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Abstract

Retrieval-Augmented Generation (RAG) sys-
tems rely on Optical Character Recognition
(OCR) to ingest knowledge from unstructured
documents. However, OCR engines often
struggle with complex layouts, introducing
Structural Noise, such as line insertion and
paragraph interleaving, which disrupts the se-
mantic flow of the text. Existing evaluations
largely overlook this dimension, operating on
the assumption of structurally perfect input.
To bridge this gap, we introduce StruNRAG,
a dedicated benchmark for evaluating RAG ro-
bustness against OCR-induced structural per-
turbations. We construct a bilingual dataset
of 2,132 question-answer pairs derived from
complex Chinese and English documents and
systematically inject three categories of real-
world structural noise: line insertion, para-
graph interleaving, and line interleaving. Our
evaluation of mainstream retrievers and Large
Language Models (LLMs) reveals a nuanced
interaction between noise and pipeline stages:
while structural distortions consistently de-
grade retrieval performance, the generation
stage exhibits unexpected robustness. Ad-
vanced LLMs demonstrate robustness against
local noise (e.g., line insertion), but struggle
to maintain reasoning capabilities under se-
vere structural disruption that fragments global
context. These findings indicate that while
LLMs are capable of compensating for mi-
nor parsing errors, future RAG optimizations
must take into account the effects of structural
noise. Our code and datasets are available at
https://github.com/GaoMengnana/StruNRAG.

1 Introduction

Retrieval-Augmented Generation (RAG) supple-
ments the knowledge base of Large Language
Models (LLMs) by retrieving external documents

*Corresponding author. This work was supported by the
National Key Research and Development Program of China
under Grant 2023YFB3002201.

Figure 1: Complex layouts induce OCR parsing fail-
ures, introducing structural noise that degrades retrieval
quality and leads to erroneous generation results.

(Lewis et al., 2020), enabling them to address
queries beyond their pre-training scope while mit-
igating model hallucinations (Izacard et al., 2023;
Li et al., 2023). In the real world, a vast amount
of information exists in unstructured formats, with
PDF documents being particularly prevalent; due
to their diverse content and layouts, utilizing Opti-
cal Character Recognition (OCR) technology for
document parsing has become a critical link in
the construction of RAG knowledge bases (Wang
et al., 2024a). However, evaluations indicate that
for documents with complex layouts (Xu et al.,
2020, 2021), the precision of OCR often reaches
only 30 % - 50% (Ouyang et al., 2025); further-
more, OHR-Bench (Zhang et al., 2025) notices
that knowledge bases constructed from OCR re-
sults exhibit a performance gap of at least 14%
compared with versions based on ground-truth
(GT) data.

Although OHR-Bench investigates the noise
arising from the knowledge base construction pro-
cess, its analysis remains limited to the character
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level. Commonly used open-source parsing tools
(Li, 2024; Varma et al., 2023) and OCR models
(Liao et al., 2023; Fang et al., 2025; Zhang et al.,
2024) often fail to faithfully reconstruct the struc-
tural information (e.g., paragraph boundaries, sec-
tion orders) in complex documents (Ouyang et al.,
2025). This limitation triggers a more fundamen-
tal and destructive phenomenon, which we refer
to as Structural Noise. As illustrated in Figure 1
(a), unlike traditional character-level perturbations,
structural noise disrupts the spatial-logical coher-
ence of documents while preserving literal con-
tent. We categorize such distortions into Line
Insertion, Paragraph Interleaving, and Line Inter-
leaving. This noise propagates through the RAG
pipeline causing a cascading failure: as shown in
Figure 1 (b), it induces semantic fragmentation
that misguides retrieval, and destroys the contex-
tual integrity essential for generation, ultimately
leading to factual errors or response refusals.

Existing research on RAG system evaluation
(Es et al., 2024; Saad-Falcon et al., 2024) and
noise robustness mostly focuses on internal pro-
cesses such as retrieval noise (Karpukhin et al.,
2020; Izacard et al., 2023), while there is insuffi-
cient discussion on the noise inherent in the knowl-
edge base (Shen et al., 2021; Pfitzmann et al.,
2022); consequently, the performance of RAG sys-
tems in the presence of structural noise remains
unknown, lacking both a targeted benchmark and
in-depth attribution analysis.

Therefore, building upon this consideration and
conceptual framework of Structural Noise, we
develop the StruNRAG Benchmark; by simulat-
ing typical structural defects in documents, we
construct a dataset comprising 2,132 question-
answering pairs and a retrieval knowledge base
containing three types of structural noise. Based
on this benchmark, we evaluate several main-
stream retrievers and generative models. Exper-
imental results demonstrate that structural noise
leads to a "cascading performance decay" in RAG
systems; although LLMs exhibit some robustness
during generation, end-to-end performance still
suffers a precipitous drop under severe structural
perturbations. This reveals an under-recognized
source of vulnerability within RAG systems, pro-
viding a theoretical foundation and empirical evi-
dence for the future development of more robust
OCR techniques and anti-interference RAG archi-
tectures. The main work and contributions of this
paper are as follows:

• This paper explicitly defines three typical cat-
egories of OCR structural noise, including
line insertion, paragraph interleaving, and
line interleaving.

• By simulating various types of structural
noise on PDF documents with complex lay-
outs, this study constructs a RAG-oriented
question-answering benchmark to systemati-
cally analyze the impact of structural noise
on information retrieval and generation qual-
ity.

• Through a systematic experimental evalua-
tion framework, this paper quantifies the in-
fluence of different noise categories on RAG
performance across the retrieval, generation,
and end-to-end stages.

2 Related Work

2.1 Document Parsing and Structural
Recognition

The evolution of OCR has shifted from basic char-
acter recognition to the structural understanding
of complex documents (Li, 2024; Varma et al.,
2023; Wang et al., 2024a). Pipeline-based sys-
tems (Zhou et al., 2017; Liao et al., 2023; Shi
et al., 2017) decompose OCR into modular com-
ponents. However, cascading models often frag-
ment context, making pipelines prone to struc-
tural errors in reading order and element associ-
ation (Pfitzmann et al., 2022; Shen et al., 2021).
End-to-end approaches (Blecher et al., 2023; Fang
et al., 2025) jointly optimize sub-tasks for co-
herent output. Still, lacking fine-grained Docu-
ment Layout Analysis (DLA), these end-to-end
approaches struggle to preserve spatial document
relationships, resulting in practical structural mis-
alignment (Wang et al., 2024b). LVLMs (Zhang
et al., 2024; Ye et al., 2023) extend cross-modal
reasoning, but their CLIP-based visual encoders
(Radford et al., 2021) emphasize coarse alignment,
insufficiently capturing detailed layout structures
for OCR. Despite continuous OCR progress, struc-
tured parsing of complex PDFs inevitably intro-
duces structural recognition errors.

