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Abstract

Large Multimodal Models (LMMs) have
demonstrated strong performance in English,
but their effectiveness in Japanese remains lim-
ited due to the lack of high-quality training data.
Current Japanese LMMs often rely on trans-
lated English datasets, restricting their ability
to capture Japan-specific cultural knowledge.
To address this, we explore the potential of
Japanese PDF data as a training resource, an
area that remains largely underutilized. We in-
troduce a fully automated pipeline that lever-
ages pretrained models to extract image-text
pairs from PDFs through layout analysis, OCR,
and vision-language pairing, removing the need
for manual annotation. Additionally, we con-
struct instruction data from extracted image-
text pairs to enrich the training data. To evalu-
ate the effectiveness of PDF-derived data, we
train Japanese LMMs and assess their perfor-
mance on the Japanese LMM Benchmark. Our
results demonstrate substantial improvements,
with performance gains ranging from 2.1% to
13.8% on Heron-Bench. Further analysis high-
lights the impact of PDF-derived data on var-
ious factors, such as model size and language
models, reinforcing its value as a multimodal
resource for Japanese LMMs.

1 Introduction

Large Multimodal Models (LMMs) have achieved
high performance in English (OpenAl, 2024a;
Team et al., 2024; Dubey et al., 2024; Yang et al.,
2024), and their development is now expanding
to other languages. Recently, several open-source
Japanese LMMs have been released (Akiba et al.,
2025; Tanahashi et al., 2023; Inoue et al., 2024,
Lab, 2024; Sasagawa et al., 2025). While these
models perform reasonably well, they still lag be-
hind their English counterparts, partly due to the
limited availability of Japanese training data.
Unlike English, where large-scale public image-
text pairs exist, Japanese models often rely on trans-
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Figure 1: Examples of PDF data. We use various types
of PDF data for Japanese LMM training.

lated English data (Shing and Akiba, 2023a,b; Tana-
hashi et al., 2023; Inoue et al., 2024). This means
Japanese LMMs primarily learn content from west-
ern sources, lacking exposure to Japan-specific cul-
tural knowledge.

To address this issue, we utilize Japanese PDF
data to incorporate culturally relevant knowledge
into LMM training. Unlike existing multimodal
datasets, which are primarily web-based (Lin et al.,
2014; Sharma et al., 2018; Schuhmann et al., 2022),
PDFs contain a vast amount of valuable but under-
utilized information from books and documents.
Despite this, research on integrating PDF data into
LMM training remains limited. To our knowledge,
no existing work has leveraged PDF data to en-
hance Japanese LMMs.

We investigate whether PDF data can effectively
enhance Japanese LMMs. However, manually an-
notating large-scale PDFs is costly. To overcome
this, we develop a fully automated pipeline, as
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Figure 2: An automated pipeline for extracting image-text pairs from PDFs. It leverages pretrained models for

layout analysis, OCR, and vision-language pairing.

shown in Figure 2. It extracts image-text pairs from
PDFs using pretrained models for layout analysis,
OCR, and vision-language pairing. Additionally,
we generate instruction data from extracted image-
text pairs to enrich the training data.

We train Japanese LMMs with the PDF-derived
data and evaluate them on the Japanese LMM
Benchmark. Our results show that PDF-derived
data significantly improves performance, with
gains of 2.1% to 13.8% on Heron-Bench (Inoue
et al., 2024). Furthermore, we conduct additional
experiments to provide various insights into PDF-
derived data’s effectiveness. Our main contribu-
tions are as follows:

* We introduce a fully automated pipeline for
extracting image-text pairs from PDFs using
pretrained models, eliminating the need for
manual annotation.

* We demonstrate that PDF-derived data can
significantly improve Japanese LMM perfor-
mance, achieving 2.1% to 13.8% gains on
Heron-Bench.

* Through extensive experiments, we provide
various insights into PDF-derived data’s effec-
tiveness. For example, we analyze the impact
of PDF-derived data across different model
sizes (3.8B, 8B, 14B) and evaluate the effec-
tiveness of both image-text pairs and instruc-
tion data generated from images alone.

2 Related Work

2.1 Extracting Image-text Pairs from PDFs

Research on extracting images and their captions
from PDFs, particularly scientific papers, has been
actively explored (Clark and Divvala, 2015, 2016;
Siegel et al., 2018; Naiman et al., 2022; Okamoto
et al., 2023). These studies typically perform the
layout analysis (Shen et al., 2021) to locate image

regions within a PDF, extract caption data from
nearby text, and pair them together. When pair-
ing, some approaches use distance-based matching,
considering that caption text is generally closer to
the corresponding image than other text (Okamoto
et al., 2023).

However, to the best of our knowledge, no ex-
isting study has paired images with text other than
the captions explicitly found in PDFs. We aim to
extract image-text pairs from PDFs without being
limited to captions. The closest existing work to
our task is the identification of paragraphs that ref-
erence figures in scientific papers and summarizing
their content to generate figure captions (Huang
et al., 2023). However, this approach does not
strictly pair images with non-caption text in PDFs,
and its applicability is limited to scientific papers
rather than general PDFs. In contrast, our work ex-
tends beyond scientific papers to cover a broader
range of general PDFs.

