and Document,
connected by the semantic relations described in Phase 1.

3.4 Phase 4: Hybrid Retrieval and
Generation

At query time, the system operates in one of four retrieval
modes:

• text_only: Dense vector search over text chunks.
• text_table: Dense vector search over text and table

chunks.
• graph_only: Keyword-based node-first traversal over

Neo4j knowledge graphs.
• hybrid: The retrieval results from the three modalities

are combined using a weighted variant of Reciprocal
Rank Fusion (RRF) [Cormack et al., 2009]. The com-
bined score for each document d within the document
corpus D is calculated as follows:

RRF_Score(d ∈ D) =
∑
m∈M

wm · 1

k + rm(d)
(1)

where M = {text, table, graph} represents the set of re-
trieval modalities, wm is the weight assigned to modality
m (wtext = 1.0, wtable = 0.8, and wgraph = 0.9), k = 60
is a constant regularization parameter, and rm(d) is the
rank of document d in the result list of modality m. If
a document does not appear in the top retrieved results
for a given modality, its reciprocal rank contribution for
that modality is set to zero.

The top-k retrieved context (k = 5) is passed to GPT-4o-
mini for answer generation, with a system prompt instructing
the model to answer exclusively from the provided context
and cite sources.

4 Experiments and Results
4.1 Experimental Setup
The pipeline was evaluated on four industrial mainte-
nance documents in Portuguese: two welding equip-
ment manuals (manual-migpulse-2001-dp.pdf and
Certo-09-07-2019-08-07-27_2_doc_25.pdf), one
industrial machine manual (Manual_Maquina.pdf),
and one cooling system cleaning procedure
(Certo-Limpeza-Geral-Sistemas-de-Resfriamento.pdf).
The evaluation set contains 50 domain-specific queries
covering five categories: specification, safety, procedure,
maintenance, and troubleshooting. Queries and reference
answers were manually formulated by the authors based on
direct reading of the source documents, targeting information
that requires locating specific sections, tables, or procedural
steps. We evaluated 8 configurations resulting from the
combination of 2 embedding models—multilingual MiniLM
and OpenAI text-embedding-3-small—with 4 retrieval
modes: text_only, text_table, graph_only, and
hybrid. For each query, the system retrieved the top-k
contexts (k = 5) and generated an answer with GPT-4o-mini.

4.2 Evaluation Metrics
Three complementary metrics are reported:

• BERTScore-F1: semantic similarity be-
tween generated and reference answers using
bert-base-multilingual-cased.

• ROUGE-L: lexical overlap via longest common subse-
quence.

• MRR (Mean Reciprocal Rank): retrieval ranking quality,
checking whether the correct source document appears
in the top-k retrieved results.

A response is classified as answered when it contains
domain-specific content rather than a refusal.

4.3 Overall Results
Table 1 summarizes the quantitative results across all 8 con-
figurations.

Table 1. Overall results for the 8 evaluated configurations (50
queries).

Model Mode Ans. BS-F1 RL MRR

multilingual text_only 38/50 0.582 0.295 0.591
multilingual text_table 38/50 0.583 0.296 0.591
multilingual hybrid 31/50 0.466 0.220 0.462
multilingual graph_only 3/50 0.042 0.014 0.308

OpenAI text_only 45/50 0.697 0.361 0.652
OpenAI text_table 45/50 0.696 0.361 0.652
OpenAI hybrid 42/50 0.639 0.316 0.458
OpenAI graph_only 3/50 0.040 0.011 0.308

The best overall configurations were
openai/text_only and openai/text_table, both
answering 45 of 50 queries and achieving nearly identical
scores: BERTScore-F1 of 0.697 and 0.696, ROUGE-L of
0.361, and MRR of 0.652. Both graph_only configurations
answered only 3 of 50 queries and obtained the lowest scores,
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Figure 2. Comparison of the 8 evaluated configurations using BERTScore-F1, ROUGE-L, and MRR.

confirming that graph-only retrieval is insufficient as a
standalone strategy.

