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Abstract

Hybrid Retrieval systems, combining Sparse and Dense Retrieval
methods, struggle with Traditional Chinese non-narrative docu-
ments due to their complex formatting, rich vocabulary, and the
insufficient understanding of Chinese synonyms by common em-
bedding models. Previous approaches inadequately address the
dual needs of these systems, focusing mainly on general text qual-
ity improvement rather than optimizing for retrieval. We propose
Knowledge-Aware Preprocessing (KAP), a novel framework that
transforms noisy OCR outputs into retrieval-optimized text. KAP
adopts a two-stage approach: it first extracts text using OCR, then
employs Multimodal Large Language Models to refine the output
by integrating visual information from the original documents. This
design reduces OCR noise, reconstructs structural elements, and for-
mats the text to satisfy the distinct requirements of sparse and dense
retrieval. Empirical results demonstrate that KAP consistently and
significantly outperforms conventional preprocessing approaches.
Our code is available at https://github.com/JustinHsu1019/KAP.
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1 Introduction

Retrieval-Augmented Generation (RAG) [5] has emerged as a key
technology for knowledge-driven applications, enabling systems
to retrieve relevant information from large-scale knowledge bases
to enhance tasks such as question answering and decision sup-
port. However, when dealing with non-narrative documents (e.g.,
financial statements, contractual clauses, and tables embedded in
PDFs), traditional RAG-based retrieval methods face significant
challenges due to poor OCR quality, loss of document structure,
and suboptimal text chunking.

A major issue arises from OCR processing errors, particularly
in Traditional Chinese financial documents, where character mis-
recognition, formatting loss, and disrupted table structures degrade
retrieval accuracy. Common OCR techniques struggle to preserve
tabular relationships, causing critical numerical and textual data
to be misaligned or fragmented. Additionally, existing chunking
methods are not optimized for non-narrative text, often splitting
semantically related content incorrectly, further reducing retrieval
performance.
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One of the most widely adopted retrieval methods today is Hy-
brid Retrieval [3, 7], which combines Sparse Retrieval (e.g., BM25)
and Dense Retrieval to leverage both exact keyword matching and
semantic search. Sparse Retrieval methods like BM25 [10] rank
documents based on term frequency-inverse document frequency
(TF-IDF) and document length normalization, making them efficient
for queries where keyword overlap strongly indicates relevance.
Meanwhile, Dense Retrieval [4] encodes queries and documents
into a shared embedding space for semantic similarity search, cap-
turing contextual relationships beyond exact matches. Nevertheless,
the effectiveness of both methods depends heavily on the quality of
the retrieved text. Dense Retrieval models perform poorly on noisy
OCR output and struggle to capture meaning from fragmented text.
Meanwhile, Sparse Retrieval (BM25) relies on exact term matching,
making it sensitive to synonym variations and phrasing differences,
particularly in Traditional Chinese, where word order plays a crucial
role in retrieval performance, and the language’s vast vocabulary
with abundant synonyms makes semantic matching even more
challenging for retrieval systems.

While existing post-OCR processing methods attempt to address
character recognition errors and text correction [8], they are fun-
damentally designed for general text quality improvement rather
than optimizing for retrieval systems. These methods typically
focus on linguistic correctness and readability, overlooking the spe-
cific requirements of retrieval mechanisms where term frequency,
keyword distribution, and semantic coherence are critical for per-
formance. Current correction approaches improve textual accuracy
but fail to consider how the processed text will ultimately be con-
sumed by retrieval systems. This disconnect creates a significant
gap—the ultimate purpose of knowledge preprocessing is to facili-
tate retrieval, yet existing methods do not adapt their strategies to
the specific requirements of different retrieval approaches.

To address these challenges, we propose Knowledge-Aware Pre-
processing (KAP), a two-stage preprocessing framework that op-
timizes textual representations specifically for Hybrid Retrieval
in non-narrative documents. Rather than applying generic text
improvement techniques, KAP recognizes that knowledge prepro-
cessing must be tailored to the downstream retrieval task. Our
framework enhances input data quality by leveraging Multimodal
Large Language Models (MLLMs) with LLM-driven post-OCR pro-
cessing that is explicitly designed to improve retrieval performance.
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KAP refines extracted text, corrects OCR errors, restores lost struc-
tures, and strategically restructures content to improve compatibil-
ity with both Sparse and Dense Retrieval components of Hybrid
systems.