2.2 Japanese LMM

Recently, Japanese large multimodal models
(LMMs) have been emerging based on English
LMMs. Proprietary LMMs have been improv-
ing their multilingual capabilities, achieving high
performance in Japanese as well (OpenAl, 2023,
2024a; Anthropic, 2024; Team et al., 2024). Addi-
tionally, many open-source Japanese LMMs have
been released (Shing and Akiba, 2023a,b; Akiba
et al., 2025; Tanahashi et al., 2023; Inoue et al.,
2024; Lab, 2024; Sasagawa et al., 2025).

Most open-source LMMs follow the LLaVA (Liu
et al., 2023) approach, where a large language
model (LLM) and a vision encoder are connected
via a relatively shallow projector to form an LMM.
For training, some use in-house Japanese data (Lab,
2024), while others rely on translated Japanese
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data (Shing and Akiba, 2023a,b; Tanahashi et al.,
2023; Inoue et al., 2024) and adopt a Japanese LLM
as the base language model (Lab, 2024; Shing and
Akiba, 2023a,b; Tanahashi et al., 2023; Inoue et al.,
2024). This approach enables the development of
Japanese LMMs with decent performance.

Some models, such as Qwen-VL (Bai et al.,
2023), achieve strong performance in Japanese
without using a Japanese LLM, instead leveraging a
multilingual LLM. VILA-jp (Sasagawa et al., 2025)
has further improved performance by utilizing in-
terleaved data. MangaLMM (Baek et al., 2025)
specifically targets Japanese manga and demon-
strates the potential of domain-specific Japanese
LMMs. However, no existing work has leveraged
PDF data to enhance Japanese LMMs. To achieve
higher performance, we utilize PDF data in our
approach. Recently, several benchmarks have been
introduced for evaluating Japanese LMMs, such as
JDocQA (Onami et al., 2024), which focuses on
Japanese document QA, and JIMMMU (Onohara
et al., 2025), which considers Japanese culture.

3 Harnessing PDF Data

We aim to enhance the performance of Japanese
LMMs using PDF data. In this section, we describe
the process of obtaining Japanese LMM training
data from PDF data.

3.1 Collecting PDF data

The PDF dataset used in this study was collected
from the Web based on URLs supplied by the Web
ARCchiving Project of the National Diet Library of
Japan (National Diet Library). The total number of
PDFs exceeds 51.38 million. However, we do not
use all of these PDFs; instead, we select a subset
through the following process. The PDF data in-
cludes a wide variety of document types, not only
academic or scientific papers but also newsletters,
magazines, reports, posters, advertisements, cam-
paign materials, pamphlets, brochures, manuals,
and books. Figure 1 presents examples of various
types of PDF data.

3.2 Extracting Image-text Pairs

To create training data for LMMs, we extract image-
text pairs from PDF data. The overall process is
illustrated in Figure 2.

Selecting PDFs that Contain Images. Before ex-
tracting images and text from PDFs, we first filter
out PDFs that do not contain images. A significant

portion of the PDF data does not include any im-
ages, and many files contain only small logos or
symbols rather than meaningful images.

After manually inspecting hundreds of PDFs,
we observed that as the number of pages increases,
PDFs tend to resemble books, where text dominates
and images are scarce. To address this, we select
only PDFs with five or fewer pages. Additionally,
we found that images frequently appear on the first
page of PDFs. If an image is absent on the first
page, subsequent pages are often image-free as
well. Thus, we extract only the first page from each
selected PDF.

To detect whether a PDF contains images, we
use a Python library. There are several libraries
available for this task (Artifex Software Inc.; Bel-
val, 2017; pdfminer.six). Among them, we choose
PyMuPDF (Artifex Software Inc.), which is widely
used and offers both high speed and accuracy. Us-
ing PyMuPDF, we identify PDFs that contain im-
age data and filter out those without images. As a
result, we select 200K PDFs. Since we only use the
first page of each PDF, this amounts to a total of
200K PDF pages.

Extracting Image and Text through Layout
Analysis and OCR. The PyMuPDF library used
for PDF selection directly reads a PDF and extracts
images and text stored within the file. However, this
approach sometimes leads to issues. For instance,
PyMuPDF may extract images that are invisible to
the human eye within a PDF. Additionally, in some
cases, it breaks down visible images and extracts
them separately based on layout elements. For ex-
ample, in some cases, the background and objects
within an image are extracted separately.

To prevent such issues, we first convert a PDF
into a JPEG image and then extract images and
text from it. This ensures that only images visible
to the human eye are extracted. To extract images
and text, we use Surya (Paruchuri, 2024), a tool
designed for PDF analysis based on image inputs.

Surya performs both layout analysis (Shen et al.,
2021) and OCR. First, layout analysis identifies
image and text regions within the PDF. Then, OCR
is applied to the text regions to extract the text.
Through this process, we obtain both images and
text.

Surya employs pretrained deep learning models
for layout analysis and OCR, supporting over 90
languages, making it applicable to Japanese PDFs.
However, their performance is not perfect. For ex-
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% image?)

(a) Paired text
BEHIIECo#iiARBA31BIES)
(Cherry tree-lined path along the Onda
River (Photographed on March 31))

(b) PDF-style text

BROENKEELIEAREG. BADEFEERHMIIARTHN . ZCDARICES

nNTWEy, CORBCE. BRERLGLD LS OEEENTN. BROD

ELaEHEHELET,

(The sight of cherry blossoms in full bloom is a symbol of spring in Japan and is
cherished by many. During this season, numerous tourists visit to enjoy ...)