2.2 RAG Evaluation
Evaluation frameworks are critical for diagnos-
ing the performance of RAG pipelines. Stan-
dard benchmarks such as RAGAS and ARES (Es
et al., 2024; Saad-Falcon et al., 2024) evaluate
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Figure 2: Examples of structural noise introduced dur-
ing OCR-based PDF parsing. The colored areas repre-
sent reversed positions.

RAG systems across dimensions like context rel-
evance, faithfulness, and answer relevance. RAG-
QA (Han et al., 2024) and Adaptive-RAG (Jeong
et al., 2024) assess model robustness against gen-
eral noise and negative samples, while MultiHop-
RAG (Lv et al., 2021) focuses on the ability to
perform complex reasoning across multiple doc-
uments. Despite these advances, existing meth-
ods provide limited discussion on external knowl-
edge base quality. Current RAG evaluation typi-
cally treats OCR-parsed text as trustworthy input
(Shen et al., 2021; Pfitzmann et al., 2022), failing
to capture structural issues like reading order con-
fusion introduced during parsing. Regarding OCR
noise analysis, OHR-Bench (Zhang et al., 2025)
categorizes errors into format and semantic noise,
but predominantly concentrates on character-level
detection, there remains a lack of research quanti-
fying the impact of structural noise on RAG per-
formance.

3 OCR Structural Noise

This section provides motivation and a formal de-
scription of structural noise introduced by OCR
systems.

3.1 Motivation

We conduct a statistical study on 109 journal PDF
documents with intricate layouts, collected follow-
ing the procedure described in DocBench (Zou

et al., 2025). We employ MinerU 1 to parse these
documents and analyze the resulting outputs. To
intuitively evaluate the text parsing quality of the
MinerU method, we statistically analyzed the char-
acter error rate (CER) of the parsing results and
found that the CER reaches 75.37%, which indi-
cates serious quality issues. In addition, we man-
ually count the occurrences of structural noise in
the OCR outputs and observe an average of 3.9
structural noise instances per document. Detailed
statistics are reported in Appendix A.

These results highlight the prevalence and sever-
ity of structural noise in OCR outputs for complex-
layout documents, underscoring the necessity of
systematically investigating and evaluating its im-
pact.

3.2 Definition of Three Types of Structural
Noise

In this paper, Structural Noise refers to the sys-
tematic disruption of semantic coherence when
transforming raw document layouts into linearized
text streams. This disruption typically arises from
misjudgments by layout analysis algorithms re-
garding logical reading order, physical boundaries,
or hierarchical relationships.

Given the inherent challenges of OCR in com-
plex layouts, we identify and formalize three pri-
mary categories of structural noise. Figure 2 pro-
vides illustrative examples for each category.

Line Insertion (LInsert) Occurs when DLA
incorrectly embeds semantically isolated ele-
ments (e.g., headers) into coherent chunks
[l1, . . . , ln]. This yields a corrupted sequence
[l1, . . . , li, lnoise, li+1, . . . , ln], this sequence is de-
fined as LInsert noise, where lnoise is irrelevant in-
serted line.

Paragraph Interleaving (PInterl) Stemming
from misinterpreted logical flows, this noise trans-
forms adjacent paragraphs pA and pB into an al-
ternating structure pnoise = [pA1 , pB1 , pA2 , pB2 ],
which is defined as PInterl noise, and pAi denotes
fragmented sub-segment of pA.

Line Interleaving (LInterl) Arises from failed
multi-column boundary detection, where lines
from distinct chunks Lleft = [l1left, l

2
left, . . . ] and

Lright = [l1right, l
2
right, . . . ] are intermixed by ver-

tical coordinates, resulting in the parsed output
1https://github.com/opendatalab/MinerU/

releases/tag/magic_pdf-1.3.2-released
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Figure 3: Overview of the StruNRAG benchmark construction pipeline. (1) Sourcing bilingual news documents
with complex layouts from online repositories. (2) Systematically injecting three categories of structural noise into
the GT text. (3) Synthesizing question-answering pairs based on the GT context. (4) Employing a multi-stage
verification process to filter and refine high-quality QA pairs.

linoise = [l1left, l
1
right, l

2
left, l

2
right, . . . ], this output

is defined as LInterl noise, where lileft denotes ith

line of the left chunk.

4 StruNRAG Benchmark

We introduce StruNRAG, a benchmark designed
to evaluate RAG robustness against structural
noise in complex layouts. It comprises 2,132
bilingual questions across six subsets and a noisy
knowledge base derived from complex PDF pars-
ing. Figure 3 illustrates the construction pipeline.

4.1 Data Collection
Structural noise often originates from complex
document layouts, and newspaper articles are par-
ticularly prone to such issues due to multi-column
formatting, mixed text-image content, and irregu-
lar block structures (Xu et al., 2021, 2020). There-
fore, we collect PDF documents from two widely
used news sources: English The New York Times
(NYT) and Chinese Peoples Daily (PD). In total,
the dataset consists of 425 PDF documents.

We adopt a hybrid annotation pipeline that com-
bines automated processing with manual verifica-
tion to construct GT. Specifically, we employ the
Windows.media.ocr API2 to perform initial text

2https://learn.microsoft.com/en-us/uwp/api/

recognition, then, professional annotators conduct
thorough manual review and correction, ensuring
that the final text sequence faithfully reflects the
original PDF layout while minimizing structural
biases introduced by automated tools. Human
evaluation criteria is detailed in Appendix C.1.

