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Abstract

With the increasing adoption of Large Lan-
guage Models (LLMs) and Vision-Language
Models (VLMs), rich document analysis
technologies for applications like Retrieval-
Augmented Generation (RAG) and visual RAG
are gaining significant attention. Recent re-
search indicates that using VLMs yields better
RAG performance, but processing rich docu-
ments remains a challenge since a single page
contains large amounts of information. In
this paper, we present SCAN (SemantiC Doc-
ument Layout ANalysis), a novel approach
that enhances both textual and visual Retrieval-
Augmented Generation (RAG) systems that
work with visually rich documents. Itis a VLM-
friendly approach that identifies document com-
ponents with appropriate semantic granularity,
balancing context preservation with processing
efficiency. SCAN uses a coarse-grained seman-
tic approach that divides documents into coher-
ent regions covering contiguous components.
We trained the SCAN model by fine-tuning ob-
ject detection models on an annotated dataset.
Our experimental results across English and
Japanese datasets demonstrate that applying
SCAN improves end-to-end textual RAG per-
formance by up to 9.4 points and visual RAG
performance by up to 10.4 points, outperform-
ing conventional approaches and even commer-
cial document processing solutions.

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2021; Gao et al., 2024; Fan et al., 2024) tech-
nology enables Large Language Models (LLMs)
to provide more accurate responses to user queries
by retrieving and leveraging relevant knowledge
and documents. These knowledge sources, such as
company financial reports, web pages, insurance
manuals, and academic papers, often contain com-
plex charts, tables, diagrams, and other non-textual
elements, collectively referred to as rich documents.
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Effectively enabling RAG systems to understand
and utilize such rich, multimodal content remains
a key research challenge.

In practice, RAG systems for rich documents
follow two major pipeline patterns. Textual RAG
first converts documents into text (e.g., Markdown)
format, performs text retrieval, and then generates
responses with an LLM. Visual RAG, by contrast,
retrieves images of pages or regions and uses a
Vision-Language Model (VLM) to read the images
and generate an answer directly. Although their
modalities differ, both pipelines ultimately depend
on VLMs—either to convert visual regions into
text or to interpret them directly—and both tend
to break down when an entire page is processed at
once.

Therefore, a common challenge is having a
VLM process an entire rich document page (text
conversion or VQA) at once. One potential solu-
tion is to further divide a document page into small
regions. Traditional document layout analysis tech-
nologies such as DocLayout-YOLO (Zhao et al.,
2024b) can achieve this objective, but they focus
on fine-grained analysis, breaking down content
into small components such as titles, paragraphs,
tables, figures, and captions. This approach could
lose important context when processing isolated
components and potentially lead to reduced RAG
accuracy. In our experiments, conventional layout
analysis methods with VLM text conversion and
VQA degraded RAG performance in most cases.

1.1 Contributions

To address these challenges, we propose SCAN, a
novel approach that performs VLM-friendly seman-
tic document layout analysis with “coarse granular-
ity.” Figure 1 compares the result of conventional
layout analysis with that of SCAN. SCAN can se-
mantically divide regions into boxes that cover con-
tiguous components related to the same topic. For
example, each of the semantic boxes [3], [4], and
[S] corresponds to independent topics of IT Ser-
vices, Social Infrastructure, and Others.
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Figure 1: Conventional fine-grained layout analysis result (left, DocLayout-YOLO) vs. our coarse-grained semantic

layout analysis result (right, SCAN).

—
=

B
SCAN Model

Input Documents
(Images) %o

Semantic
Image Chunks

Textual RAG Pipeline

VLM Text 0

Conversion Il
S IME> =] S5
Retriever LLM
= (QA)
Structured Relevant

Text Text *
Chunks Answer

Visual RAG Pipeline

=
—o
] =

Image

> Retriever > . - > VLM
[ — ] (VQA)
Relevant Image
Chunks Answer

Figure 2: Overview of applying our SCAN model to current textual and visual RAG pipelines.

To train a powerful SCAN model, we anno-
tated more than 24k document pages with semantic
layout labels. The model is fine-tuned from pre-
trained object detection models using this training
data. We also designed post-processing techniques
for RAG applications. Figure 2 gives an overview
of applying our SCAN model to both textual and
visual RAG pipelines. Concretely, each page of an
input document is treated as an image and decom-
posed into semantic chunks by our SCAN model.
For textual RAG, the images of semantic chunks
are passed to a VLM that performs text conversion,
and the resulting texts are then input into existing
textual RAG systems. For visual RAG, the result-
ing image chunks can be the retrieval targets that
are directly input into existing visual RAG systems.

We evaluate SCAN’s performance using three
datasets featuring both English and Japanese docu-
ments. Although SCAN is trained on Japanese data,
the experiments show that it can achieve good per-

formance on English benchmarks. Experimental
results show that in textual RAG, applying SCAN
can improve end-to-end performance by 2.7-9.4
points, while in visual RAG, SCAN can enhance
end-to-end performance by 5.6-10.4 points. More-
over, although SCAN requires multiple VLM infer-
ences rather than a single page-level inference, the
total computational time is reduced because each
inference uses fewer input tokens.

2 Related Work

2.1 Document Layout Analysis

CNN-based models such as DocLayout -
YOLO (Zhao et al.,, 2024b) and Transformer-
based models such as DiT (Li et al., 2022),
LayoutLMv3 (Huang et al., 2022), and Bee-
hive (Auer et al., 2024) have been proposed for
high-performance document layout analysis. These
models are trained with synthetic and human-
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annotated datasets (Zhong et al., 2019; Li et al.,
2020; Pfitzmann et al., 2022). Building on these
models, several end-to-end document conversion
systems have been developed. Docling (Auer et al.,
2024), Marker (Datalab, 2024), and MinerU (Wang
et al., 2024) provide a comprehensive pipeline for
document layout analysis and text conversion. In
addition, production systems such as Azure Doc-
ument Intelligence (microsoft, 2025) and Llama-
Parse Premium (LlamaParse.Al, 2025) are avail-
able.

2.2 VLMs for Document Conversion

Vision-Language Models (VLMs) have emerged
as powerful tools for multimodal understanding
tasks. Open models such as the Qwen-VL se-
ries (Bai et al., 2025b,a) and InternVL (Chen
et al., 2024b) have also demonstrated impres-
sive capabilities in visual document understand-
ing. Moreover, smaller OCR-specialized VLM,
including GOT (Wei et al., 2024), Nougat (Blecher
et al., 2024), DocVLM (Nacson et al., 2024), and
olmOCR (Poznanski et al., 2025), have been devel-
oped to efficiently handle document text extraction.

2.3 Textual and Visual RAG

The rapid progress of LLMs has further strength-
ened RAG, enabling models to inject external
knowledge into responses with higher precision and
coverage (Lewis et al., 2021; Gao et al., 2024; Fan
et al., 2024). Typical RAG pipelines in previous
works first converted document images or PDFs
into plain text, and only then performed indexing
and retrieval over the extracted passages (Zhang
et al., 2025). Recent results show that using VLMs
for document text conversion yields better results
than traditional OCR tools (Zhang et al., 2025; Fu
et al., 2024). On the other hand, with the increasing
availability of multimodal embeddings and VLMs,
there is a growing interest in multimodal RAG sys-
tems that can directly index and retrieve images and
leverage VLMs for answer generation (Yu et al.,
2025; Tanaka et al., 2025; Faysse et al., 2024).