(c) Instruction data
B COERICIFEMNE> T E T M ? (Question: What is depicted in this

EE: COERE . ORI OEAICIEA THWIEZNE>TVES, D
BEHEAT. AREVE DBV SHEZET. ZREC. BhicH..
(Answer: This image depicts a scene where cherry trees line both sides of a
river. The cherry blossoms are in full bloom, displaying white and pale pink...)

Figure 3: Example of an image with (a) paired text, (b) PDF-style text, and (c) instruction data

ample, despite processing Japanese text, it occa-
sionally misidentifies characters as Hindi. Addi-
tionally, we filter out images detected by Surya
if their width or height is less than 50 pixels, as
many non-image elements were mistakenly clas-
sified as images. Further analysis of Surya’s pre-
trained model performance is provided in §5.5.

Pairing Image and Text. For each image, we
match the most semantically similar text. Specifi-
cally, we embed the image using a vision encoder
and OCR-extracted text using a text encoder. We
then compute the cosine similarity between the
image and the text and select the text with the
highest similarity as the paired text for the image.
For pairing, we use Japanese-Cloob (Shing et al.,
2022; Sawada et al., 2024), a pretrained vision-
language model widely used in Japan (with 300K
users last month), which follows a CLIP (Radford
et al., 2021)-like architecture. Figure 3(a) presents
an example of the image-text pair.

Filtering NSFW and PII data. We found that
PDF data sometimes contains (1) NSFW (Not Safe
For Work) content and (2) PII (Personally Identifi-
able Information). To filter out such data, we use
GPT-40-mini (gpt-40-mini-2024-07-18) (Ope-
nAl, 2024b) to detect NSFW and PII content and
exclude any data falling into these categories. As a
result, our dataset is largely free from such content
and is expected to be safe for use.

Generating PDF-style text. Pretrained models for
layout analysis, OCR, and pairing are expected to
perform well on scientific papers, as this domain
has been extensively studied. However, in our ex-
periments, where we used a diverse range of PDFs
beyond scientific papers, these pretrained models
did not perform as effectively. As a result, the qual-
ity of image-text pairs obtained using pretrained
models was not always high. Further details on this
can be found in §5.5.

This raises the question: “What if we could ex-
tract image-text pairs from PDFs with higher ac-
curacy?” To explore this, we define PDF-style text
and generate it using GPT-40-mini, simulating an
ideal paired text where each image is associated
with a semantically relevant description. Unlike
direct image captions, PDF-style text does not ex-
plicitly describe the image in detail but instead pro-
vides a brief, indirect explanation derived from the
surrounding text in the PDF. For more details, refer
to the prompt used for PDF-style text generation
(Table A).

As shown in Figure 3(b), the generated PDF-
style text resembles the type of sentences com-
monly found in PDFs while providing an indirect
description of the image. The impact of training
with PDF-style text is presented in Table 6.

3.3 Generating Instruction Data

Image-text pairs can be directly used for LMM
training; however, their effectiveness was limited
(see Table 6). Thus, instead of using them as they
are, we followed the LLaVA (Liu et al., 2023) ap-
proach and generated instruction data using GPT.

Strictly speaking, our method differs slightly
from LLaVA. At the time LLaVA was developed,
GPT-4 (OpenAl, 2023) could not process image
inputs, which likely explains why image data was
not provided to GPT-4 during instruction genera-
tion. However, by the time of our study, GPT-40
had been released, enabling image recognition.

Therefore, we directly feed images to GPT-4o-
mini to generate instruction data. The paired text
associated with each image is used as context in-
formation during instruction generation. For the
prompt, we slightly modify the final part of the
LLaVA prompt, ensuring that the responses are
generated in Japanese. The actual prompt used is
provided in Table B.

Through our experiments, we found that when
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DL TT (It's a cherry blossom)

Language model (LLM) Training Procedure
T T Stage 1: Pretraining
Vision—ltang’L\JAela_gPe BHIE-TW3 |~ Only training MLP
connectoi( ) wEETThn?
(What is the flower

Stage 2: Instruction tuning
— Training MLP and LLM

Vision encoder

in the photo?)

Stage 3: Continual
finetuning (CFT)
— Training MLP and LLM

Figure 4: Training LMM. We use the LLaVA1.5 (Liu
et al., 2024a) framework in our experiments. The train-
ing consists of 3 stages: pretraining, instruction tuning,
and continual finetuning (CFT).

Dataset ‘ Stage Count
LLaVA-Pretrain-JA 1 558K
LLaVA-v1.5-Instruct-620K-JA 2 620K
Instruct-from-200K PDF 3 362K

Table 1: Details of the Japanese LMM training sets.

the paired text matched with an image is imperfect,
it is more effective to generate instruction data us-
ing only the image, rather than including the paired
text. Further details on this can be found in §5.6.
Therefore, in our experiments, all instruction data,
except for that used in Table 7, is generated us-
ing images only. From 200K PDFs, we generate a
total of 362K instruction tuning data. Figure 3(c)
presents an example of the instruction data.

4 Training Japanese LMM

Recently, various open-source Japanese LMMs
have been released (Shing and Akiba, 2023a,b; Ak-
iba et al., 2025; Tanahashi et al., 2023; Inoue et al.,
2024; Lab, 2024; Sasagawa et al., 2025). Among
them, we adopt the widely used LLaVA (Liu et al.,
2023) framework to evaluate the effectiveness of
PDF data, specifically using LLaVA1.5 (Liu et al.,
2024a). Figure 4 illustrates the LLaVA1.5 frame-
work. Most hyperparameters follow the original
LLaVAL.5 settings, with a few modifications. We
replace the vision encoder CLIP (clip-vit-large-
patch14-336) (Radford et al., 2021) with SigLIP
(siglip-s0400m-patch14-384) (Zhai et al., 2023)
and experiment with different large language mod-
els (LLMs) instead of Vicuna-7B (Chiang et al.,
2023). Details on the LLM selection will be dis-
cussed later. For training, we employ LoRA (Hu
et al., 2022) for parameter-efficient finetuning.