Figure 2 illustrates the three metrics across all configu-
rations.

4.4 Category-Level Analysis
Figure 3 presents BERTScore-F1 by query category for the
text_only mode. OpenAI achieved higher scores in all five
categories: specification (0.73 vs. 0.60), safety (0.67 vs. 0.59),
procedure (0.68 vs. 0.51), maintenance (0.66 vs. 0.53), and
troubleshooting (0.77 vs. 0.76).

Figure 3. BERTScore-F1 by query category (text_only mode). OpenAI
achieves higher scores across all categories.

Figure 4 presents MRR by query category. The mul-
tilingual model achieved higher retrieval ranking in safety
(0.72 vs. 0.70) and comparable performance in maintenance
(0.67 vs. 0.71). OpenAI led in troubleshooting (0.83 vs. 0.60),

Figure 4. MRR by query category (text_only mode). The multilingual
model leads only in safety retrieval ranking.

procedure (0.68 vs. 0.58), and specification (0.46 vs. 0.47).
These results show that OpenAI embeddings provide stronger
overall performance, while multilingual embeddings remain
competitive in safety-related queries.

4.5 Qualitative Example
Figure 5 shows a representative query and the answer gen-
erated by the openai/text_table configuration, alongside
the retrieved source diagram. The system correctly identifies
the three-step procedure and retrieves the associated technical
illustration.

5 Discussion
Overall model comparison. OpenAI embeddings produced
the strongest overall results. Both openai/text_only and
openai/text_table achieved BERTScore-F1 of 0.697,
ROUGE-L of 0.361, and MRR of 0.652, answering 45 of
50 queries. The strong performance of openai/text_only
shows that dense text retrieval alone is already effective in
this dataset.

Effect of table retrieval. Adding tables produced
marginal differences for both models. For OpenAI,
BERTScore-F1 changed from 0.697 to 0.696 with answer
coverage unchanged at 45/50. For the multilingual model,
results were similarly unchanged (0.582 vs. 0.583). This
negligible effect is explained by the composition of the bench-
mark relative to the four manuals: of the five query categories,
only specification questions explicitly target tabular numeri-
cal data, and even those values typically appear verbatim in
the surrounding narrative text (e.g., within procedure descrip-
tions or section headings). The remaining categories—safety,
procedure, maintenance, and troubleshooting—are answered
from running text. Consequently, although the four docu-
ments yielded 108 tables, few of them held an answer span
that was not already retrievable from the text chunks, leav-
ing text_table virtually identical to text_only. A tighter
coupling between table content and natural-language queries
therefore warrants further investigation.

Hybrid retrieval. The empirical results reveal that the
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Query: Quais são os passos básicos para realizar a soldagem MIG sinérgica?
Source: manual-migpulse-2001-dp.pdf, p. 8
Answer: Os passos básicos são: (1) escolher o número de PRG de acordo
com o diâmetro do fio, o tipo de material e o gás; (2) regular as funções no
submenu de “Funções de serviço”; (3) regular a velocidade do fio e a tensão
de soldagem utilizando o manípulo AI.

Figure 5. Query, generated answer, and retrieved diagram (Fig. 4 of the MigPulse manual, p. 8).

hybrid retrieval mode systematically underperformed com-
pared to the text-based baselines, a behavior that requires a
more nuanced mathematical explanation than a simple mis-
match in score scales. Because the standard Reciprocal Rank
Fusion (RRF) algorithm scores documents strictly based on
their relative positions within individual retrieval lists rather
than their raw similarity scores, it is highly sensitive to the
quality of the incoming rankings. In our framework, the
graph_only mode exhibited severe signal sparsity, success-
fully answering only 3 out of 50 queries. Consequently, for
the vast majority of queries, the graph traversal returned ei-
ther empty sets or highly noisy, low-confidence node lists.
When these sparse and irrelevant graph results were fused
with the high-quality textual rankings, the aggressive weight
assigned to the graph component (wgraph = 0.9) forced un-
related documents to artificial prominence at the top of the
combined hybrid list. This rank contamination effectively
penalized the robust textual signals, introducing significant
noise into the top-k context passed to the generative stage
and directly causing the observed drop in BERTScore-F1 and
answer coverage.