3 Method

Our goal is to design a VLM-friendly layout analy-
sis module that divides a rich document page into
a small number of semantically coherent regions
with coarse granularity. We call this task semantic
document layout analysis, and the resulting regions
semantic chunks. In contrast to conventional layout

analysis, which produces many fine-grained boxes
for structural elements (titles, paragraphs, tables,
figures, etc.), SCAN aims at a coarser granularity
that better matches how humans understand a page
and how RAG systems use it.

A semantic chunk on a page is defined as a re-
gion whose content is unified by a single subtopic.
Complex pages often contain several subtopics un-
der one broader topic. For example, in the page
shown in Figure 1, the overall topic is “business
areas of a company,” but there are three distinct
subtopics: IT Services, Social Infrastructure, and
Others. Each of these subtopics is represented by
one semantic chunk. Formally, we require that
everything inside one chunk is necessary to under-
stand that subtopic and that no important part of the
subtopic lies outside the chunk. This notion is dif-
ferent from structural divisions such as paragraphs,
sections, or table cells. Structural divisions are de-
fined by superficial document elements (e.g., line
breaks or section headers) and do not necessarily
align with topical boundaries. They are particularly
unreliable for floating elements such as figures and
tables, or for infographic-style pages where text
and graphics are freely laid out. Therefore, we
define semantic chunks directly in terms of topi-
cal coherence rather than layout structure. In our
implementation, semantic chunks are represented
as rectangular bounding boxes, and we introduce
two types of boxes. Semantic boxes correspond to
content related to one subtopic as defined above;
one page typically contains several semantic boxes.
Global boxes correspond to page-level metadata
such as the title, header, footer, date, and author.
Global boxes are semantically related to the whole
page, whereas semantic boxes are local and mostly
independent of each other. Figure 1 (right) illus-
trates five semantic boxes and three global boxes
produced by our SCAN model. Introducing global
boxes as well as semantic boxes allows us to rep-
resent the page’s semantic dependency structure
more accurately.

Given a single-page image from a rich document,
our semantic document layout analysis task is to
predict a set of such bounding boxes together with
their box types. This setup follows classical layout
analysis and can be formulated as a multi-class ob-
ject detection problem. Accordingly, we fine-tune
pre-trained object detection models on a dataset
with semantic layout labels. In the rest of this
section, we first describe how we construct the
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Cluster Domain \ # Pages # Boxes
Tables, Charts 3,766 17,024
Flyers, Magazines, Menus, Recipes 3,747 21,555
Maps, Travel information 3,383 16,558
Itemized documents 3,771 19,062
Handwritten text 821 3,481
Vertical text 3,768 16,520
Math 1,213 5,479
Manuals, Guidelines, Blueprints 4,108 23,472

Table 1: Statistics of document domains in our dataset.

Box Type | Avg. Boxes Per Page # Boxes
semantic box 3.13 76,862
title 0.49 12,137
header 0.38 9,416
footer 0.73 17,969
date 0.12 2,888
author 0.16 3,879
All types 501 123,151

Table 2: Statistics of box types in our dataset.

dataset used to train SCAN (Section 3.1), then ex-
plain how we fine-tune object detection models
(Section 3.2), and finally detail the post-processing
applied when integrating SCAN into textual and
visual RAG pipelines (Section 3.3).

3.1 Dataset Construction

As we are the first to define semantic document
layout analysis in this context, we developed our
training and evaluation dataset through a rigorous
annotation process. We first collected document
pages from the Japanese portion of the CCpdf cor-
pus (Turski et al., 2023). To ensure diversity in
our training data, we first performed agglomerative
clustering on a small subset of the corpus using
image embeddings with the MiniCPM Visual Em-
bedding (Rhapsody Group, 2024) model. We then
selected a balanced number of sample pages close
to the centroid of each cluster and included them
in our dataset; the statistics for each cluster are pro-
vided in Table 1. We finally labeled 24,577 pages
and split them into 22,577 pages for training, 1,000
for validation, and 1,000 for testing. Appendix A
provides examples of our dataset.

The annotation task required annotators to iden-
tify semantic chunks within each page and draw
bounding boxes around them, followed by assign-
ing a box type. The box types we defined are se-
mantic box, title, header, footer, date, and author.
Table 2 reports the number of boxes for each class
and the average number of boxes per page.

We collaborated with a specialized data anno-

Model Confidence \ IoU (%) Coverage (%)
0.2 53.7 81.0
0.3 58.0 79.0
YOLOLI-X 0.4 558 731
0.5 49.7 64.0
0.2 48.9 78.0
0.3 54.8 78.8
RT-DETR-X 0.4 58.4 79.0
0.5 59.6 77.7

Table 3: The Intersection over Union (IoU) scores and
coverage ratios of fine-tuned object detection models.
We varied the confidence threshold for predicted bound-
ing boxes from 0.2 to 0.5.

tation company in Tokyo, engaging six expert
Japanese annotators under formal contracts with
reasonable payment. We first conducted a pilot
annotation on a small number of samples to estab-
lish a detailed guideline regarding box granularity,
segmentation criteria, and the handling of ambigu-
ous cases. During the pilot stage, we measured
inter-annotator agreement using a matching-based
IoU (Intersection over Union) metric (described in
Section 3.2) and obtained a score above 0.7. Be-
cause the IoU metric is relatively sensitive to box
misalignment, we considered the agreement suffi-
ciently high. Thus, we adopted a single-annotator-
per-sample protocol for the main annotation phase.
We also regularly checked annotation quality and
updated the guideline. Appendix B provides details
of our annotation guideline.

3.2 Object Detection Model Fine-tuning

There are two popular families of object detection
architectures: the CNN-based (YOLO series (Red-
mon et al., 2016; Khanam and Hussain, 2024)) and
the Transformer-based (DETR series (Carion et al.,
2020; Zhao et al., 2024a)). We fine-tuned YOLO11-
X! and RT-DETR-X? supported by the Ultralytics
framework (under the AGPL-3.0 license) to de-
velop our SCAN models.

To evaluate the fine-tuned models in terms of
bounding box granularity and precision, we de-
veloped a matching-based IoU (Intersection over
Union) metric. This metric first uses the Hungar-
ian algorithm to perform bipartite matching be-
tween predicted and ground-truth bounding boxes.
Then, it calculates an average IoU over the matched
bounding box pairs and unmatched bounding boxes.
For unmatched bounding boxes, we assigned an

"https://docs.ultralytics.com/models/yolo11/
https://docs.ultralytics.com/models/rtdetr/
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Dataset | Domain Lang. #Docs #Pages #QA QA Type
omaen | ol ARSIl sse ses GuTihTom
Allganize ‘ Fi“ance’},Izli‘l’irc"‘s":c‘t’gr’Tﬁ‘;*t‘;‘i‘l’}gfz{r?gjggff‘““““g’ Ja 64 2,167 300  Text, Chart, Table
BizZMMRAG ‘ Finance, Government, Medical, Ja 42 3924 146 Text, Chart, Table

Consulting Sectors, Wikipedia

Table 4: Statistics of our evaluation datasets.

IoU of 0 to penalize excessive or insufficient pre-
dictions.

Table 3 shows the two models’ IoU scores on
the validation set of our dataset. Because each pre-
dicted bounding box has its confidence score, we
varied the confidence threshold to select the opti-
mal predicted bounding box set. We also computed
the coverage score of the selected bounding boxes,
defined as the ratio of the area covered by the se-
lected boxes to the total area of all ground-truth
boxes. With the optimal confidence threshold, the
IoU score of the RT-DETR-X fine-tuned model
is better than that of the YOLO11-X fine-tuned
model. RT-DETR-X (confidence: 0.5) achieved
the best IoU score of 59.6. However, its coverage
score is the lowest (77.7) among all the RT-DETR-
X settings. Thus, we selected the model based on
RT-DETR-X with a confidence threshold of 0.4
as our primary SCAN model. Appendix D shows
examples of predicted bounding boxes from our
SCAN model.