Dataset ‘ #Questions #Images
JA-LLaVA-Bench (COCO) 90 30
JA-LLaVA-Bench (Wild) 60 24
Heron-Bench 103 21

Table 2: Details of Japanese LMM evaluation sets.

4.1 Training Procedure

LLaVAL.5 training consists of two stages, aiming
to integrate the pretrained vision encoder and pre-
trained LLM to create an LMM that effectively
handles vision input.

Stage 1: Pretraining. In this stage, only the vision-
language connector (MLP) is trained using image-
text pairs, linking the vision encoder with the LLM.

Stage 2: Instruction Tuning. Using visual instruc-
tion data, both the MLP and LLM are instruction-
tuned to improve multimodal understanding.

Stage 3: Continual Fine-Tuning (CFT). In our
study, we introduce an additional CFT stage after
Stages 1 and 2. Here, we perform CFT on both the
MLP and LLM using PDF data.

Training Data. Table 1 presents the details of
the training data. In Stage 1 (Pretraining) and
Stage 2 (Instruction Tuning), we use the Japanese-
translated version of the original LLaVA train-
ing data (Inoue et al., 2024), translated using
DeepL (DeepL, 2017). Specifically, Stage 1 uses
558K samples from LLaVA-Pretrain-JA (Motors,
2024a), Stage 2 uses 620K samples from LLaVA-
v1.5-Instruct-620K-JA (Motors, 2024b), and Stage
3 uses 362K PDF-derived samples created in §3.

Elapsed Time for Training. LLaVAL.5 is trained
for one epoch per stage. Training LLaVA1.5 with a
Llama3 8B-based LLM using four NVIDIA A100
GPUs took about 11 hours for Stage 1, 42 hours
for Stage 2, and 19 hours for Stage 3.

4.2 LLM Selection

Japanese LLM. We train LLaVA1.5 using three
well-known Llama3-8B-based Japanese LLMs:
Suzume (suzume-llama-3-8B-japanese (Devine,
2024)), ELYZA (Llama-3-ELYZA-JP-8B (Hi-
rakawa et al., 2024)), and Swallow (Llama-3-
Swallow-8B-Instruct-v0.1 (Okazaki et al., 2024))
We build our main model by finetuning LLaVA1.5,
using Swallow as the base Japanese LLM, with
Japanese PDF data. We name this model PDF-
JLMM (PDF-based Japanese Large Multimodal
Model).

2112



JA-LLaVA-Bench (COCO) JA-LLaVA-Bench (Wild) Heron-Bench

Method Detail Conv Complex Avg.|Detail Conv Complex Avg.|Detail Conv Complex Avg.
= GPT4V 88.0 84.7 975 90.1| 8.9 93.1 99.1 94.1| 833 775 783  79.7
% Claude 3 Opus 679 704 953 779|874 734 946 85.1| 745 684 717 736
/A Gemini Pro 653 830 754 746 | 61.7 842 842  76.7| 55.6 643 640 613
§ LLaVA 1.6 7B 60.3 837 60.6 682 | 36.7 44.7 534 449 309 373 31.0 331
% LLaVA 1.57B 71.1 837 69.6 748|492 487 547 508 | 424 459 355 413
g Qwen-VL 7B 78.0 81.0 822 804 | 559 497 56.4 54.0| 463 50.6 523 49
& Japanese StableVLM 7B 189 54.8 241 326 260 24.8 292 267|252 512 37.8 381
% EvoVLM-JP-vl1 7B 61.0 757 710 692 | 49.6 655 542 564|503 444 405 451
& Heron BLIP vl 7B 84.8 943 895 895 455 329 569 451 | 49.1 415 4577 454
® Heron GIT 7B 83.0 782 91.1 84.1| 41.0 399 546 452 428 542 435 468
2 PDF-JLMM 8B 81.6 959 871 882|693 506 776 658|701 623 650 658
% LLaVAl.5-Llama3 8B 82.8 90.6 872 869| 605 387 715 569| 68.7 60.1 56.1  61.6
g LLaVA1.5-Phi3-mini 3.8B 773  89.8 837 83.6| 66.7 365 66.8 56.7| 61.6 612 485 57.1
O LLaVAl.5-Phi3-medium 14B | 84.7 89.6 862 86.8| 77.0 68.2 770 741 | 620 56.1 541 574

Table 3: Main results. Our models trained with PDF data achieve high performance across all benchmarks except
JA-LLaVA-Bench (COCO). Our LLaVA1.5-based models are named after their backbone LLMs (e.g., LLaVA1.5-
Llama3). PDF-JLMM refers to LLaVA1.5 with Swallow as the backbone LLM. The best-performing open-source

models are highlighted in bold.

General (Non-Japanese) LLM. To verify whether
Japanese PDF data is effective in adapting a gen-
eral (non-Japanese) LLM into a Japanese LMM,
we use three non-Japanese LLMs: Llama3 (Llama-
3-8B-instruct (Dubey et al., 2024)), Phi3-mini (Phi-
3-mini-4k-instruct (Abdin et al., 2024), 3.8B pa-
rameters), and Phi3-medium (Phi-3-medium-4k-
instruct (Abdin et al., 2024), 14B parameters).