4.2 Addition of Structural Noise
To quantitatively evaluate the individual impacts
of the three types of structural noise on RAG sys-
tems, we inject these noise categories into the
GT knowledge base according to predefined noise-
addition rules. From a unified perspective, we
model structural noise as a document-level trans-
formation operator. Formally, let x denote a GT
document designated for noise injection. A noisy
document x̃ is generated by applying a structural
noise operator:

x̃ = N (x), (1)

where N (·) denotes the noise injection process.
Each noise type corresponds to a specific instanti-
ation of N operating at different structural levels.

LInsert Noise. Based on the definitions estab-
lished in Section 3.2, the process of introducing
LInsert noise can be formally defined as follows:

windows.media.ocr
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Chinese(PD) English(NYT)

MinerU (Wang et al., 2024a) LInsert PInterl LInterl LInsert PInterl LInterl

CER(%) 75.37 11.09 59.45 57.00 12.63 51.56 51.52

Table 1: Impact of specific structural noise categories on Chinese and English datasets.

Lnoise = {l1noise, l
2
noise, . . . , l

m
noise},

x̃LInsert = Insert(x, Lnoise),
(2)

where Lnoise denotes the set of candidate noise
rows to be inserted; m represents the number of
noise insertion operations; Insert(·) signifies the
operation of adding noise rows into the document;
and x̃LInsert expresses the final output noisy docu-
ment.

PInterl Noise. Based on the definitions estab-
lished in Section 3.2, the process of introducing
PInterl noise can be formally defined as follows:

Pnoise = {p1noise, p
2
noise, . . . , p

m
noise},

x̃PInterl = PInterleave(x, Pnoise),
(3)

where Pnoise is defined as the collection of para-
graphs derived from a single shuffling operation;
PInterleave(·) signifies the replacement of the orig-
inal segments within the document x with the
permuted paragraphs from Pnoise; and x̃PInterl ex-
presses the final output noisy document.

LInterl Noise. Based on the definitions estab-
lished in Section 3.2, the process of introducing
LInterl noise can be formally defined as follows:

LInoise = {li1noise, li
2
noise, . . . , li

m
noise},

x̃LInterl = LInterleave(x, LInoise),
(4)

where LInoise is defined as the collection of para-
graphs derived from a single line-by-line shuffling
operation. LInterleave(·) signifies the replacement
of the original segments within the document x
with the permuted paragraphs from LInoise; and
x̃LInterl expresses the final output noisy document.

To align with the empirical noise distribution ob-
served in our statistical analysis, which reported
in Appendix A, we define m as a random variable
sampled from the range {2, 3, 4, 5}. This ensures
that a stochastic number of noise rows are embed-
ded into the document during each operation.

By instantiating the unified structural noise op-
erator at different structural levels, we introduce
three corresponding structural noises into the GT
dataset. These noisy corpora are subsequently
used as the knowledge base in the retrieval and
generation stages to systematically evaluate the

impact of structural noise on retrieval-augmented
generation systems.

Quantification of Noise Addition To quantita-
tively assess the prevalence of errors within the
noisy knowledge base, we calculated the CER for
the knowledge base after injecting various types of
noise; the average results are summarized in Table
1. The findings indicate that LInsert results in a
relatively low CER. Conversely, interleaved noise
leads to a sharp performance degradation, with the
CER surging to over 50%. We compare these re-
sults with the error levels produced by the MinerU
method to demonstrate the actual noise level we
introduced. To further validate the rationality of
our approach, we additionally fit the CER of doc-
uments with injected structural noise to the CER
caused by real OCR and examined their overlap
coefficient and distribution. The results show that
the synthetic noise distribution has a high overlap
coefficient with real OCR outputs(OVL = 0.7986),
and the median CER values are also similar. This
ensures that our benchmark neither underestimates
nor exaggerates the severity of typical OCR degra-
dation. Detailed CER results for individual docu-
ments and specific methods for fitting experiments
are provided in the Appendix B.2.

Statistics Number (%)

Total Documents 425
The New York Times (English) 244 (57.4%)
Peoples Daily (Chinese) 181 (42.6%)

Total Questions 2,132
NYT Subtotal 1,186 (55.6%)

Line Insertion Noise 378 (17.7%)
Paragraph Interleaving Noise 417 (19.6%)
Line Interleaving Noise 391 (18.3%)

PD Subtotal 946 (44.4%)
Line Insertion Noise 303 (14.2%)
Paragraph Interleaving Noise 301 (14.1%)
Line Interleaving Noise 342 (16.0%)

Table 2: Dataset Statistics

4.3 Q&A Pair Generation

Questions are generated using the original context
in proximity to the noise injection sites to ensure
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a strong coupling between the questions and the
noise. To ensure high contextual dependency, we
partition each context chunk used for question gen-
eration into interrelated parts A and B. Using
GPT-4O (OpenAI et al., 2024), we generate ques-
tions that require joint evidence from both parts
based on shared entities or semantic links. This
process ultimately yields a Q&A dataset compris-
ing three noise categories across two languages, re-
sulting in a total of six subsets.

4.4 Quality Check

Quality is maintained through a dual-model
pipeline: QWEN-MAX (Yang et al., 2025) per-
forms initial faithfulness detection, followed by a
contextual dependency check. Questions answer-
able under degraded settings (no context, only A,
or only B) are discarded, guaranteeing that the fi-
nal dataset strictly requires integrated reasoning.

To ensure reliability, we evaluate answer stabil-
ity by sampling each candidate ten times; ques-
tions are discarded as ambiguous unless the most
frequent response appears at least four times. Fi-
nally, expert annotators conduct a manual spot
check for logical soundness and discourse consis-
tency. Human evaluation criteria is detailed in
the Appendix C.2. Through this unified pipeline,
we obtain a high-quality, context-dependent Q&A
dataset containing 2,132 data entries. The distribu-
tion of the dataset is presented in Table 2.

5 Experiments

This section presents a comprehensive evaluation
of representative LLMs and retrievers using the
StruNRAG benchmark. The empirical findings ad-
dress the following four research questions:

• RQ1: How does structural noise affect RAG
components and model performance?

• RQ2: How does the quality check process af-
fect the Q&A pairs?

• RQ3: Can prompt engineering effectively en-
hance model performance?

• RQ4: How do different retrieval parameters
impact overall model performance?

• RQ5: Do structural noise and character-level
noise produce non-combination effects?