3.3 Post-processing for RAG

We use the outputs of SCAN as a preprocessing
step for both textual and visual RAG pipelines (Fig-
ure 2). Given a page image, SCAN predicts a set
of semantic and global boxes, and we crop the cor-
responding sub-images from the original page. For
textual RAG, we convert each sub-image into text
using a VLM-based OCR model. We then con-
catenate the resulting texts into a single page-level
sequence according to a reading order estimated
from the box coordinates. In our implementation,
we use a simple rule-based reading order predic-
tion: boxes are sorted by the y-coordinate of the
upper-left corner and then by the x-coordinate. The
concatenated text is indexed and used as the doc-
ument representation in downstream textual RAG
systems. For visual RAG, we directly use all pre-
dicted boxes (semantic and global) as individual
image chunks.

4 Experiments

4.1 Datasets and Settings

We use three datasets to evaluate the RAG perfor-
mance: one English dataset, OHR-Bench (Zhang
et al., 2025), and two Japanese datasets, our in-
house BizMMRAG and Allganize (Allganize.ai,
2024). Each dataset is used for both textual and
visual RAG evaluation, which involves answering
questions based on retrieved document content. As
far as we know, OHR-Bench is the first benchmark
to systematically evaluate the cascading impact of
OCR on RAG systems. It enables step-by-step
evaluation across OCR, retrieval, generation, and
overall performance. Table 4 gives a detailed sum-
mary of these datasets. Section 4.1.1, Section 4.1.2,
and Appendix E provide more details on the exper-
imental settings.

4.1.1 Textual RAG Setting

When evaluating English textual RAG perfor-
mance, we use OHR-Bench (Zhang et al., 2025)
and follow the same evaluation protocol. We use
BGE-m3 (Chen et al., 2024a) and BM25 as re-
trieval models, and meta-1lama/Llama-3.1-8B-
Instruct and Qwen/Qwen2-7B-Instruct as an-
swer models to generate answers according to the
retrieved top-2 results. We use three metrics: (a)
retrieval, which calculates LCS (Longest Common
Subsequence) to measure evidence inclusion in re-
trieved content; (b) generation, which measures the
F1-score of QA when provided with the ground
truth page; and (c) overall, which calculates the F1-
score of QA for the end-to-end RAG pipeline. The
F1-score is calculated using precision and recall
of common tokens between the generated result
and the ground truth. The final scores are the aver-
age across the four combinations of two retrieval
models and two answer models.

For the Japanese datasets BizZMMRAG and All-
ganize, we employ intfloat/multilingual-e5-
large as a retrieval model. For each query, the top-
5 retrieved results are fed to the answer generation
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Model | Architecture

Training Data

DiT DiT (304M)

DocLayout-YOLO | YOLO11-X (57M)
RT-DETR-L (43M)
RT-DETR-X (67M)

Beehive
SCAN

IIT-CDIP (42M) + PubLayNet (360K)
DocLayNet (80k)
DocLayNet (80k)

Our Dataset (22k)

Table 5: Comparison of layout analysis models.

model, which is GPT-40 (gpt-40-2024-08-06).
To evaluate the generated answers, we adopt the
LLM-as-a-judge framework (Gu et al., 2025), us-
ing GPT-40 to assign an integer score from 1 to 5 to
each generated answer. Answers receiving a score
greater than 4 are considered correct (assigned a
value of 1), while others are considered incorrect
(assigned a value of 0). Final accuracy is computed
based on these binary scores.

To demonstrate the effectiveness of our SCAN
method, we compare several text conversion meth-
ods: (1) using VLMs directly for text conversion
without any layout analysis; (2) using fine-grained
layout analysis methods, including DiT (Li et al.,
2022), DocLayout-YOLO (Zhao et al., 2024b), and
Beehive (Auer et al., 2024), followed by a VLM
for text conversion; and (3) our SCAN method
followed by a VLM for text conversion. For
the VLMs, we use an OCR-specialized model,
GOT (Wei et al., 2024), as well as a general VLM,
Qwen2.5-VL (Bai et al., 2025b). We also in-
clude three other models, Nougat (Blecher et al.,
2024), olmOCR (Poznanski et al., 2025), and In-
ternVL2.5 (Chen et al., 2024b) for the setting (1)
as baselines. For the layout analysis models, we
list their architectures and training data in Table 5.
Note that our SCAN model’s training data is much
smaller than the other three layout analysis models.
For the settings (2) and (3), we apply the post-
processing described in Section 3.3.

4.1.2 Visual RAG Setting

We also apply OHR-Bench, BizMMRAG, and
Allganize to evaluate visual RAG performance.
We use ColQwen2-v1.0 (Faysse et al., 2024) as
an image retrieval model with top-5 retrieval and
Qwen/Qwen2.5-VL-7B as an answer model.
Similar to the textual RAG setting, we compare
three chunking methods: (1) using single-page
images as a visual segment for retrieval and gen-
eration; (2) using layout analysis methods, DiT,
DocLayout-YOLO, and Beehive, to chunk page
images into layout-based chunks; and (3) our
SCAN method to chunk page images into semantic

chunks.

4.2 Textual RAG Evaluation Results

OHR-Bench. Table 6 presents the comprehensive
evaluation results of our SCAN method applied
to various VLMs for text conversion in textual
RAG. Among conventional approaches, VLMs for
OCR demonstrate superior performance, followed
by OCR-specialized small VLMs.

Our SCAN model can improve the performance
of VLM-based text conversions. Despite the strong
baseline performance of Qwen2.5-VL-72B, which
achieves an impressive overall score of 31.1% (the
ground truth is 36.1%), applying SCAN further
improves the performance to 33.8%. The perfor-
mance gains are larger when applying SCAN to
OCR-specialized small VLMs. With GOT, our
SCAN’s improvement is 6.2 points, enabling this
smaller model to achieve competitive performance
comparable to much larger VLMs. This finding has
important implications for deployment scenarios
with computational constraints, suggesting that our
semantic layout analysis approach can help bridge
the efficiency-performance gap. The generation
results exhibit similar improvement patterns. The
results also indicate that SCAN’s enhancements for
structured content elements such as reading order
(RO) and tables (TAB) become increasingly signifi-
cant. This suggests that the semantic segmentation
approach is particularly valuable for preserving the
relationships between elements that have spatial
dependencies.

On the other hand, applying SCAN slightly
degrades the retrieval performance when using
Qwen2.5-VL-72B. This is because retrieval is a
relatively simple task within the RAG pipeline, pri-
marily requiring the correct identification of key-
words rather than comprehensive document under-
standing. In contrast, the subsequent question-
answering stage demands precise and complete
conversion of document content into text, where
SCAN’s semantic layout analysis proves particu-
larly advantageous.