S Experiments and Analysis

5.1 Evaluation Metric

To evaluate Japanese LMMs, we adopt the evalu-
ation method used in Heron-Bench (Inoue et al.,
2024), a standard Japanese LMM benchmark. The
authors of Heron-Bench provide three evalua-
tion datasets: JA-LLaVA-Bench (COCO) and JA-
LLaVA-Bench (Wild), which are Japanese transla-
tions of LLaVA-Bench(Liu et al., 2023), and Heron-
Bench, specifically designed for Japanese evalua-
tion. The details of them are presented in Table 2.
Heron-Bench follows the same score calcu-
lation method as LLaVA-Bench. First, GPT-4
(gpt-4-0125-preview) (OpenAl, 2023) generates
reference answers using the question’s context.
Then, GPT-4 evaluates both LMM’s answers and
the reference answers using the LLM-as-a-judge
approach (Zheng et al., 2024). The final score is cal-
culated as the ratio (%) of the average score of the
LMM’s answers to the average score of GPT-4’s
reference answers. A score of 100% indicates per-
formance on par with GPT-4, while scores above
100% suggest that the LMM outperforms GPT-4.

LMMs used for comparison. We use three
proprietary LMMs—GPT-4V (OpenAl, 2023),
Claude 3 Opus (Anthropic, 2024), and Gemini
Pro (Team et al., 2024)—along with seven open-
source LMMs—LLaVA 1.6 7B (Liu et al., 2024b),
LLaVA 1.57B (Liuetal., 2023), Qwen-VL 7B (Bai
et al., 2023), Japanese StableVLM 7B (Shing and
Akiba, 2023b), EvoVLM-JP-v1-7B (Akiba et al.,
2025), Heron BLIP v1 (620k) (Tanahashi et al.,
2023), and Heron GIT (Inoue et al., 2024).

5.2 Main Result

Table 3 presents the results of our model trained
on PDF-derived data. Compared to existing mod-
els from the Heron-Bench paper, our PDF-JLMM
outperforms most open-source Japanese LMMs. It
lags behind Heron BLIP v1 7B by only 1.3% on
JA-LLaVA-Bench (COCO). On JA-LLaVA-Bench
(Wild), it achieves a performance of 65.8%, sur-
passing the previous best of 56.4% by 9.4%. For
Heron-Bench, it outperforms the previous best of
49.7% by a significant margin of 16.1%. Addition-
ally, our LLaVA1.5-Llama3, LLaVA1.5-Phi3-mini,
and LLaVA[1.5-Phi3-medium also achieve higher
performance than existing models. These results
demonstrate that utilizing PDF data effectively en-
hances model performance.

In the following subsections, we conduct addi-
tional experiments on training with PDF-derived
data and provide a component-wise analysis.
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LLM Stage L-COCO L-Wild Heron

1. Pretraining 30.6 17.4 22.6
8 2. Instruction tuning 84.0 59.8 54.7
z  3.CFT on 50K PDF 87.3 61.6 65.7
= 3.CFT on 100K PDF 88.2 65.8 65.8
U% 3. CFT on 150K PDF 88.1 65.5 63.8

3. CFT on 200K PDF 86.6 64.7 64.6

1. Pretraining 26.8 16.5 232
2 2. Instruction tuning 84.4 57.0 54.8
sl 3. CFT on 50K PDF 86.5 54.0 58.7
E 3.CFTon 100K PDF 86.3 571 61.0
3 3.CFT on 150K PDF 85.1 53.9 61.8

3. CFT on 200K PDF 86.9 56.9 61.6
xm 1. Pretraining 21.8 13.5 18.4
% 2.Instruction tuning 82.7 50.6 433
‘2 3.CFT on 50K PDF 83.0 52.3 51.9
‘E  3.CFT on 100K PDF 83.3 520 530
2 3.CFT on 150K PDF 83.6 56.7 57.1
A~ 3.CFT on 200K PDF 83.8 48.2 543
8 1. Pretraining 27.5 16.0 234
E 2. Instruction tuning 86.3 71.4 54.2
E 3. CFT on 50K PDF 87.4 65.2 58.8
2 3. CFT on 100K PDF 85.9 66.8 56.3
« 3.CFT on 150K PDF 86.8 74.1 574
E 3. CFT on 200K PDF 88.5 70.7 58.1

Table 4: Results for each stage and increasing
amounts of PDF. CFT on PDF-derived data is effective.
L-COCO, L-Wild, and Heron correspond to JA-LLaVA-
Bench (COCO), JA-LLaVA-Bench (Wild), and Heron-
Bench, respectively. The average value per benchmark
is shown. For each LLM, the highest-performing stage
and value are highlighted in bold.

5.3 Is Using PDF-derived Data Effective?

Table 4 presents the results of LLaVA1.5 training
for each LLM across different stages. Overall, con-
tinual fine-tuning (CFT) on PDF-derived data is
effective. Immediately after Stage 1 (Pretraining),
all LLMs exhibit relatively low performance. After
Stage 2 (Instruction tuning), Heron-Bench perfor-
mance improves by approximately 20%—-30%. Af-
ter Stage 3 (CFT on PDF data), Heron-Bench per-
formance further increases by at least 2.1% (Phi3-
medium) and up to 13.8% (Phi3-mini).