5.1 Experimental Setup
To systematically assess the impact of structural
noise on RAG systems, we design a set of multi-
dimensional comparative experiments that isolate
the effects of noise at the retrieval, generation, and
end-to-end levels.

Knowledge Base. We construct multiple knowl-
edge base variants with different quality levels for
comparison. Specifically, the baselines include:
(1) clean GT documents; (2) documents injected
with each of the three types of synthetic structural
noise.

Evaluation Metrics. We evaluate the RAG
pipeline across three stages: (1) Retrieval, mea-
sured by Longest Common Subsequence (LCS)
similarity; (2) Generation, using the F1-scores to
assess answers; and (3) End-to-End, simulating
the full pipeline and reporting F1-scores for final
outputs. These F1 metrics quantify both textual
overlap and answer accuracy.

Evaluated Models. To ensure the generality, we
evaluate a diverse set of models covering different
parameter scales and architectural choices. The
evaluated LLMs, retrievers, and their end-to-end
combinations are summarized in Table 3.

All open-source models are deployed in a multi-
NVIDIA H800 GPU environment. A unified sys-
tem prompt template is used across all experi-
ments to eliminate the influence of prompt varia-
tions on evaluation results. In the default configu-
ration, the retrieval depth k is set to 2.

Stage Evaluated Models

Retrieval Stage BGE-M3 (Chen et al., 2024)
BM25

Generation Stage

Qwen2.5-72B-Instruct
Llama-3.1-70B
Qwen3-8B
Llama-3.1-8B

End-to-End

BM25 × Qwen3-8B
BM25 × Llama-3.1-8B
BGE-M3 × Qwen3-8B
BGE-M3 × Llama-3.1-8B

Table 3: Models evaluated at different stages of the
RAG pipeline.

5.2 Impact Analysis of Structural Noise on
RAG Systems (RQ1)

Table 4 demonstrates the robustness of the RAG
system in dealing with structural noise.
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Stage/Model Chinese (PD) English (NYT)

LInsert PInterl LInterl LInsert PInterl LInterl

A. Retrieval (LCS)

BGE-M3 Noisy 69.03 54.93 59.65 58.59 42.52 46.39
GT 69.80 72.16 69.54 60.42 51.83 50.84

BM25 Noisy 89.58 79.63 83.27 80.36 70.72 78.78
GT 89.53 89.69 89.86 82.39 81.85 81.42

B. Generation (F1)

Qwen3-8B Noisy 72.49 68.65 64.79 44.36 37.36 34.64
GT 73.52 71.05 70.04 46.24 39.91 42.16

Qwen2.5-72B Noisy 77.16 74.37 71.60 46.27 42.94 41.38
GT 76.16 75.01 72.87 48.55 44.14 43.53

Llama3.1-8B Noisy 55.32 46.85 42.55 30.47 27.57 26.28
GT 53.89 49.85 47.73 32.84 29.51 31.10

Llama3.1-70B Noisy 74.12 66.77 68.10 48.92 46.25 43.50
GT 75.43 70.69 69.65 50.56 47.01 47.76

C. End-to-end (F1)

BGE-M3 × Qwen3-8B Noisy 63.42 47.30 54.74 31.42 22.19 21.38
GT 62.91 63.90 59.28 33.65 26.64 24.16

BGE-M3 × Llama3.1-8B Noisy 53.22 38.88 39.16 24.55 20.09 17.54
GT 52.83 51.27 45.58 27.12 23.17 20.28

BM25 × Qwen3-8B Noisy 73.26 64.18 63.90 41.01 36.29 31.23
GT 74.57 73.15 70.67 42.85 37.95 36.91

BM25 × Llama3.1-8B Noisy 61.54 50.27 45.24 31.44 28.16 27.37
GT 62.43 57.12 57.08 35.11 32.33 28.12

Table 4: The impact of three categories of structural noise on RAG systems. Performance at the retrieval, genera-
tion, and end-to-end stages is reported for both noisy and GT settings. The best results of each stage are highlighted
in bold.

Retrieval results. Overall, retrieval models per-
form poorly in the presence of structural noise, suf-
fering over 10% performance loss. BGE-M3 is
particularly sensitive: in the Chinese PInterl task,
its score plummeted from 72.16 to 54.93. In con-
trast, BM25 remained more stable. We conducted
experiments to explore the reasons for the supe-
rior performance of sparse retrieval, and detailed
results are reported in Appendix E. Additionally,
lower scores in PInterl and LInterl compared to
LInsert suggest that cross-line or cross-paragraph
interleaving challenges retrieval more than simple
noise insertion.

Generation results. During the generation
stage, the LLMs remain relatively stable, with
larger scales (70B/72B) exhibiting superior
robustness. Under LInsert, certain models even
match or exceed GT performance, suggesting an
inherent noise-filtering capacity. Chinese tasks
consistently yield higher F1-scores than English
ones, likely reflecting more concentrated themes
and easier reasoning within the Chinese corpus.

Furthermore, Qwen and Llama excel in Chinese
and English subsets respectively, underscoring
distinct cross-lingual performance disparities.

End-to-end results. Retrievers define the perfor-
mance ceiling of RAG systems. We observe that
LLMs × BGE-M3 consistently underperform rel-
ative to the standalone generation stage, suggest-
ing that LLMs cannot compensate for retrieval fail-
ures caused by retriever fragility. Conversely, the
LLMs × BM25 configuration demonstrates supe-
rior robustness under structural noise, with end-to-
end performance occasionally surpassing the gen-
eration stage. This indicates that an effective re-
triever, by isolating relevant context, can yield bet-
ter results than providing the entire context.

More RAG strategies. We further evaluated hy-
brid retrieval and re-ranking strategies based on
RRF, and employed the BGE-Reranker-v2-M3
model3 as a cross-encoder re-ranker. Experiments
were conducted using Qwen3-8B as the generation

3https://huggingface.co/BAAI/bge-reranker-v2-m3
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Strategy English (NYT)

LInsert PInterl LInterl

BGE-M3 GT 33.65 26.64 24.16
Noise 31.42 22.19 21.38

BM25 GT 42.85 37.95 36.91
Noise 41.01 36.29 31.23

BM25 + BGE-M3 GT 33.71 29.47 27.87
Noise 31.92 25.94 25.12

BGE-M3 × Reranker GT 32.74 25.56 23.07
Noise 28.84 22.06 21.38

Table 5: Hybrid retrieval and re-ranking performance.