The main contributions of this study are as follows:

e Proposing the KAP framework: A two-stage MLLM-based
preprocessing approach that corrects OCR errors, recon-
structs table structures, optimizes text representation in non-
narrative documents, and enhances compatibility with both
Sparse and Dense Retrieval.

e Empirical validation of KAP’s effectiveness: Tests on
the E.SUN Bank dataset demonstrate that our framework sig-
nificantly improves retrieval accuracy and structure preser-
vation in Traditional Chinese financial documents.

e Designing specialized validation methodology: Creat-
ing an LLM-driven approach for augmenting validation datasets
specifically optimized for Hybrid Retrieval evaluation, gen-
erating diverse query variations that comprehensively test
both sparse and dense retrieval components.

2 Related Work

Optical Character Recognition (OCR) technology has been widely
applied to text extraction from scanned documents and PDF files,
but still faces significant challenges when processing non-narrative
documents such as financial statements, contracts, and tables. These
challenges include character recognition errors, format loss, and
structural misalignment, which hinder accurate retrieval of content.
Existing post-OCR processing methods generally fall into three cat-
egories: manual correction (accurate but labor-intensive), isolated-
word methods (dictionary-based approaches that struggle with
context), and context-dependent methods (from feature-based tech-
niques to sequence-to-sequence models) [8]. Recent advancements
have introduced sequence-to-sequence [11] and Transformer-based
models [6] that improve text correction, while Large Language
Models (LLMs) further enhance OCR correction by incorporating
textual and structural understanding [13], but they are not opti-
mized for the preferences of retrieval systems where term frequency
and semantic coherence are critical.

In Retrieval-Augmented Generation (RAG) and Hybrid Retrieval
systems, text quality significantly impacts retrieval outcomes. Sparse
Retrieval methods (e.g., BM25) are sensitive to spelling errors and
formatting disruptions, while Dense Retrieval methods perform
poorly with fragmented text lacking context—particularly evident
when handling table data. Previous studies have proposed improve-
ments such as Contextual Retrieval [1] and Structure-Aware Trans-
formers for table verification [16], but these primarily focus on
semantic modeling rather than text preprocessing optimization.

The KAP framework proposed in this study builds on MLLM-
based post-OCR techniques and is specifically optimized for Hybrid
Retrieval requirements. Unlike traditional OCR correction methods,
KAP incorporates a prompt-based approach that ensures gener-
ated text formats are suitable for retrieval systems, leverages LLMs
for contextual understanding and structural restoration of tables,
and precisely controls text structure and keyword distribution to
enhance both Sparse and Dense Retrieval performance.

3 Methods

This section presents the proposed KAP framework, a two-stage pre-
processing pipeline designed to enhance the effectiveness of Hybrid
Retrieval in non-narrative documents. The framework addresses
challenges associated with processing non-narrative documents,
particularly financial statements and contractual clauses, which of-
ten contain complex tabular structures and require precise semantic
preservation.

KAP consists of two main stages: (1) OCR Processing, which ex-
tracts text from PDFs, and (2) MLLM Post-OCR Processing, which
refines the extracted text for better compatibility with Sparse and
Dense Retrieval. By leveraging Multimodal Large Language Mod-
els (MLLMs) and prompt engineering, KAP corrects OCR errors,
restores table structures, and optimizes text format to enhance
retrieval accuracy. Figure 1 illustrates the overall architecture of
KAP.

3.1 OCR Processing

The first stage of KAP involves extracting textual content from
PDFs using Optical Character Recognition (OCR).

While OCR facilitates text extraction, it also introduces common
errors, particularly when handling scanned financial documents.
Character misrecognition often occurs, with errors such as "0" being
recognized as "O" or "1" as "1" Additionally, the extraction process
results in the loss of table structures, causing the extracted text to
lack the original tabular layout and disrupting data relationships.