We can also see that fine-grained document
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Retrieval

Generation Overall

TXT TAB FOR CHA RO ‘ ALL TXT TAB FOR CHA RO ‘ ALL TXT TAB FOR CHA RO ‘ ALL
Ground Truth | 812 69.6 748 703 9.8 | 70.0 | 494 460 340 470 282 | 43.9 | 450 346 280 329 187 | 36.1
OCR-specialized small VLM
Nougat-350M 59.1 327 442 113 44 40.9 367 229 229 64 6.9 25.5 335 184 194 58 3.6 14.5
GOT-580M 62.1 410 487 174 37 45.4 375 285 241 8.5 7.1 27.8 353 229 201 8.2 53 24.6
DiT-GOT-580M 675 503 477 354 46| 51.9(+6.5) | 464 350 255 196 148 | 350(+7.2) | 419 268 21.3 154 104 | 29.6 (+5.0)
DocLayout-YOLO-GOT-580M 604 455 432 328 44 | 468(+14) | 419 314 245 222 183 | 32.7(+49) | 385 239 202 161 12.1 | 27.5(+2.9)
Beehive-GOT-580M 652 495 487 390 47| 512(+58) | 457 333 264 237 281 | 359(+8.1) | 414 250 215 166 17.0 | 29.6 (+5.0)
SCAN-GOT-580M (ours) 68.5 543 507 366 53| 53.9(+85) | 462 379 275 208 246 | 369(+9.1) | 419 284 225 160 17.3 | 30.8(+6.2)
VLM for OCR
InternVL2.5-78B 68.6 579 556 451 27 56.2 417 418 290 336 33 358 382 310 233 229 3.1 29.6
olmOCR-7B 725 584 554 248 50 56.6 448 405 304 190 84 36.0 40.6 303 237 128 7.1 29.6
Qwen2.5-VL-72B 751 600 600 382 53 59.6 443 421 318 270 116 37.5 406 31.1 261 190 88 31.1
DiT-Qwen2.5-VL-72B 769 577 556 446 54 | 59.7(+0.1) | 487 418 297 266 243 | 39.8(+2.3) | 448 320 245 203 16.0 | 33.5(4+24)
DocLayout-YOLO-Qwen2.5-VL-72B | 63.5 124 360 11.7 54 | 363(-233) | 412 102 190 72 182 | 244(—13.1) | 384 100 163 7.7 125 | 224(-8.7)
Beehive-Qwen2.5-VL-72B 733 160 423 163 6.1 | 426(—17.0) | 46.6 11.3  21.3 102 272 | 28.2(-93) | 43.0 109 195 86 166 | 253(-5.8)
SCAN-Qwen2.5-VL-72B (ours) 757 566 573 406 65 | 589(-07) | 484 433 319 276 267 | 40.8(+3.3) | 444 319 266 206 17.7 | 33.8(+2.7)

Table 6: Textual RAG results on OHR-Bench. Comparison of various OCR methods across different evaluation
metrics. TXT, TAB, FOR, CHA, RO, and ALL represent text, table, formula, chart, reading order, and their average,
respectively. The RO category includes questions that require identifying the correct reading order to associate
information from separate paragraphs. Ground Truth indicates the performance when using the ground truth page
text for retrieval and generation. The bold values indicate the best performance in each category.

BizMMRAG Allganize
TXT CHA TAB | ALL TXT CHA TAB | ALL
Qwen2.5-VL-72B 85.0 523 69.1 68.8 845 684 622 71.7
DiT-Qwen2.5-VL-72B 750 546 500 | 599(=89) | 90.1 67.1 622 | 73.2(+1.5)
DocLayout-YOLO-Qwen2.5-VL-72B | 61.7 250 28.6 | 38.4(=304) | 493 21.1 232 | 31.2(-40.5)
Beehive-Qwen2.5-VL-72B 70.0 29.6 214 | 40.3(-285) | 61.3 40.8 26.8 | 43.0(—28.7)
SCAN-Qwen2.5-VL-72B (ours) 81.7 727 738 | 761 (+73) | 859 855 720 | 81.1(+94)

Table 7: Textual RAG results on Japanese datasets: BizZMMRAG and Allganize.

analysis methods, DocLayout-YOLO (Zhao et al.,
2024b) and Beehive (Auer et al., 2024), substan-
tially degrade overall performance when used with
Qwen2.5-VL-72B. The degradations are particu-
larly severe for structured content types such as
tables and charts. These conventional layout anal-
ysis methods typically segment documents into
small atomic regions, which also break the struc-
ture of documents. In contrast, DiT and our se-
mantic box approach improve the strong baseline
of Qwen2.5-VL-72B. Although DiT is generally
categorized as a conventional fine-grained docu-
ment layout analysis method, its outputs include
coarser segments compared to DocLayout-YOLO
and Beehive, demonstrating that relatively coarser
segments are more suitable for VLMs. Our SCAN
further optimizes this level of granularity: it pre-
serves the integrity of semantically coherent re-
gions, maintains their holistic structure while still
providing the organizational benefits of layout anal-
ysis. This preservation of semantic unity enables
VLMs to process each region with full contextual
awareness, resulting in more accurate text conver-
sion and, ultimately, superior RAG performance.

It is notable that SCAN demonstrates high perfor-
mance on English document benchmarks despite
being trained exclusively on Japanese documents.

This suggests that for common layout patterns, the
impact of language may be less significant than the
effectiveness of the coarse-grained segmentation
approach itself.

BizMMRAG and Allganize. Table 7 presents
the textual RAG performance for Japanese docu-
ment datasets. We include DiT, DocLayout-YOLO,
and Beehive layout analysis models in our experi-
ments, as the performance of layout analysis is not
heavily dependent on language. The results have
the same trends as the English OHR-Bench eval-
uation, demonstrating that our SCAN methodol-
ogy yields substantial improvements over a capable
VLM. Specifically, on the BizMMRAG dataset, our
SCAN-enhanced approach demonstrates a notable
7.3-point improvement compared to the baseline
Qwen2.5-VL-72B model: text accuracy decreased
by 3.3 points, while chart accuracy increased by
20.4 points and table accuracy increased by 4.7
points. We observe similar trends for the Allganize
dataset.

We also observe that the performance improve-
ments are larger for Japanese datasets than for the
English OHR-Bench. When using Qwen2.5-VL-
72B, the gain was 2.7 points on OHR-Bench, but
it increases to 7.3 points on BizZMMRAG and 9.4
points on Allganize. In general, multilingual VLMs
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‘ TXT TAB FOR CHA RO ‘ ALL
No chunking 840 686 715 587 679 70.2
DiT 80.7 63.8 622 51.9  66.0 64.9 (—5.3)
DocLayout-YOLO | 722 579 583 475 624 | 59.6 (—10.6)
Beehive 732 60.1 642 438 87.6 | 65.8(—4.4)
SCAN (ours) 86.0 70.0 735 634 863 75.8 (+5.6)
Table 8: Visual RAG results on OHR-Bench.
BizMMRAG Allganize
TXT CHA TAB ‘ ALL TXT CHA TAB ‘ ALL
No chunking 71.7 56.8 57.1 58.9 75.9 71.1 62.5 69.9
DiT 61.7 59.5 63.6 61.6 (+2.7) 81.8 68.8 64.1 71.6 (+1.7)
DocLayout-YOLO | 55.0 54.8 61.4 57.0(—1.9) 69.5 68.8 65.8 68.0 (—1.9)
Bechive 66.7 455 524 | 548(—4.1) | 660 526 60.0 | 59.5(—10.4)
SCAN (ours) 75.0 614 714 | 69.3(+10.4) | 844 67.1 75.0 75.5 (+5.6)

Table 9: Visual RAG results on Japanese datasets: BizMMRAG and Allganize.

tend to demonstrate relatively higher performance
in major languages such as English. Thus, while
they can achieve reasonable performance on En-
glish documents even when the input images are
complex, their performance is likely to degrade
substantially on Japanese documents due to greater
layout and linguistic complexity. This indicates
that SCAN, which mitigates the input image com-
plexity for VLM, is especially effective for non-
major languages such as Japanese, yielding even
greater benefits than in English.