Model English (NYT)

LInsert PInterl LInterl

Vision-Language Models

Qwen2.5-VL-7B 42.15 38.93 38.91

Qwen2.5-VL-32B 34.85 38.52 41.08

RAG Systems

Qwen3-8B Noisy 44.36 37.36 34.64
GT 46.24 39.91 42.16

Qwen3-72B Noisy 46.27 42.94 41.38
GT 48.55 44.14 43.53

Table 6: Comparison between VLMs and RAG sys-
tems.

model, and the results are shown in Table 5. After
introducing the re-ranker, the model performance
decreases under both the GT and noise settings.
Hybrid retrieval (BM25 + BGE-M3) outperforms
purely dense retrieval, but in certain noisy scenar-
ios it still falls short of pure BM25.

VLM performance. We further conducted ex-
periments using VLMs to compare their perfor-
mance with RAG systems under structural noise.
Specifically, we evaluated the latest Qwen2.5-VL
series models (7B and 32B).

The results are shown in Table 6. For smaller
models, VLMs perform worse than RAG under
the GT setting. However, under noisy conditions,
Qwen2.5-VL-7B outperforms Qwen3-8B on PIn-
terl and LInterl noise types. For larger models,
VLMs perform worse than RAG in both GT and
Noise settings.

5.3 Study of Data Quality Check Process
(RQ2)

We conducted ablation studies to validate the ra-
tionality of the Q&A’s quality check process to
ensure the high quality of our dataset construc-
tion pipeline, with the results presented in Table 7.

Specifically, -fai denotes the removal of the faith-
fulness detection step, while -rel indicates the ex-
clusion of the contextual dependency mechanism.
We observe that removing faithfulness detection
increases difficulty but compromises quality by in-
troducing irregular question formats. Conversely,
eliminating the contextual dependency check sim-
plifies the questions. Detailed case study is pro-
vided in Appendix B.1.

Generation/Model English (NYT)

LInsert PInterl LInterl

Qwen3-8B
-fai 36.28 44.70 29.39
-rel 60.18 64.03 57.12
full 44.35 37.36 34.26

Table 7: Ablation Study of StruNRAG Dataset Con-
struction.

5.4 Study of Prompting Strategies (RQ3)

While prompt engineering is typically effective in
guiding models to mitigate noise, our findings in-
dicate that this does not consistently hold true in
the presence of structural noise. The results of
the prompt ablation study are presented in Table
8. Specifically, Qwen2.5-72B and Llama3.1-8B
demonstrate substantial improvements, suggest-
ing that prompting effectively guides these mod-
els to distinguish or disregard noise. Conversely,
both Llama3.1-70B and Qwen3-8B exhibit per-
formance degradation when prompting is applied
compared to the raw noisy baseline. We hypothe-
size that the additional prompts may introduce ex-
cessive constraints, thereby disrupting the models’
inherent reasoning chain. The prompt setting is in
Appendix F.

Generation/Model English(NYT)

LInsert PInterl LInterl

Qwen3-8B Noisy 44.36 37.36 34.64
w/Prompt 42.58 36.10 33.82

Qwen2.5-72B Noisy 46.27 42.94 41.38
w/Prompt 47.99 45.25 43.67

Llama3.1-8B Noisy 30.47 27.57 26.28
w/Prompt 34.21 27.75 29.07

Llama3.1-70B Noisy 48.92 46.25 43.50
w/Prompt 46.01 43.81 42.43

Table 8: Ablation Study of Prompting Strategies for
Handling Noisy Contexts.
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5.5 Hyper-parameter Settings (RQ4)
We evaluate the impact of different retrieval depths
(k ∈ {1, 2, 5}) on the system under both Noisy
and GT settings. The experimental results are
shown in Figure 4. Increasing the number of re-
trieved documents (k) exhibits a trend of diminish-
ing returns. While increasing k from 1 to 2 gen-
erally improves performance, extending to Top-5
often leads to performance stagnation or even re-
gression. This implies that while a larger k value
improves recall, it also introduces excessive noise
that overwhelms the generator, verifying the trade-
off between context recall and noise tolerance. De-
tailed results are provided in Appendix D.

Figure 4: Impact of retrieval depth (k) on system per-
formance. The vertical axis indicates the average score
across three interference settings.

5.6 Non-compositional Effects of Structural
and Character-level Noise(RQ5)

Real-world OCR outputs typically contain both
structural distortions and character-level recogni-
tion errors. In this work, we isolate structural noise
and quantify its independent impact on the RAG
pipeline. When structural noise coexists with char-
acter corruption, retrieval matching may be fur-
ther disrupted and the generation model’s ability
to recover from disordered structure may be weak-
ened. To investigate this phenomenon, we con-
struct noisy knowledge bases by combining three
types of structural noise with character-level noise
and evaluate them using our dataset on the English
NYT benchmark. The results are shown in Ta-
ble 9.

The results demonstrate clear non-
compositional effects between structural and
character-level noise, and the direction of devia-

Stage / Setting English (NYT)

LInsert PInterl LInterl

Retrieval (BGE-M3)

GT 60.42 51.83 50.84
Char 56.95 50.92 48.03
StruNoise 58.59 42.52 46.39
Char+StruNoise 53.04 42.16 47.07

Generation (Qwen3-8B)

GT 46.24 39.91 42.16
Char 45.18 36.06 37.02
StruNoise 44.36 37.36 34.64
Char+StruNoise 40.83 36.03 32.19

End-to-end (BGE-M3 × Qwen3-8B)

GT 33.65 26.64 24.16
Char 31.13 24.95 22.90
StruNoise 31.42 22.19 21.38
Char+StruNoise 28.50 21.46 20.44

Table 9: Non-compositional effects between character-
level and structural noise.

tion is inconsistent. Specifically, character noise
combined with LInsert noise produces a synergis-
tic degradation, amplifying performance loss. In
contrast, character noise combined with PInterl
and LInterl exhibits an inhibitory interaction,
where structural noise dominates and the marginal
impact of character noise is reduced.