For Stage 3, we also show experiments with in-
creasing amounts of PDF data, where every ad-
ditional 50K PDFs adds approximately 90K new
instruction data. Figure 5 demonstrates the perfor-
mance improvement on Heron-Bench when apply-
ing CFT on PDF data, highlighting the effective-
ness of PDF data. However, performance does not
always increase as the amount of PDF data grows.
Performance does not improve in direct proportion
to the amount of data, indicating that scaling is not

65 1

60

55 1

50 4

Heron-Bench score (%)

—8— Phi3-mini
—o— Phi3-medium

—e— Swallow
45 1 Llama3

CFT on
200K PDF

CFT on
150K PDF

CFT on
100K PDF

CFT on
50K PDF

Stage 2

Figure 5: Performance on Heron-Bench with CFT on
PDF. CFT improves performance. However, more data
does not always lead to continuous performance gains.

Method L-COCO L-Wild Heron
LLaVA1.5-Suzume 8B 83.1 55.4 51.9
LLaVA1.5-ELYZA 8B 81.8 55.1 53.5
LLaVA1l.5-Swallow 8B 84.0 59.8 54.7

Table 5: LLaVAL.S results for each Japanese LLM.
The results are from training up to Stage 1 and 2.

strictly linear.

Additionally, Japanese PDF data is also effective
in adapting a general (non-Japanese) LLM into a
Japanese LMM. To verify this, we conducted the
same experiment using Llama3 and Phi3, both non-
Japanese LLMs, as described in §4.2. As shown
in Table 3 and Figure 5, PDF data is effective for
training these models as Japanese LMMs.

Moreover, PDF data is effective across various
model sizes. It benefits not only models based on
Llama3 8B but also Phi3-mini (3.8B) and Phi3-
medium (14B). However, in the case of Phi3, even
at a larger model size of 14B, its performance lags
behind the 8B Llama3-based model. This may be
due to its limited Japanese vocabulary. Phi3 con-
tains only 837 Japanese vocabulary tokens. Consid-
ering that commonly used kanji in Japanese amount
to around 2,000 (Wikipedia contributors), 837 vo-
cabulary tokens are likely insufficient for effec-
tively handling Japanese. As a result, despite hav-
ing a larger model size of 14B, its performance re-
mains comparable to that of the 8B Llama3 model.

5.4 Which Japanese LLM Performs Best?

We train LLaVA1.5 up to Stage 1 and 2 using the
three commonly used Japanese LLMs introduced
in §4.2 (Suzume, ELYZA, and Swallow). Table 5
presents the results. We find that Swallow achieves
the best performance across all three benchmarks,
and therefore, we select Swallow as the Japanese
LLM for this study.
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Method L-COCO L-Wild Heron

Stages 1 and 2 84.0 59.8 54.7
Top 1 77.0 37.4 40.0
Top 3 72.3 31.3 34.7
Top 5 62.6 26.6 22.8
Neighbor 81.7 39.9 46.4
PDF-style text 81.5 56.5 65.5

Table 6: Results from training with raw image-text
pairs. When performing CFT using only image-text
pairs, the overall performance is lower than the baseline.

5.5 What If We Use Raw Image-Text Pairs
Without Generating Instruction Data?

Instead of generating instruction data from ex-
tracted image-text pairs, an LMM can be trained
directly on them. We train PDF-JLMM with 50K
PDF data using extracted image-text pairs. Table 6
presents the results.

The results show that performance generally de-
creases compared to LLaVA1.5 trained only up to
Stages 1 and 2. In the table, Top 1, 3, 5 refer to
results obtained using the top 1, 3, or 5 texts ranked
by cosine similarity when pairing with an image.
Neighbor denotes the setting where, in addition to
the Top 1 text, one preceding and one following
text from the same PDF are also included. Even
when using Top 3, Top 5, or Neighbor, performance
is still lower than that of LLaVA1.5 trained only
up to Stage 2. This suggests that image-text pairs
extracted solely using pretrained models are not
effective as training data.

There are two major possible reasons for this
performance drop: (1) Many PDFs inherently con-
tain little text that directly describes the images. (2)
The limitations of pretrained models. The quality
of image-text pairs may have been low due to insuf-
ficient performance in layout analysis, OCR, and
pairing tasks. Since there is no annotation data for
these PDFs, it is difficult to rigorously determine
which factor is the primary cause. However, upon
manually inspecting hundreds of examples, we ob-
served that the OCR-extracted text was often inac-
curate. Many extracted texts contained unintended
line breaks, leading to broken words or sentences,
and complex kanji characters were frequently mis-
recognized.

These results led us to question: “What if image-
text pairs were accurately extracted from PDFs?”
To explore this, we generated an ideal paired text
for each image using GPT-40-mini. This approach,

Data source for instruction L-COCO L-Wild Heron

Image 87.3 61.6 65.7
Image and paired text 87.5 60.0 63.9
Image and PDF-style text 87.2 63.0 64.0

Table 7: Comparison of data sources for generating
instruction data. PDF-JLMM is used in experiments.

referred to as PDF-style text, is described in §3.2.
Using PDF-style text significantly outperforms
raw image-text pairs. Compared to Stages 1 and 2,
it achieves a 10.8% improvement on Heron-Bench.
These findings suggest that if text data is properly
extracted from PDFs, training solely on image-text
pairs could lead to further performance gains.