4.3 Visual RAG Evaluation Results

OHR-Bench. Table 8 presents the results of
OHR-Bench in visual RAG. When applying our
SCAN approach to divide original pages into se-
mantic chunks and performing visual RAG on these
chunks, we observed an overall improvement of 5.6
points compared to processing entire pages. We
can see that the SCAN approach is effective for ev-
ery category. Especially in the RO (reading order)
task, our method achieves an impressive 18.4-point
improvement. Recall that the RO task requires
examining different paragraphs and articles to sum-
marize answers. This demonstrates that dividing
a page image into independent semantic chunks
enables the system to retrieve only the relevant
paragraphs, avoiding distractions from unrelated
content on the same page.

BizMMRAG and Allganize. Table 9 presents
the visual RAG results for Japanese document
datasets. The findings demonstrate that on both
the BizMMRAG and Allganize benchmarks, our
SCAN methodology exhibits substantial accuracy
improvements. Specifically, SCAN improves by
10.4 points on BizMMRAG and 5.6 points on All-

#Input # Output

Setting ‘ Tokens Tokens # Chunks Time (s)
No chunking | 1,320.4 991.9 1.0 68.0
SCAN 9,683.1 2,515.0 12.4 56.3

Table 10: Processing cost and time comparison of VLM
text conversion. We used 10 images randomly sampled
from OHR-Bench, and the values in the table are aver-
ages over these 10 instances.

ganize. This result also shows that our SCAN ap-
proach enables the VLM to achieve significantly
enhanced performance in Japanese VQA.

4.4 Cost Comparison of VLM Text
Conversion

Our approach, which splits a page into multiple
images, consistently improves the accuracy of tex-
tual RAG. However, one concern is that increasing
the number of images to be processed may also in-
crease processing time and cost. To investigate this,
we compared the processing time and token usage
of VLM-based text conversion with and without
applying SCAN.

We randomly sampled 10 images from OHR-
Bench and used Qwen2.5-VL-72B for text con-
version.> Table 10 reports the comparison be-
tween single-page processing and multiple seman-
tic chunk processing. The results show that both the
number of input tokens and output tokens increase
when using multiple semantic chunks. This im-
plies that applying SCAN with API-based models
that charge by token usage may lead to higher cost.
However, despite the increase in token counts, the

*We used a VLLM (Kwon et al., 2023) server running on
four NVIDIA RTX PRO 6000 Blackwell GPUs for efficient
batch processing.

1625



Chunking Method Model Architecture # Chunks Relative Chunk Textual RAG Visual RAG
(# Parameters) Per Image Size (%) Score Score
No chunking N/A 1.0 100.0 31.1 70.2
DiT DiT (304M) 12.3 16.3 33.5 64.9
DocLayout-YOLO | YOLOI11-X (57M) 9.9 11.3 22.4 59.6
Beehive RT-DETR-L (43M) 17.4 4.8 253 65.8
SCANyoLo YOLO11-X (57M) 32 26.4 33.5 72.4
SCANRT-DETR RT-DETR-X (67M) 5.2 19.1 33.8 75.8

Table 11: Effect of model architecture and chunking granularity on RAG performance. Textual and visual RAG
scores are copied from Tables 6 and 8, respectively. SCANyqr o is a model trained on the same data as SCANRr.peTR
but uses the YOLO11-X architecture. We used the same confidence threshold (0.4) as SCANgrt.peTR fOr SCANyYOLO.
Relative chunk size is computed as the average area of chunks divided by the area of the original page image. We
randomly sampled 100 images from OHR-Bench for this evaluation.

average processing time is reduced. We attribute
this to the substantial decrease in the number of
input tokens per request to the VLM, which low-
ers the cost of attention computation. Specifically,
while the average number of input tokens per chunk
is 1,320.4 in the single-page setting, it is reduced
to 780.9 (= 9683.1/12.4) in the multiple-chunk
setting. Thus, SCAN not only enables the extrac-
tion of richer textual information but also reduces
computational overhead.

4.5 Chunking Granularity and RAG
Performance

To quantitatively evaluate how chunking granular-
ity affects RAG performance, we computed the
average number of chunks per image and their rela-
tive sizes for the five different chunking methods
(Table 11). From the number and relative size of
chunks, we observe that our SCAN divides a page
into relatively larger and fewer chunks compared
to the other chunking methods. SCAN achieves
the highest performance in both textual and visual
RAG, indicating that its moderate level of granular-
ity is well-suited for RAG tasks.

To ablate the effect of chunking granularity, we
trained another SCAN model using the YOLO11-
X backbone (denoted as SCANyoro in Table 11).
SCANyorLo and SCANgrt.perrR perform compa-
rably in textual and visual RAG, suggesting
the model architecture has a minor impact on
RAG performance. Comparing SCANyor o with
DocLayout-YOLO, despite sharing the same archi-
tecture as DocLayout-YOLO, SCANyo1 o yields
substantially higher performance in both RAG set-
tings, even though it is trained on significantly
fewer annotations (23k vs. 80k). These results
demonstrate that the performance gains stem from
our coarse granularity policy rather than model ca-

pacity or dataset scale.

5 Conclusion

We presented SCAN, a semantic document layout
analysis approach for modern textual and visual
RAG systems. By introducing coarse-grained se-
mantic segmentation that preserves topical coher-
ence, SCAN effectively reduces the information
processing burden on VLMs while maintaining se-
mantic integrity across document components. To
develop SCAN, we labeled more than 24k docu-
ment images with semantic layouts and trained a
robust semantic layout analysis model. Our com-
prehensive evaluation across multiple datasets, lan-
guages, and document types demonstrates SCAN’s
ability to enhance textual and visual RAG perfor-
mance by 2.7-9.4 and 5.6-10.4 points, respectively.
In addition, SCAN achieves these improvements
while reducing computational costs.

Future work could explore SCAN’s applicability
to other document understanding tasks, such as
document summarization, information extraction,
and document VQA.

Ethical Statement

In this work, we study semantic document layout
analysis for RAG. To the best of our knowledge,
there is no negative societal impact in this research.
All our training data consist of publicly available
PDFs from the internet, which likewise present no
ethical concerns. Our SCAN model aims to im-
prove information extraction without introducing
biases in the underlying content. We believe that
improved document analysis can enhance the ac-
cessibility of information for users across different
languages and document formats. While our sys-
tem improves RAG capabilities, users should still
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be mindful of the general limitations of Al systems
when relying on generated answers.

We used Claude-3.7-Sonnet and GPT-5 to help
polish the writing of the paper. We are responsible
for all the materials presented in this work.

Limitations

While our SCAN approach offers significant ad-
vantages, we acknowledge several limitations that
present opportunities for future research:

1. Our SCAN model operates based on spatial
image layout. In certain documents where content
that should logically form a single semantic chunk
is physically separated in space and does not fit
in a rectangular box, our current model cannot yet
establish these connections. This limitation could
potentially be addressed through an additional train-
able reading order model coupled with a semantic
box merging mechanism.

2. Our current model was trained primarily on
Japanese data. While experiments demonstrate im-
provements on English benchmarks as well, this
may not represent the optimal model for all lan-
guages. Japanese documents have unique layout
characteristics, such as vertical writing and right-to-
left orientation, which differ from English conven-
tions. Further analysis and exploration are needed,
and future work could involve annotating purely
English data to investigate whether higher perfor-
mance could be achieved for English RAG applica-
tions.