6 Conclusion

This paper identifies and formalizes a critical
yet often overlooked bottleneck in real-world
Retrieval-Augmented Generation (RAG) systems:
OCR-induced structural noise. To systematically
evaluate this challenge, we introduce the StruN-
RAG benchmark.

Our comprehensive evaluation yields several
key findings. First, structural noise triggers cas-
cading performance degradation across the RAG
pipeline, and commonly adopted RAG optimiza-
tion strategies do not consistently improve robust-
ness. Second, visionlanguage models (VLMs) ex-
hibit limited effectiveness when handling docu-
ments with complex layouts. We further observe
that simple prompt engineering is not a universal
remedy for structural noise, as its effectiveness
is highly model-dependent. In addition, increas-
ing the retrieval depth (k) provides diminishing re-
turns and may even introduce excessive noise. Fi-
nally, structural noise and character-level noise ex-
hibit non-compositional effects, highlighting that
evaluating their interaction remains an important
direction for future research.
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Limitations

Despite the comprehensive design of StruNRAG,
we acknowledge several limitations in this study.
First, while our noise injection methodology is
grounded in statistical analysis of real OCR errors,
the structural noise in our dataset is synthetically
generated. Although this allows for controlled
variable testing, it may not perfectly capture the
erratic distribution of errors found in diverse real-
world parsing engines. Second, our document cor-
pus is primarily composed of news media (The
New York Times and People’s Daily). While these
sources offer complex layouts, they may not fully
represent domains like scientific literature or fi-
nancial reports, which present unique challenges
through charts and formulas. Finally, the non-
compositional effects of character-level noise and
structural noise on RAG systems are an interesting
area for investigation, but this paper was unable to
conduct large-scale and more fine-grained experi-
ments in this area.

Ethics Statement

Data Copyright and Licensing The datasets
used in this research are derived from public news
sources. We conducted a strict manual review pro-
cess to identify and neutralize any sensitive, offen-
sive, or harmful content. This ensures that all pub-
lished materials adhere to ethical standards and
content regulations.

Human Annotation Our annotation process in-
volved four human annotators who reviewed the
model-generated outputs. To ensure fair compen-
sation, annotators were paid an average of $12 per
hour, which aligns with universal ethical standards
for crowdsourcing and contract work. All anno-
tators participated voluntarily and were fully in-
formed of the nature and objectives of the task.
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Appendix

A Motivation Experiments

Noise statistics are illustrated in Figure A.1, where
(a) represents the proportion of CER character
noise and (b) denotes the amount of structural
noise. Statistical analysis reveals that the fre-
quency of noise occurrences is primarily concen-
trated between 2 and 5, accounting for over 90% of
the documents in the dataset. Regarding the Char-
acter Error Rate (CER), the distribution exhibits a
peak within the [60%, 80%] interval, while other
intervals remain relatively sparse.

B Details of StruNRAG Benchmark
Construction

B.1 Case Study
Figure B.1 illustrates the presence of three types
of noise in the actual dataset and how noise actu-
ally affects each stage of RAG. In this example,

Figure A.1: Noise statistics

while LInsert noise led to the insertion of irrele-
vant content, it did not affect the correctness of
the retrieval and answer generation stages. PIn-
terl noise resulted in incomplete retrieved context,
making the question unanswerable. In the LIn-
terl noise scenario, although relevant text was re-
trieved, the interleaved content caused irrelevant
names to be appended to the question, leading the
model to generate an incorrect answer.

Figure B.2 illustrates how unacceptable ques-
tions were eliminated during the quality check
phase. The standards for manually selecting ques-
tion quality will be further explained in the ap-
pendix.

B.2 Empirical Analysis of Structural Noise in
Complex Layouts

To quantitatively assess the extent of impact from
structural noise, we isolated specific noise cat-
egories within the PD and NYT datasets, re-
taining different structural perturbations indepen-
dently. The results indicate that while LInsert re-
sults in a relatively low CER of approximately 11-
12%, interleaving noiseparticularly PInter and LIn-
terltriggers a drastic performance drop, with CER
soaring above 50%. The CER distributions for
each dataset are illustrated in Figure B.3.

In real-world OCR scenarios, the proportions of
the three types of structural noise are not identical.
In our main experiments, we set their intensities to
the same range in order to quantitatively compare
their individual impacts. We now further combine
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Figure B.1: A case using noisy knowledge base as the evidence source on a news document.
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Figure B.2: A case for Q&A quality check.
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the three noise types according to their real-world
proportions to simulate a mixed-noise setting.

We model the mixed CER using the following
formulation:

CMix = CPInterl + β · CLInterl + α · CLInsert + ϵ

where the parameters β = 1.1 and α = 0.4 are de-
termined based on the observed error frequencies.

The results show that the synthetic noise dis-
tribution has a high overlap coefficient with real
OCR outputs, with OVL = 0.7986, as illustrated
in Figure B.4. The median CER values are also
highly consistent (0.72 vs. 0.69). Such consistency
across both Chinese and English corpora suggests
that our simulation of structural noise aligns well
with the actual noise levels introduced during prac-
tical OCR processes.

We further conduct a comparative experiment in
NYT dataset to examine whether the RAG system
exhibits similar performance degradation under
different noise conditions. The results are shown
in Table B.1. When each noise type is applied indi-
vidually, the performance degradation of the RAG
system is smaller than that observed under real
OCR conditions. However, when the three noise
types are superimposed, a non-compositional ef-
fect emerges, leading to amplified performance
degradation rather than a simple additive drop.
Moreover, this degradation trend closely matches
the behavior observed with real OCR outputs.
These results further confirm that our noise simula-
tion realistically reflects practical OCR scenarios.

B.3 Q&A Generation Details
To ensure high-quality QA generation, we de-
signed specialized prompts for both generation
and verification (see Table B.2 and Table B.3). For
Chinese instances, language-specific templates
and instructions were utilized to guarantee linguis-
tic consistency in model outputs. Our rigorous fil-
tering pipeline began with an initial pool of 6,840
questions. Following a faithfulness check, 5,688
questions were retained. This set was further
pruned to 2,332 after applying contextual depen-
dency filters. Finally, through iterative sampling
and expert auditing, we curated a dataset of 2,132
high-quality QA pairs.