5.6 IsPaired Text Effective for Generating
Instruction Data?

When generating instruction data, we use paired
text matched with images as context. However, the
effectiveness of this paired text remains uncertain.
Since the text extracted from PDFs is often imper-
fect and contains noise, its usefulness for training
may be uncertain. To investigate this, we generate
instruction data using different data sources derived
from 50K PDFs and present the results in Table 7.
We compare three cases: using only images, images
with paired text, and images with PDF-style text.

The key takeaway from our experiment is that
instruction data generated using only images per-
formed best. This suggests that even extracting only
image data from PDFs is valuable, and when paired
text is inaccurate, using images alone can yield bet-
ter performance. Thus, for experiments using 200K
PDFs, we generated instruction data using only
images.

From these results, we conclude that paired text
containing noise is not effective. However, the re-
sults also show that PDF-style text improves per-
formance compared to paired text. This implies
that if text data is more accurately extracted from
PDFs, the quality of instruction data generated
from image-text pairs can also improve.

5.7 Comparison with the Translated Datasets

We compare the PDF-derived data with Japanese-
translated versions of existing English instruction
data. The 620K instruction data (LLaVA-v1.5-
Instruct-620K-JA) used in Stage 2 is considered a
different Japanese multimodal dataset, constructed
by translating English instruction data. We compare
it with our Instruct-from-200K PDF dataset (362K
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Data source for Stage 2 L-COCO L-Wild Heron

LLaVA-v1.5-Instruct-620K-JA 84.0 59.8 54.7
Instruct-from-200K PDF 88.1 72.7 70.0

Table 8: Comparison with the translated data,
LLaVA-v1.5-Instruct-620K-JA.

instruction data). Instead of using LLaVA-v1.5-
Instruct-620K-JA in Stage 2, we train the model
with our Instruct-from-200K PDF dataset. Table 8
shows the results. LLaVA1.5-Swallow 8B trained
with the PDF-derived data outperforms the one
trained with LLaVA-v1.5-Instruct-620K-JA, even
with fewer samples. This result suggests that the
performance gains are not merely due to large-scale
instruction tuning, but rather from leveraging in-
struction data constructed from Japanese PDFs con-
taining culturally grounded content.

We also compare the PDF-derived data with
other datasets that we translated into Japanese.
Specifically, we translated Vision-Flan (Xu
et al., 2024) (186K instruction data) and Image-
Textualization (Pi et al., 2024) (99.6K instruction
data)—subsets of LLaVA OneVision (Li et al.,
2024)—into Japanese using GPT-4o-mini. For
translation, we use the prompt in Table C. We use
these datasets for CFT in Stage 3. Table 9 shows
the results. The results show that simply translating
effective English data into Japanese may even lead
to performance degradation on Japanese bench-
marks. This underscores the importance of using
Japanese PDF data that contains authentic, cultur-
ally grounded content.

Our approach differs from translated English
datasets in that we extract images containing au-
thentic Japanese content directly from Japanese
PDFs. For example, as shown in Figure A of the
qualitative analysis in the supplementary mate-
rials, the model trained only up to Stage 2 (be-
fore incorporating our PDF-derived data) describes
“cherry blossoms”—a culturally symbolic flower in
Japan—as “white flowers”, whereas the model fur-
ther trained on PDF-derived data correctly refers to
it as “cherry blossoms”. We believe this illustrates a
key distinction from translated data, as our method
helps the model learn cultural concepts grounded
in native Japanese contexts rather than relying on
translations.

6 Conclusion

We explore the use of Japanese PDF data to en-
hance LMM training and develop a fully automated

Data source for Stage3 L-COCO L-Wild Heron

100K PDF (181K inst.) 88.2 65.8 65.8
Vision-Flan (VF) 37.8 29.0 40.2
Image-Textualization (IT) 81.6 43.3 46.3
VF +1IT 56.7 355 39.9

Table 9: Comparison with the translated subset of
LLaVA-OneVision. LLaVA1.5-Swallow is used in ex-
periments.

pipeline for extracting image-text pairs. Our ex-
periments show significant performance gains by
incorporating PDF-derived data, with up to 13.8%
improvement on Heron-Bench. Further analysis
confirms the effectiveness of PDF-derived data
across different model sizes and its potential to
complement existing multimodal datasets. These
findings provide valuable insights into leverag-
ing PDF data for LMM training and highlight its
promise as a multimodal resource. While our focus
is on Japanese, we believe this approach is appli-
cable to other languages as well, and we hope it
fosters further research toward improving LMMs
across diverse languages.

Limitations

Following LLaVA’s approach of generating instruc-
tion data using GPT, we used GPT-40-mini to gen-
erate instruction data from PDF data. While this
approach is effective, it is dependent on GPT. To
generate LMM training data without relying on
GPT, high-quality image-text pair data is essential.
Achieving this requires improving the performance
of text extraction models for PDFs.

Currently, scaling beyond 100K PDFs has been
challenging. For future work, we plan to investigate
the underlying causes—whether the bottleneck lies
in data quality, model capacity, suboptimal training
settings (e.g., learning rate, number of epochs), or
the limitations of existing test data. By addressing
these factors, we believe that scaling to larger PDF
datasets will become more feasible.
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A Prompts Used in Our Experiments

This section provides the prompts used in our ex-
periments. Table A, Table B, and Table C show
the prompts used to generate PDF-style text, in-
struction data, and Japanese translations of English
datasets, respectively.