To mitigate these issues, we introduce an LLM-driven post-
processing stage that refines OCR output and ensures compatibility
with retrieval systems.

3.2 MLLM Post-OCR Processing

The second stage of KAP employs Multimodal Large Language
Models (MLLMs) to enhance OCR-extracted text quality. Through
prompt engineering with a single prompt, KAP effectively corrects
OCR errors, reconstructs table structures, and optimizes text for-
matting to improve retrieval accuracy.

As illustrated in Figure 2, the prompt template takes as input the
OCR-extracted text along with the corresponding original image,
guiding the MLLM to perform targeted improvements. The prompt
was originally written in Traditional Chinese; its English translation
is provided at the beginning of each subsection in this section.

This process consists of three key components: error correction,
layout-aware format reconstruction, and retrieval-aware rewriting.
This streamlined approach simplifies the entire workflow described
in this section while maintaining high performance across all pro-
cessing tasks.

3.2.1  Error Correction. As shown in Figure 2, the first component
(red box, lines 5-6) of our prompt template:

1. OCR Error Correction

- Correct errors in OCR conversion (e.g., typos, omissions,
inverted sentence order, etc.), making the text more fluent and
grammatically correct.
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Figure 1: Overall architecture of the proposed KAP framework.

OCR outputs often contain spelling mistakes, incorrect numer-
ical values, and misplaced punctuation. To address this, we ap-
ply an LLM-based correction mechanism that fixes common OCR
recognition errors in Traditional Chinese and ensures grammatical
correctness and readability while preserving semantic meaning.

3.22 Layout-Aware Format Reconstruction. As shown in Figure 2,
the component highlighted in the blue box (lines 38) of our prompt
template:

You can refer to the attached image to help you understand
how this text is presented in the original PDF file (e.g., ta-
bles, narrative sentences), and what each text and number
represents and where they appear in the original text.

Financial documents often rely on structured layouts, such as
tables, section headers, and alignment, which standard OCR pro-
cessing does not fully capture. To enhance text representation, KAP
leverages MLLM’s multimodal capabilities within LLM-driven post-
OCR processing. Specifically, MLLM’s vision capability is used to
interpret the original PDF layout and refine extracted text accord-
ingly, ensuring tables and formatting are preserved.

3.2.3 Retrieval-Aware Rewriting. KAP optimizes extracted text to
improve compatibility with Hybrid Retrieval methods, ensuring
better alignment with both Sparse and Dense retrieval strategies:
(1) Dense Retrieval Optimization: As shown in Figure 2, the
component highlighted in the green box (lines 8-20) of our
prompt template:

2. Retrieval-Friendly Rewriting (Suitable for Dense Re-
trieval)

- For "tabular/non-pure narrative" content, convert into
semantic retrieval-friendly narrative sentences.

- For example, if the original text contains invoice,
financial statement, or other tabular information, please
rewrite into coherent descriptive sentences, ensuring
the data and background information are complete:

- Original tabular content:

“c

Date: 2022/03/03

Company: XX Company

Purchase item: XXX

Amount: YY dollars

- After rewriting:

"On March 3, 2022, XX Company purchased

XXX, spending a total of YY dollars"
- If the text content is messy, please optimize the para-

graph structure to make it more suitable for semantic
understanding and retrieval.

Reformulates structured tabular content into natural lan-
guage descriptions to improve semantic embedding quality,
ensuring better performance in embedding models:

o Original table:

B (Date)
2025/03/03

2% (Amount)
$10,000

5] (Company)
XX

e Reformulated as:

202543138 » XX 2 31528k T —# $10,000 #
(On March 3, 2025, XX Corp recorded a transac-

tion of $10,000.)

(2) Sparse Retrieval (BM25) Optimization: As shown in Figure
2, the component highlighted in the orange box (lines 22-29)
of our prompt template:

3. Retrieval-Friendly Rewriting (Suitable for BM25)
- After "Retrieval-Friendly Rewriting (Suitable for Dense
Retrieval)," rewrite synonyms in a retrieval-friendly
way, naturally incorporating synonyms and near-
synonyms while maintaining the original text’s mean-
ing.

- For example:
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- Original text:
> The system can analyze data, enhancing the
enterprise’s decision-making ability.