3. SCAN’s semantic layout was designed for
dense, content-rich document RAG. For simpler
pages, designing an adaptive approach that intel-
ligently decides whether to apply semantic layout
analysis or process the page as a single unit could
provide better generalizability in future iterations.
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A Examples from Our Semantic Layout Dataset

Figure 3 shows some examples of our semantic layout dataset. It contains diverse document pages,
including research papers, administrative reports, user manuals, slides, flyers, and more. The dataset is
annotated with the semantic box class and the five global box classes: title, header, footer, date, and
author.
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Figure 3: Examples of our semantic layout dataset.

B Annotation Instructions for Our Semantic Layout Dataset

This section summarizes the guideline we provided to annotators when creating our semantic layout
dataset. Annotators first locate and annotate page-level global boxes such as headers and footers. After
that, they segment the remaining content into subtopics so that each subtopic is as semantically self-
contained as possible. For example, in a product catalog (e.g., the bottom-left example in Figure 3), the
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description of each product is independent of the others and therefore receives its own semantic box. If a
single subtopic still contains too much information, annotators further split it so that each semantic box
contains a manageable amount of content, which is suitable for processing by VLMs.

Semantic units are always annotated with axis-aligned rectangles. Rectangles are required not to overlap
and, taken together, should cover all content on the page. When a single rectangle would inevitably
contain content from multiple topics, the region is split so that each rectangle corresponds to a single topic.
For instance, in the top-right example in Figure 3, the bottom-right semantic box is topically related to the
upper box, but they are annotated separately because a single rectangle would also include the bottom-left
region, which belongs to a different topic.

During annotation, we discard pages that are unsuitable for our task. Typical exclusion cases include:

* pages written in languages other than Japanese or with text so small that the content cannot be reliably
read

* pages that are heavily rotated or not displayed in the correct orientation

C Training Details of Our Object Detection Models

We fine-tuned two off-the-shelf object detection models: YOLO11-X and RT-DETR-X. We mostly
followed the default settings provided by the Ultralytics framework (version 8.3.28)%, but we explicitly set
or tuned some important hyper-parameters as shown in Table 12. For the YOLO11-X fine-tuning, we
used 4 NVIDIA L40 GPUs (48GB), which took about 4 hours to finish 30 epochs. For the RT-DETR-X
fine-tuning, we used 8 NVIDIA A100 GPUs (80GB), which took about 16 hours to finish 120 epochs.

Hyper-parameter | YOLO11-X RT-DETR-X

Batch size {8, 16, 32, 64} {8, 16, 32, 64}
Learning rate {1e-4, 5e-4, 1e-3, 5e-3}  {5e-5, 1le-4, Se-4, 1e-3, 5e-3}
Max training epochs {30, 40, 80, 120} {80, 120, 160}
Weight decay {5e-5, le-4, 5e-4} {1e-5, 1e-4, 1e-3}
Warmup epochs {5, 10} {5,10}

Image size 1024

Dropout 0.0

Optimizer AdamW

Learning rate scheduler cos_Ir

Table 12: Hyper-parameters used for fine-tuning object detection models. We tuned the hyper-parameters in
the brackets in terms of the mean average precision (mAP) on the validation set. The bold values are the best
hyper-parameters for each model.

D Output Examples of Our Semantic Layout Analysis Model

This section presents qualitative examples of SCAN predictions. Figures 4-8 illustrate that SCAN can
handle complex layouts in both Japanese and English documents, grouping related elements into coherent
semantic chunks.

Figures 7 and 8 also reveal typical failure patterns, where some regions are covered by overlapping
boxes. Such redundancy is usually harmless when semantic chunks are used as retrieval units in RAG
or as inputs to LLMs, but it may be undesirable in traditional OCR pipelines that aim to extract each
character exactly once. For these use cases, it would be beneficial to add post-processing that merges or
removes overlapping boxes.

*https://github.com/ultralytics/ultralytics/releases/tag/v8.3.28
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Evan Gershkovich hugged his mother, Ella Milman, after he and other freed Americans arrived at Joint Base Andrews on Thursday.

I

Box 7 (P

TOXITPT

This article is by Mark Mazzetti,
Anton Troianovski, Michael D.
‘Shear and Peter Baker.

WASHINGTON — A turning
point came on June 25, when a
group of C.LA. officers sat across
from their Russian counterparts
during a secret meeting in a Mid-
i Basiern capial

mericans floated a pro-

posal: an exchange of two dozen
prisoners sting i jals n Russia,
the United States and scattered

ross Europe, a far bigger
more comp]ex deal than either

Inside the Prisoner Trade:
Spies, a Killer and Couriers

Secret Talks Involving Multiple Countries
Led to Deal That Freed Americans

cret messages hand-delivered by
couriers — secured the release of
Mr. Gershkovich, Mr. Whelan and
14 other imprisoned Americans,
Russians and Europeans.

eal also freed, among oth-
ers, & Russian hit faan, Vadi
Krasikov. He had been jailed in
Germany since 2019 for the mur-
der of a Chechen former separat

President Vladimir V. Putin of
Russia, who had publicly praised
the kiling as an actof pariotism
and for

butone that would give both Mos-
cow and Wes s more
Feasons to say yos.

‘Quiet negotiations between the
United States and Russia over a
possible prisoner swap had
dragged on for more than a year.
‘They were punctuated by only oc-
casional glimpses of hope for the
families of the American pris-
oners — including Evan Gershko-
vich, a reporter for The Wall
Street Journal, and Paul Wielan,

n American security contractor
atient

HARRIS CLOSES IN
ON RUNNING MATE

By EMILY STEEL
Alight rain fell at the Zurich air-

Formal Vetting Process Is
Finished by Law Firm

This article is by Lisa Lerer, Reid
J. Epstein and Katie Glueck.
Thelaw firmhiredby the Horris
campaign to investigate potential
wmpmmcmm candidates has
mpleted its work, leaving the fi-
naldecision— the most important
yet of the still-new campaign
Squarely in Vice President Kama-
la Harris's hands.
ington & Burling, the Wash-
ington law firm tasked with the
vetting, completed the Job ‘on
Thursday afternoon and turned
over its findings to Ms. Harris, ac-
cording to two people briefed on
the process.
Ms. Harris has blocked off sev-

ing considered to join the ticket,
according to two people who had
viewed her schedule and who, like
others interviewed, spoke on the
condition of anonymity because
they were not authorized to dis-
cuss the private process. The Har-
ris campaign has suggested it will
announce the decision by Tuesday
evening, when the vice president
and  her amed ~ running
mate begin  five-day tour of pres:
idential battleground states, start-
ing in Philadelphia
ral of the contenders, in-

cluding Govs. Josh Shapiro of
Pennsylvania and Andy Beshear
of Kentucky, canceled events this
weekend, reflecting both a desire
tobe available for those conversa-
tions and to avoid drawing addi-
tional speculation from the news
media about their chances.

‘The choice of a running mate is
one of the most de-

portone Sunday morning in Janu-
ary 2023 as Sarah Kate Ellis made
her way from a seat in Delta’s
most exclusive cabin to a waiting
Mercedes. It was there to chauf-
feur her to the Swiss Alps, where
she and her colleagues would stay
at the Tivoli Lodge, a seven-bed-
room chalet that cost nearly halfa
million dollars to rent for the
week.

s 0 was en route to
the World Economic Forum in Da-
vos, doesn't run a Wall Street bank
or a high-flying tech start-up. She
is the chief exccutive of the non-
profit organization GLAAD, one of

GLAAD Files Suggest
It May Have Broken
LR.S. Regulations

the country's leading L.G.B.T.Q
advocacy groups.