C Human Evaluation Criteria

The manual filtering and data annotation were con-
ducted by native speakers with higher education

backgrounds residing in China. All annotators un-
derwent specialized training to standardize the la-
beling workflow, and possess expertise in NLP, en-
suring that the identification of sensitive content
aligns with local linguistic and cultural norms.

C.1 Data Collection Evaluation

To ensure the high fidelity of the dataset, we es-
tablished a rigorous set of labeling guidelines for
the manual verification phase. Annotators were re-
quired to: (1) rectify all character-level OCR er-
rors, including glyph confusion and punctuation
mismatches; (2) strictly enforce the correct lin-
earization of text flows across columns and pages,
resolving any misordering issues arising from au-
tomated parsing; (3) reconstruct broken sentences
by removing erroneous line breaks and addressing
end-of-line hyphenation; and (4) properly handle
non-narrative elements, such as merging stylized
drop caps back into their corresponding words.
This standardized workflow ensures that the result-
ing text framework faithfully reflects the inherent
information flow of the original documents while
minimizing structural bias.

C.2 Quality Check Evaluation

To ensure the reliability and logical validity of
our QA dataset, we implemented a rigorous ex-
pert review process for manual inspection. Ex-
pert annotators were tasked with auditing a ran-
domly sampled subset of the LLM-generated QA
pairs based on four key dimensions: (1) ensuring
each answer is strictly grounded in the source text,
free from any extrinsic hallucinations; (2) verify-
ing that questions necessitate document-specific
reading and cannot be answered solely through
common sense or parametric knowledge; (3) con-
firming that questions require information synthe-
sis rather than simple keyword matching; and (4)
checking for grammatical fluency and the absence
of ambiguous pronouns. Finally, a random spot
check was performed on the final results to further
validate data quality.

D Impact of Retrieval Depth (Top-k) on
Structural Noise Robustness

Table D.1 presents the performance dynamics
of both the retrieval module and the end-to-
end RAG pipeline across varying retrieval depths
(k ∈ {1, 2, 5}), specifically under distinct OCR-
induced structural perturbations (LInsert, PInterl,

19143



Figure B.3: CER of noise base

Model GT OCR Composite Superimposed LInsert PInterl LInterl

BGE-M3 64.87 47.35 50.36 42.84 62.97 60.80 62.32
Qwen3-8B 69.60 54.35 56.54 52.54 69.71 67.83 67.07
BGE-M3 × Qwen3-8B 57.89 46.16 48.50 42.41 56.91 52.92 55.90

Table B.1: RAG performance under real OCR and simulated noise settings

Figure B.4: Fit of injected noise to actual OCR results
(CER)

and LInterl). Our analysis unveils a nuanced inter-
play among retrieval granularity, noise topology,
and system robustness.

D.1 Retrieval Stage Analysis

In the retrieval phase, evaluated using the LCS
metric, increasing the retrieval depth k universally
improves the tolerance of the system to structural
noise, although it does not fully bridge the perfor-
mance gap induced by such perturbations. As an-
ticipated, expanding k from 1 to 5 yields a mono-
tonic improvement in retrieval performance across

both GT and Noisy settings. Specifically, on
the PD dataset, BM25’s performance under LIn-
sert noise climbs from 81.16 at Top-1 to 86.74 at
Top-5. This suggests that widening the candidate
document window enables the retriever to cap-
ture relevant segments that were potentially down-
weighted due to structural dislocation, thereby
partially compensating for the feature mismatch
caused by OCR noise. Notably, sparse retriev-
ers appear to derive greater benefit from increased
Top-k depths compared to dense retrievers when
mitigating structural noise. For instance, under the
Top-1 NYT PInterl setting, BGE-M3 achieves a
score of only 34.68, significantly lagging behind
the GT baseline (45.04); this disparity remains
substantial even at Top-5 (42.52 vs. 51.83). This
corroborates our hypothesis that structural noise
consistently degrades retrieval performance, and
merely increasing k cannot fundamentally resolve
the semantic vector shifts or keyword context dis-
ruption triggered by severe layout distortions.

D.2 End-to-end Analysis
In our end-to-end experiments, we evaluate the
generator’s performance across varying amounts
of retrieved context using the F1-score. The re-
sults demonstrate that the generation stage ex-
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System:

You are a helpful assistant that generates high-quality question-answer pairs from documents for
RAG tasks. Always return valid JSON format as requested.

User:

You are an AI language model specialized in generating structured question-answer (QA) pairs from
document texts for use in retrieval-augmented generation (RAG) tasks.
Your task is to generate RAG-style question-answer pairs from a given document chunk. Each chunk
is divided into two parts, A and B, separated by SEGMENTATION POSITION.
To generate such question-answer pairs, you first need to read the first and last parts of the given
chunk (A, B), identify text containing the same entities, and formulate a question-answer pair based
on the content of A and B. It is impossible to answer the question based solely on information from
A or B.

Requirements:
1. The question should be self-contained and understandable without access to the document.
2. Avoid any references to page numbers, figures, or "in the document" phrasing.
3. Questions should not quote document text verbatim; instead, rewrite naturally.
4. Avoid ambiguous pronouns like "he", "she", or "it".
5. Generate exactly one question-answer pair.
6. CRITICAL: The answer must be concise and specific with a fixed, accurate answer. Answer
length should not exceed 10 tokens.
7. Avoid overly open-ended questions and lengthy descriptive answers.
8. Focus on factual questions with precise answers like names, dates, locations, numbers, or specific
terms.
Each QA must include: question, answer (max 10 tokens), and evidence_context.
Return only a JSON object (not an array) with the QA pair. Do not include explanations or
preambles.

{qa_examples}
<document>{document}</document>

Table B.2: Prompt for NYT dataset QA generation.

hibits non-trivial robustness, and the choice of
Top-k is critical for mitigating cascading errors.
By comparing Top-1 and Top-5 results, we ob-
serve that LLMs possess a strong capability to ex-
tract accurate information from noisy contexts. As
k increases, the performance gains in the end-to-
end setting are generally more pronounced than
those in the retrieval stage alone. For instance,
under the English (NYT) LInsert noise setting,
the performance of Qwen3-8B × BM25 improves
from 37.93 (Top-1) to 41.83 (Top-5), approach-
ing the performance achieved with GT. However,
although increasing k generally boosts F1-scores,
the benefits show a diminishing trend when fac-
ing severe reading order disruptions. When in-

put documents contain severe line-level interleav-
ing, merely aggregating more context (Top-5)
may introduce excessive irrelevant noise segments,
thereby saturating the LLM’s in-context learning
capabilitie.