- After rewriting (ensuring the original keywords
are preserved and expanding synonyms commonly used
by the general public when asking questions):

> The system is able to analyze data and re-
lated information, helping enterprises or companies
make more accurate decisions and judgments, improv-
ing overall business strategy.
- Avoid overusing synonyms, ensure the meaning re-
mains unchanged, and do not affect the effect of vector
search.

Expands key terms with synonyms to improve keyword
matching while ensuring important keywords remain intact
for query relevance.

o Original:

ABLTA>M IR - ARFFERRRES -
(The system can analyze data to enhance business
decision-making.)

e Rewritten (with synonym expansion while retaining key
terms):

Aot IR K AR > HBSEX
2SIl EARAEA RR > BRI EM R o
(The system is capable of analyzing data and rel-
evant information, helping businesses or compa-
nies make more accurate decisions and improve
overall strategy.)

Expansion: Added synonyms for "## (data)" (& R for
information) and elaborated on " % (decision)" (% for
strategy).

3.3 Chunking Strategy

Traditional chunking methods such as Recursive Chunking [15] are
not optimized for non-narrative documents, often splitting critical
tabular content across multiple chunks. To mitigate this issue, KAP
adopts a two-step chunking strategy:

(1) Page-level segmentation: Documents are first segmented
based on page boundaries to preserve contextual relation-
ships.

(2) Recursive Chunking: After MLLM Post-OCR processing, text
is further segmented using Recursive Chunking with opti-
mized chunk size (8,000 tokens with 500-token overlap) to
prevent excessive fragmentation.

4 Experiments
4.1 Experimental Setup

4.1.1 Datasets and Preprocessing. This study uses a non-public
dataset from E.SUN Bank, provided through the "AI CUP 2024 E.SUN

Artificial Intelligence Open Competition." The dataset contains
three types of documents: FAQ, insurance terms, and financial
reports. This study primarily focuses on financial reports since they
contain a large number of tables, aligning with our research goal
of handling non-narrative text. In contrast, the FAQ category is
stored in JSON format with simple question-answer pairs, and the
insurance terms mainly consist of plain text contracts, which differ
from the complex formatted texts that this study targets. Therefore,
these categories are not included in the main analysis.

Table 1 provides an overview of the document formats and con-
tents in the E.SUN Bank dataset.

Table 1: Overview of E.SUN Bank Dataset Categories

Category  Description Docs File Type
FAQ Frequently asked questions 617 JSON
Insurance Policy terms sold by E.SUN Bank 643 PDF
Finance Financial reports of listed companies 1035 PDF

The validation set, provided by E.SUN, contains multiple ques-
tions, each associated with a document that provides the answer.
Each entry includes a question ID, query content, data source, and
category. For each category (FAQ, Insurance, Finance), the valida-
tion set includes 50 questions. Table 2 summarizes the format of
the validation set fields.

Table 2: Validation Set Question Format

Field Description

qid Question ID

query Question content

source Candidate Document ID (pid)

category Data type (FAQ / Insurance / Finance)

To enhance the diversity of the validation set and rigorously
evaluate the retrieval model’s robustness under various conditions,
we expand the original set of 50 Q&A pairs to 500 questions through
systematic data augmentation. Specifically, for each original ques-
tion, we generate 9 distinct reformulations using the following
augmentation strategies:

(1) Replacing all keywords in the question with their synonyms
(e.g., “modify” — “change”).

(2) Substituting half of the keywords with synonyms while keep-
ing the other half unchanged.

(3) Extracting the core keywords from the question and present-
ing them as a space-separated list.

(4) Extracting the core keywords and replacing all of them with
synonyms, formatted as a space-separated list.

(5) Extracting the core keywords and replacing only half of them
with synonyms, maintaining the rest as originally phrased,
in a space-separated format.

(6) Transforming sentence structure by altering the word order,
such as swapping the subject and verb while preserving the
original meaning.
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Figure 2: The prompt template used for post-OCR processing with MLLM, originally written in Traditional Chinese. Its English
translation is provided in the subsections of Section 3.2 MLLM Post-OCR Processing.
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(7) Condensing the question into its most concise form while
retaining its essential meaning.