‘The group, which has an annual
budget of roughly $30 million,
paxd(or Ms. Ellisstrip,as wellasa

day of skiing, according to inter-
nal documents reviewed by The
New York Times and interviews
with current and former employ-
ees and others with knowledge of
GLAAD’s operations.

‘The trip was part of a pattern of

Lavish Spending at a Top L.G.B.T.Q. Nonprofit

lavish spending at GLAAD, much
of it by Ms. Ellis, that may have vi-
olated the organization's own poli-
cies as well as Internal Revenue
Service rules.

The Times reviewed dozens of|

mpanying receipts
ary 2023 through June 2025, a5
well as employment agreements,
tax filings, audit reports, other fi-
nancial documents and internal
communications.

When Ms. Ellis traveled for
work, there were firstclass
flights, szays at the Waldorf Asto-
riaand other luxury hotels and ex-
pensive car services. Not to men-
tion a Cape Cod summer rent

Continued on Page Al4

for their ordeal to_end. Those
hopes wers always dasted when
one of the two sides balked.

But the June meeung changed
things, according o accounts
from American and Western offi-
cials and other people familiar
with the long process of bringing

the deal to fruition.

‘The Russian spies took the pro-
posal back to Moscow, and only
days later the C.LA. director was

n the phone with a Russian spy
chief agreeing to the broad pa-
rameters of a massive prisoner
swap. On Thursday, seven differ-
entplnes touched down n Anl-

, Turkey, and exchanged pas-
sengers, brnging o & successhl
close an intensive diplomatic ef-
fort that took place almost en-
tirely out n( public

o betwoen longtime ad-
versanes — negotiated mostly by
spies and sometimes through se-

Krasikov be part of any swap.

The stunning deal took place
against the geopolitical backdrop
of the war in Ukraine, where the
United States is sending weapons
to the battlefront aimed at killing
as many Russian troops as possi-
bl

t reached its conclusion
even as President Biden, who got
personally involved in the negoti-
ations at key points, was losing
hope of continuing his re-election
bid following a disastrous tele-
vised debate that took place two
days after the C.LA. gave the Rus-
sians what proved to be the deci-
sive new offer.
On the morning of Sunday, July
. with Covid,

home in Delaware to Slovenia’s
prime minister to nail down one of
the last pieces of the prisoner
sgreement. Less than two hours
later, he announced he was with-
draving from the presidential

race.

“The deal that made this possi-
ble was a feat of diplomacy and
friendship,” Mr. Biden said on
Thursday in brief remarks from
the White House, flanked by fam-
ily members of the prisoners. He

Continued on Page A6

GERMANY'S ROLE The chancellor
‘overcame opposition in his deci-
sion to release a hit man. PAGE A5

Tox ZP]

0x'5 (P)

dhger

cisions of Ms. Harris's political ca-

reer, one that can pay dividends in

votes and years of counsel or

backfire disastrously. In some
M

tion for the future of the party, a

reality she intimately under-
stands given her own head-spin-
ning ascension to the top of the
ticket.

But unlike previous nominees,
who spent months_considering
candidates, she must make her

Continued on Page Al6

'SECURED Democrats said Kamala
Harris had enough delegates to
be the nominee. PAGE AlG

By JERE LONGMAN
and EMMANUEL MORGAN
PARIS — Lin Yu-ting strode to-
ward the boxing ring on Friday
fully aware that she was walkin
straight into a swirling_ contro-
versy that has turned the Paris
Olympics into a forum for a fierce
debate about biology, gender and
fairness in

Defending the Eligibility
of Two Female Boxers

Taiwan, stepped through the
ropes for her opening match,
bowed a couple of times and got to
work. Emerging victorious about
1 tesl

ressed il i red and greeted
withamix of cheers and boos from
the crowd, Lin, who competes for

of her supporters and then left the
arena as silently as she had ar-
rived. She declined to speak to re-

Olympic Officials Try to Quell Fury Over Fairness

porters,
At the same time, Olympic offi-
cials were working urgently to re-
but what they described as wide-
spread “misinformation”  —
spurred by a 46-second fight on
Thursday — that led some to
question the presence of Lin and
another boxer, Imane Khelif of Al-
geria, in the Paris Games a year
after they were disqualified from
the world championships in a dis-
pute about their eligibility.
Continued on Page A9

In 10 Seconds,
One-Man Team
Could Be Done

Slowed Hiring
Casts Doubts
On Fed’s Wait

By HANNAH BEECH

PAI s his nation’s lone
athiete at the Paris. Olympics,
Winzar Kakiouea carries an addi-
tional burden: Most people have
noidea that his country is a coun-

try.
Also, his homeland could one
day disappear into the ocean.

First,abrief geography primer:
Nauru, with a population of less
than 13,000, is an island nation
perched in the middle of the Pa-
cific Ocean. Once known as Pleas-

its independence in 1968, after a
period of trusteeship by
United Natons. It econemy for
decades n gua
bird pmp, ke mgredlem iner.
Mining destroyed parts of
the island; chunks of Nauru slid
into the sea. Climate change is
nibbling at its shores, too.

“Most people don't know about

7

Nauru” Kakmuea e:ud  When 1
tell them about

hocked that this| lmle uny place
is a country”

On Saturday, Kakiouea, 23, will
compete in the preliminaries of
the men's 100 meters. He is a very
fast runner — the fastest man in
the expanse of the Pacific known
as Micronesia — but it is probably
safe to say that his Olympics will
be over in fewer than 11 seconds.

still, Kakioueas presence in
Paris is testament to one of the

Continued on Page A9

By JEANNA SMIALEK
Federal Reserve officials held
off on cutting interest rates this
week because they wanted to see
slightly more data to feel confi-
dent that inflaion i truly coming
under While that ap-
proach is caious when i ormes
to price increases, Friday's em-
ployment report underscored that
it might be a risky one when it
‘comes to the job market.

‘Unemployment rose to 4.3 per-
cent n July, up from 41 percent
previously, ing slowed

sharply. The labor market erach
have given sudden urgency to
concerns that the Fed has waited
too long to begin cutting rates —
and that it might be falling behind,
allowing the job market t0 slow in
a way that will be hard to stall or
reverse.

“Theyare absolutely behind the
curve, and they need to catch up;”
said Julia Coronado, founder of
MacroPolicy Perspectives.

High Fed interest rates help to
cool inflation by slowing demand.
When it costs more to borrow to
buy a house or expand a business,
people make fewer big purchases
and companies hire fewer work-

nomic activity pulls
back, businesses struggle to raise
prices as quickly, and inflation
moderates.

‘That chain reaction can come at
a serious cost to the job market,
though. And once the labor mar-

Continued on Page A17
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Figure 6: Example of SCAN model outputs.
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Figure 7: Example of SCAN model outputs.
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The following table presents additional information on retained loans secured by real estate within the Wholesale portfolio,
which consists of loans secured wholly or substantially by a lien or liens on real property at origination. Multifamily lending
includes financing for acquisition, leasing and construction of apartment buildings. Other commercial lending largely includes
financing for acquisition, leasing and construction, largely for office, retail and industrial real estate. Included in secured by
real estate loans is $6.4 billion and $5.7 billion as of December 31, 2022 and 2021, respectively, of construction and
development loans made to finance land development and on-site construction of commercial, industrial, residential, or farm
buildings.