E In-depth Analysis of Retrieval Models
Performance

To explore the reasons for the performance differ-
ences among different retrieval models, we con-
ducted an embedding drift analysis under differ-
ent structural noise intensities. The experimental
results are shown in Table E.1.

Jaccard similarity is a set-based discrete met-
ric. The experimental results show a constant
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System:
You are an AI specialized in document question-answering verification. Your mission is to analyze
the given question-answering pairs and follow the instructions. Your response must be true and
accurate, and no additional content should be output.

1. Question Type Check
Does the question match the task description: {DETAILED_TASK_DESCRIPTION} Make sure the
question meets the required task context.

2. Evidence Relevance Check
Does the provided evidence context relate to the question provided? Does the answer accurately
reflect the information in the evidence context? Ensure the question is formulated based on
information explicitly stated. The question should not introduce concepts unrelated to the
document’s content.

3. Clarity and Precision
Is the question clear and unambiguous? And is the answer concise and precise? Ensure the language
is straightforward and easily understandable, and avoid complex phrasing that may confuse the
reader. The intention of the question and answer pair must be clear and direct, avoiding verbosity and
unnecessary detail. Ensure the answer fully addresses the question without omitting crucial
information.

Please provide ONLY your verification result in JSON format. Do not include explanations, reasons,
scores, or recommendations. Use exactly this structure:

{
"question_type_check":
"evidence_relevance_check":
"clarity_precision_check":

}

Return only a JSON object (not an array) with the QA pair. Do not include explanations or
preambles.

Input: {question & answer}

Table B.3: Prompt for NYT dataset QA check.

value of 1.0, indicating that structural noise does
not change the lexical composition of the text;
therefore, the performance of the BM25 retrieval
model is minimally affected. BGE-M3 is based
on a Transformer architecture. Even when lexi-
cal units remain unchanged, structural noise inter-
feres with positional encoding, causing semantic
shifts in the representation space. As the noise
intensity increases, the embedding similarity of
BGE-M3 continuously decreases, indicating that
structural noise mainly disrupts semantic represen-
tation rather than term matching. Consequently,
dense retrieval models exhibit more significant per-
formance degradation compared to sparse retrieval
models.

F Q&A Instruction Prompt Setting

The template is shown in Table F.1. For the same
task, we strictly use the same prompt to avoid the
impact of prompt changes on the results.

19146



Chinese(PD) English(NYT)

LInsert PInterl LInterl LInsert PInterl LInterl

Top-1

Retrieval (LCS)
BGE-M3 Noise 55.79 43.14 45.81 46.56 34.68 37.70

GT 56.93 57.88 54.67 47.66 45.04 42.38

BM25 Noisy 81.16 66.94 73.50 71.87 62.90 71.67
GT 82.89 80.91 80.62 92.64 71.44 74.28

End-to-end (F1)
Qwen3-8B × BGE-M3 Noisy 56.46 42.03 46.78 25.74 18.21 19.19

GT 57.62 55.07 52.21 29.09 23.24 21.70

Qwen3-8B × BM25 Noisy 70.64 60.45 60.53 37.93 30.10 31.75
GT 72.43 69.54 69.53 40.78 34.71 35.46

Top-2

Retrieval (LCS)
BGE-M3 Noise 69.03 54.93 59.65 67.09 52.20 55.79

GT 69.80 72.16 69.54 69.84 62.17 59.14

BM25 Noisy 89.58 79.63 83.27 84.49 76.60 83.56
GT 89.53 89.69 89.86 86.51 85.19 86.50

End-to-end (F1)
Qwen3-8B × BGE-M3 Noisy 63.42 47.30 54.74 31.42 22.19 21.38

GT 62.91 63.90 59.28 33.65 26.64 24.16

Qwen3-8B × BM25 Noisy 73.26 64.18 63.90 41.01 36.29 31.23
GT 74.57 73.15 70.67 42.85 37.95 36.91

Top-5

Retrieval (LCS)
BGE-M3 Noise 83.28 73.30 59.65 58.59 42.52 46.39

GT 78.90 81.40 81.81 60.42 51.83 50.84

BM25 Noisy 86.74 73.30 88.56 80.36 70.72 78.78
GT 94.16 95.23 94.86 82.39 81.85 81.42

End-to-end (F1)
Qwen3-8B × BGE-M3 Noisy 67.80 55.20 57.39 33.34 26.95 22.87

GT 65.49 66.31 63.63 37.29 29.77 26.58

Qwen3-8B × BM25 Noisy 73.73 67.52 63.77 41.83 34.82 32.54
GT 74.96 71.99 70.44 42.61 38.52 37.74

Table D.1: Result of Different k Values.

Noise Level (n) BGE Cosine Similarity BGE Similarity Drop Jaccard Similarity

2 0.9178 0.0822 1.0000
3 0.8949 0.1051 1.0000
4 0.8904 0.1096 1.0000
5 0.8786 0.1214 1.0000

Table E.1: Impact of Structural Noise on Retrieval Similarity
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Raw Prompt You are an expert, you have been provided with a question and documents re-
trieved based on that question. Your task is to search the content and answer
these questions using both the retrieved information.
You MUST answer the questions briefly with one or two words or very short
sentences, devoid of additional elaborations.
Write the answers within <response></response>. If you cannot find answer
from retrieved Documents, say: “Not answerable”.

Correction Prompt You are an expert, you have been provided with a question and documents re-
trieved based on that question. Your task is to search the content and answer
these questions using both the retrieved information. There are some order er-
rors in these documents. Please ignore them for now, try to restore the document
logic, and then answer.
You MUST answer the questions briefly with one or two words or very short
sentences, devoid of additional elaborations.
Write the answers within <response></response>. If you cannot find answer
from retrieved Documents, say: “Not answerable”.

Table F.1: Q&A Instruction Prompt
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