(8) Applying structural variations to the condensed version,
such as reordering the subject and verb.

(9) Reformulating the question into a more informal and con-
versational style.

To generate these augmented question variants, we leverage a
large language model (Claude-3.7-Sonnet [2]) by providing struc-
tured prompt that systematically apply the above transformation
techniques.

4.1.2  Model Selection. For our OCR processing, we utilize Tesser-
act OCR [12], the most commonly used open-source engine with
robust support for Traditional Chinese. This selection ensures reli-
able text extraction from the PDF documents in our dataset.

In the MLLM post-OCR processing stage, we employ Claude-
3.7-Sonnet [2] as our multimodal language model. This model was
selected for its strong multimodal text-image understanding capabil-
ities, which are essential for correcting OCR errors, reconstructing
table structures, and optimizing text formatting. The same model
was also leveraged for generating our augmented validation ques-
tions, ensuring consistency throughout our experimental pipeline.

4.2 Metrics

To comprehensively evaluate retrieval performance, this study
adopts the following standard metrics. Mean Reciprocal Rank (MRR)
measures the rank of the first correct answer in the retrieval re-
sults, where a higher value indicates that correct answers tend to
appear higher in the model’s ranked results. Average Precision@1
measures whether the top 1 retrieved result is the correct answer,
with a higher value indicating that the model can accurately locate
key information.

4.3 Evaluation Methodology

To evaluate our KAP preprocessing framework, we measure im-
provements across three retrieval strategies:

(1) Sparse Retrieval (BM25): Ranks documents based on key-
word matching using term frequency-inverse document fre-
quency and document length normalization. In our imple-
mentation, we use the Jieba [14] tokenizer with a Traditional
Chinese lexicon.

(2) Dense Retrieval: Encodes queries and documents into a
shared embedding space—using the text-embedding-3-large
[9] model—allowing for semantic similarity search rather
than exact keyword matching.

(3) Hybrid Retrieval: Combines both sparse (BM25) and dense
retrieval methods to leverage the strengths of keyword-based
and semantic-based retrieval, capturing both exact matches
and deeper semantic relevance.

4.3.1 Baseline System. We use Tesseract OCR as the baseline
system, which directly applies OCR-extracted text for retrieval
without additional preprocessing.

4.3.2  Ablation Study. To evaluate the impact of different compo-
nents in the preprocessing framework, we perform ablation experi-
ments on our KAP system. The test configurations include:

(1) KAP w/o Vision: Removing MLLM’s ability to parse images
(tables, layout), using only OCR text results to test whether
MLLM improves format reconstruction.

(2) KAP w/o OCR Text: Removing OCR-converted text and
relying solely on MLLM to extract content from PDF images
to test the influence of text input.

(3) KAP w/o Rewrite: Removing the text rewriting module in
the KAP framework, which aligns text formats for Dense
and Sparse retrieval, to test its impact on retrieval accuracy.

(4) Full KAP Framework (Ours): Providing complete OCR
text, MLLM parsing, and text rewriting to ensure optimal
output for Hybrid Retrieval.

4.4 Results

Each experiment was independently repeated three times. We re-
port the mean and standard deviation across the three runs to
ensure consistency and robustness. Tables 3, 4, and 5 summarize
the retrieval performance under Sparse, Dense, and Hybrid settings,
respectively. As shown, our proposed KAP framework consistently
outperforms the baseline across all retrieval methods.

Table 3: Performance of Sparse Retrieval (Mean + SD)

Methods MRR (%)  Precision@1 (%)
Tesseract OCR (Baseline)  53.16+0.83 41.51+1.67
KAP w/o Vision 54.84+1.24 43.66+1.45
KAP w/o OCR Text 62.32+0.43 49.39+0.73
KAP w/o Rewrite 59.60+1.03 45.45+1.56
KAP (Ours) 63.64+0.09 51.16+£0.21

Table 4: Performance of Dense Retrieval (Mean + SD)