Graph-only retrieval. The graph_only setting was
not competitive as a standalone mode. Both models answered
only 3 of 50 queries, with BERTScore-F1 near 0.04, confirm-
ing that the knowledge graph alone captures only a limited
portion of the information required by the benchmark. Graph
retrieval must therefore be complementary to vector search.

Dataset size. The current corpus of four documents rep-
resents an acknowledged limitation of this work. While the
50-query benchmark with five balanced categories enables
a controlled ablation study, the small document set limits
the generalizability of the findings. Expanding the corpus
is a direct target for future work in order to validate the ob-
served results across a broader range of Portuguese industrial
documentation.

Linguistic and Architectural Comparison of Em-
bedding Models. The substantial performance gap be-
tween the embedding models warrants a deeper analysis
of their architectural and linguistic characteristics. Ope-
nAI’s text-embedding-3-small significantly outperformed the
paraphrase-multilingual-MiniLM-L12-v2 across almost all

evaluation categories. This behavior can be attributed to
two main factors: dimensionality and vocabulary capacity.
The multilingual MiniLM operates on a compressed 384-
dimensional space and relies on a highly shared multilin-
gual vocabulary. Consequently, its tokenization process often
over-segments domain-specific Brazilian Portuguese indus-
trial terms into generic sub-tokens, failing to capture the tight
semantic boundaries of technical jargon such as "soldagem
MIG sinérgica". Conversely, OpenAI’s model benefits from a
significantly larger embedding space (1536 dimensions) and
a richer vocabulary representation. This combination allows
it to preserve the semantic nuances and localized syntactic
structures of specialized manufacturing documentation, prov-
ing more robust against the domain-shift typical of industrial
maintenance corpora.

6 Conclusion and Future Work
This paper presented a multimodal RAG framework for Por-
tuguese industrial maintenance manuals, combining dense
vector search over text and tables with knowledge graph
traversal and LLM-based generation. Evaluation across 8
configurations on 50 domain-specific queries showed that
openai/text_only and openai/text_table achieved
the best overall performance, with BERTScore-F1 of 0.70,
ROUGE-L of 0.36, and MRR of 0.65, answering 45 of 50
queries. Category-level analysis showed that OpenAI em-
beddings produce higher answer quality across all categories,
while the multilingual model remains competitive in safety-
related retrieval ranking. Graph-only retrieval proved insuffi-
cient as a standalone strategy, and hybrid retrieval via RRF
reduced answer quality due to score scale mismatches during
fusion.

Future work includes: (i) expanding the document cor-
pus to cover more manufacturers and equipment categories,
improving generalizability of the findings; (ii) correcting the
RRF score normalization to prevent hybrid retrieval degra-
dation; (iii) applying vision-language models (e.g., Gemini
or GPT-4o vision) to caption technical diagrams and enable
images to participate in dense retrieval; (iv) enriching the
knowledge graph schema with additional entity types such
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as Procedure, Parameter, and FailureMode to improve
coverage of procedural and parametric content; (v) evaluating
Portuguese-specific embedding models such as BERTimbau
alongside the multilingual and OpenAI models; (vi) introduc-
ing tree-based indexing as an alternative to flat vector search
for hierarchically structured manuals; (vii) conducting hu-
man evaluation of answer quality with domain experts; and
(viii) integrating the pipeline with time-series anomaly de-
tection and structured maintenance history databases [Freitas
et al., 2025c], and addressing security and LGPD compliance
requirements for industrial deployment.
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