Total retained loans secured

Multifamily Other Commercial by real estate
December 31, B
(in millions, except ratios) 2022 2021 2022 2021 2022 2021
Retained loans secured by real estate $ 79139 $ 73801 $ 47,593 § 45034 $ 126,732 $ 118,835
Criticized 1916 1,671 1,992 2,300 3,908 3971
9% of criticized to total retained loans secured by real estate 242 % 2.26 % 4.19 % 511 % 3.08 % 334 %
Criticized nonaccrual $ 51 $ 91§ 195§ 235 ¢ 246 326
9% of criticized nonaccrual loans to total retained loans secured by real estate 0.06 % 0.12 % 0.41 % 0.52 % 0.19 % 0.27 %
OX U (PT

Gevgraphicdistributiomand tetimquerncy

The following table provides information on the geographic distribution and delinquency for retained wholesale loans.

Commercial Total

Secured by real estate and industrial Other retained loans
December 31,
(in millions) 2022 2021 2022 2021 2022 2021 2022 2021
Loans by geographic distribution®
Total US. $ 123740 $ 115732 $ 125324 § 106,449 $ 230,525 § 215750 §$ 479,589 § 437,931
Total non-U.S. 2,992 3,103 42,336 39,242 78,753 80,078 124,081 122,423
Total retained loans $ 126,732 § 118,835 § 167,660 $ 145691 $ 309,278 § 295828 § 603,670 $ 560,354
Loan delinquency
Current and less than 30 days past due and still accruing $ 126,083 § 118,163 §$ 165415 $ 143450 $ 307,511 § 293358 $ 599,009 $ 554,980
30-89 days past due and still accruing 402 331 1,127 1,193 1,015 1,590 2,544 3,114
90 or more days past due and still accruing® 1 15 100 70 53 121 154 206
Criticized nonaccrual 246 326 1,018 969 699 759 1,963 2,054
Total retained loans $ 126,732 § 118835 $ 167,660 $ 145691 $ 309,278 § 295828 $ 603,670 $ 560,354

(a) The U.S. and non-U.S. distribution is determined based predominantly on the domicile of the borrower.

(b) Represents loans that are considered well-collateralized and therefore still accruing interest.

(0) AtDecember 31,2021 nonaccrual loans excluded $127 million of PPP loans 90 or more days past due and guaranteed by the SBA, predominantly in
Mgmlercial and industrial. At December 31, 2022 the amount excluded was not material.

Nonaccrual loans
The following table provides information on retained wholesale nonaccrual loans.

Commer cial Total

Secured by real estate and industrial Other retained loans
December 31,
(in millions) 2022 2021 2022 2021 2022 2021 2022 2021
Nonaccrual loans
Wwith an allowance $ 172 % 254 % 686 $ 604§ 487 § 286 % 1,345 % 1,144
Without an allowance"”’ 74 72 332 365 212 473 618 910
Total nonaccrual loans®™ ~ § 246 % 326 $ 1,018 $ 969 $ 699 § 759 $ 1,963 $ 2,054

(a) when the discounted cash flows or collateral value equals or exceeds the amortized cost of the loan, the loan does not require an allowance. This typically
occurs when the loans have been partially charged off and/or there have been interest payments received and applied to the loan balance.
(b) Interest income on nonaccrual loans recognized on a cash basis were not material for the years ended December 31, 2022 and 2021.
tHt

[ Toan modifications
Certain loan modifications are considered to be TDRs as they provide various concessions to borrowers who are experiencing
financial difficulty. Loans with short-term or other insignificant modifications that are not considered concessions are not TDRs
nor are loans for which the Firm has elected to suspend TDR accounting guidance under the option provided by the CARES Act.
New TDRs during the years ended December 31, 2022, 2021 and 2020 were $801 million, $881 million and $734 million,
respectively. New TDRs during the years ended December 31, 2022, 2021 and 2020 reflected the extension of maturity dates,
covenant waivers, receipt of assets in partial satisfaction of the loan and deferral of principal and interest payments,
predominantly in the Commercial and Industrial and Other loan classes. The impact of these modifications resulting in new
TDRs was not material to the Firm for the years ended December 31, 2022, 2021 and 2020.

The carrying value of TDRs was $936 million and $607 million as of December 31, 2022 and 2021, respectively.
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Figure 8: Example of SCAN model outputs.
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E Experimental Details

E.1 Environment

For text conversion with Qwen2.5-VL-72B, we used 8 NVIDIA L40S (48GB) GPUs and an INTEL(R)
XEON(R) GOLD 6548N CPU. The details are as follows.

python 3.12

vlim==0.7.3 (V@ version)
torch==2.5.1
torchaudio==2.5.1
torchvision==0.20.1
transformers==4.49.0
ultralytics==8.3.28

VLLM settings

- temperature: 0.3

- top_p: 0.95

- max_tokens: 8192

- repetition_penalty: 1.1
- tensor_parallel==

E.2 Prompts for the VLM Text Conversion

You are a powerful OCR assistant tasked with converting PDF images to the Markdown
format. You MUST obey the following criteria:

1. Plain text processing:

- Accurately recognize all text content in the PDF image without guessing or
inferring.

- Precisely recognize all text in the PDF image without making assumptions in the
Markdown format.

- Maintain the original document structure, including headings, paragraphs, lists,
etc.

2. Formula Processing:

- Convert all formulas to LaTeX.

- Enclose inline formulas with $ $. For example: This is an inline formula $ E = mc

2%,
- Enclose block formulas with $$ $$. For example: $$ \frac{-b \pm \sqrt{b"2 - 4ac
}3{2a} $%.

3. Table Processing:
- Convert all tables to LaTeX format.
Enclose the tabular data with \begin{table} \end{table}.
Chart Processing:
- Convert all Charts to LaTeX format.
Enclose the chart data in tabular with \begin{table} \end{table}.
Figure Handling:
Ignore figures from the PDF image; do not describe or convert images.
Output Format:

Ensure the Markdown output has a clear structure with appropriate line breaks.

- Maintain the original layout and format as closely as possible.

Please strictly follow these guidelines to ensure accuracy and consistency in the
conversion. Your task is to accurately convert the content of the PDF image
using these format requirements without adding any extra explanations or
comments.

o 1o

E.3 Prompts for LLM-as-a-judge

System:
You are an expert evaluation system for a question answering chatbot.

You are given the following information:

- a user query and reference answer

- a generated answer

You may also be given a reference answer to use for reference in your evaluation.
Your job is to judge the relevance and correctness of the generated answer.

Qutput a single score that represents a holistic evaluation.
You must return your response in a line with only the score.
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Do not return answers in any other format.
On a separate line provide your reasoning for the score as well.

Follow these guidelines for scoring:

- Your score has to be between 1 and 5, where 1 is the worst and 5 is the best.

- Your output format should be in JSON with fields "reason” and "score” shown below.

- If the generated answer is not relevant to the user query, you should give a score
of 1.

- If the generated answer is relevant but contains mistakes, you should give a score
between 2 and 3.

- If the generated answer is relevant and fully correct, you should give a score
between 4 and 5.

Example Response in JSON format:

18t
"reason”: "The generated answer has the exact same metrics as the reference
answer, but it is not as concise.”,
"score”: "4.0"
33
User:
## User Query
{query}

## Reference Answer
{reference_answer}

## Generated Answer
{generated_answer}
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