Methods MRR (%)  Precision@1 (%)
Tesseract OCR (Baseline)  48.41+0.60 32.10+0.74
KAP w/o Vision 56.62+0.39 42.98+0.65
KAP w/o OCR Text 54.00+0.63 44.41+0.47
KAP w/o Rewrite 58.46+1.32 46.11+1.65
KAP (Ours) 65.16+1.51 53.65+2.24

Table 5: Performance of Hybrid Retrieval (Mean + SD)

Methods MRR (%)  Precision@1 (%)
Tesseract OCR (Baseline)  53.23+0.57 38.98+0.88
KAP w/o Vision 58.52+0.51 47.33+0.81
KAP w/o OCR Text 65.06+0.15 56.39+0.11
KAP w/o Rewrite 66.02+1.71 55.48+2.13
KAP (Ours) 69.46+0.61 59.73+1.10
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4.4.1 Comparison with Baseline. For Sparse Retrieval (BM25), KAP
improves MRR from 53.16%+0.83 to 63.64%+0.09 and Precision@1
from 41.51%+1.67 to 51.16%=+0.21. This improvement is attributed to
better text normalization and structural refinements, which enhance
keyword matching effectiveness. In contrast, the baseline struggles
with OCR errors and unstructured text, resulting in lower accuracy.

In Dense Retrieval, KAP outperforms the baseline by increas-
ing MRR from 48.41%+0.60 to 65.16%+1.51 and Precision@1 from
32.10%=0.74 to 53.65%=+2.24. The significant performance gain high-
lights the role of text refinement in improving vector-based re-
trieval, as cleaner input text leads to better semantic embeddings.
The baseline’s noisy OCR output negatively impacts dense retrieval
performance.

Hybrid Retrieval benefits the most from KAP, achieving the
highest accuracy with an MRR improvement from 53.23%+0.57 to
69.46%+0.61 and Precision@1 from 38.98%+0.88 to 59.73%+1.10.
This suggests that KAP effectively enhances both keyword-based
and semantic retrieval components, leading to a more robust re-
trieval pipeline. The baseline’s poor text quality affects both BM25
and vector search components.

4.4.2  Ablation Study. We conduct an ablation study to evaluate
the impact of different components in the KAP framework. Across
all retrieval strategies, removing any component results in perfor-
mance degradation, with the most significant drops consistently
occurring when vision processing is removed.

For Sparse Retrieval, the largest decrease occurs with KAP w/o
Vision, reducing Precision@1 from 51.16%+0.21 to 43.66%=+1.45.
This indicates that vision-based structural refinements significantly
enhance keyword alignment and retrieval accuracy.

In Dense Retrieval, the most significant drop is also observed
with KAP w/o Vision, where Precision@1 declines from 53.65%+2.24
to 42.98%=+0.65. Without vision-assisted layout parsing, the qual-
ity of semantic representations deteriorates, negatively impacting
dense retrieval performance.

For Hybrid Retrieval, KAP w/o Vision again results in the largest
performance loss, with Precision@1 decreasing from 59.73%+1.10
to 47.33%+0.81. The absence of vision-driven layout reconstruction
undermines the integration of sparse and dense retrieval compo-
nents.

These results collectively highlight that vision-based enhance-
ments are critical across all retrieval settings. The consistent impact
of vision removal confirms the importance of our multimodal ap-
proach, demonstrating that leveraging MLLMs for structural under-
standing substantially strengthens the overall retrieval effectiveness
of KAP.

5 Conclusion

In this study, we introduced KAP, a two-stage preprocessing frame-
work that improves text quality for Hybrid Retrieval in Traditional
Chinese non-narrative documents. By integrating MLLM-based
post-OCR processing, KAP effectively corrects OCR errors, restores
table structures, and enhances text representation for both Sparse
and Dense Retrieval.

Experimental results demonstrate that KAP significantly im-
proves retrieval accuracy across all retrieval paradigms. The abla-
tion study further validates the contributions of each component,

confirming that OCR correction, layout-aware format reconstruc-
tion, and retrieval-aware rewriting collectively enhance retrieval
performance.

Future work includes reducing the computational cost of the
MLLM and extending KAP to other document domains. These im-
provements will further enhance the scalability and effectiveness
of text preprocessing for retrieval tasks in real-world complex doc-
ument settings.
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