B Qualitative Analysis

Figures A, B, and C present qualitative analyses.
Each figure includes an image, a question, the
reference answer from GPT-4, the response from
LLaVA1.5-Swallow trained up to stages 1 and 2,
and the response from LLaVA1.5-Swallow further
trained with stage 3 (CFT on PDF). The results
show that performance improves after training up
to stage 3, demonstrating the effectiveness of CFT
using PDF-derived data.
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You are an Al visual assistant, and you are seeing a single image. Generate a passage that
resembles text commonly found in PDF documents and is relevant to the given image. The
provided image is extracted from a PDF, but no additional context, such as the document’s text or
structure, is available.

PDF-style text generally has the following characteristics:

1. No explicit captions or minimal captions: Instead of directly describing the image, related text
may naturally integrate into the document’s content.

2. Indirect descriptions: The text does not explicitly reference the image but provides supporting
information that the image complements.

To keep the text concise, generate only 1 to 2 sentences per image, ensuring it aligns
with common PDF writing styles.
You must respond in Japanese.

\

Table A: Prompt for generating PDF-style text. An image is provided to GPT-40-mini along with this prompt.

You are an Al visual assistant, and you are seeing a single image. What you see are provided
within several sentences, describing the same image you are looking at. Answer all questions as
you are seeing the image.

Design a conversation between you and a person asking about this photo. The answers
should be in a tone that a visual Al assistant is seeing the image and answering the question.
Ask diverse questions and give corresponding answers.

Include questions asking about the visual content of the image, including the object types, counting
the objects, object actions, object locations, relative positions between objects, etc. Only include
questions that have definite answers:

(1) one can see the content in the image that the question asks about and can answer confidently;
(2) one can determine confidently from the image that it is not in the image.

Do not ask any question that cannot be answered confidently.

Also include complex questions that are relevant to the content in the image, for exam-
ple, asking about background knowledge of the objects in the image, asking to discuss about
events happening in the image, etc. Again, do not ask about uncertain details.

Provide detailed answers when answering complex questions. For example, give detailed examples
or reasoning steps to make the content more convincing and well-organized. You can include
multiple paragraphs if necessary.

You must use Japanese all the time.

When creating a question, start with “Z{f:’.

When creating a response, start with ‘[8]%:’.

After finishing a question or response, always separate them with “\n\n’.

\.

Table B: Prompt to generate instruction data. An image and paired text are provided to GPT-40-mini along with
this prompt.
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Given a JSON array of objects, each with a ‘from’ and ‘value’ field, translate only the English
text inside the ‘value’ field into Japanese. Keep the special token <image>\in the ‘value’ field
unchanged. Do not change the overall structure of the JSON. Translate all English content in the
‘value’ field, even if it is a single word. Output only the translated JSON data and nothing else.
Make sure the output is a valid JSON array that can be parsed with json.loads(). Do not include
any text before or after the JSON.

Table C: Prompt for translating English datasets into Japanese datasets. Vision-Flan (Xu et al., 2024) and
Image-Textualization (Pi et al., 2024), subsets of LLaVA OneVision (Li et al., 2024), are translated into Japanese

using GPT-40-mini.

Image
Question BELE-> TWAREFATY M ? (What is the flower in the photo?)
GPT-4 BEELE->TWS%EHTT. HRANKET. EOFENTLELIEKVLTH

(reference answer)

F9, ChontkF. FEHORHMELT. HLLWHREINERLEIEET,
(The flowers in the photo are cherry blossoms. They are in full bloom,
beautifully blossoming under the spring blue sky. These cherry blossoms
symbolize the season and evoke a sense of new beginnings.)

LLaVA1.5-Swallow
(stage 1 and 2)
score 6.0

BEER. ROBRLCHECAWEERSHELTWET,
(The photo features white flowers blooming on the branches of a tree.)

LLaVA1.5-Swallow
(stage 3, CFT on PDF)
score 7.0

BELESTVWAREHOETYT., MEHXRODBEORHTHN. BEZDA
ROELEHTT,

(The flowers in the photo are cherry blossoms. Cherry blossoms are a symbol
of spring in Japan and are enjoyed by many people every year.)

Figure A: Qualitative analysis on Heron-Bench. Correct parts of the responses are highlighted in green, while
incorrect parts are marked in red.
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Image

—
]

Question COBELE->TWAREOERBEFESLCARECTIN?
(What is different about the torii in this photo compared to a typical one?)
GPT-4 COBEELE-S>TWARENEBEFESEZAEF. KIENATNWAAT

(reference answer)

9. BE. BEGMLCHEBEENITHN, CORBBRBOFELEIEC L THE
FEBRNA2BHAHVET, . ZOERLCENIZEENZILLZ DTS b
72AMNELVREBEFEIHLTVIET,

(The difference in the torii in this photo compared to a typical one is that it
appears to be floating on the water. Normally, torii gates are installed on land,
but this one emerges above the sea depending on the tide. Additionally, the
contrast with the lush green mountains in the background creates a beautiful
scenic view.)

LLaVA1.5-Swallow
(stage 1 and 2)
score 4.0

COBEDEBRABLVWAR., KENLGRIEHTWLIZETT. BE. BER
BEECHD., KBOLELETOoNAZLEHNEHA, BEGKEMGREE
TWATc, KETORYPBENCT /Lt 2T 510010 EFEER
fLU. BRRVREHNEREMATVET,

(The unique feature of the torii in this photo is that it rises from the water.
Typically, torii gates are built on land and are not constructed over bodies of
water. Since this torii protrudes from the water, it provides a unique way to
access structures beneath the surface and adds an interesting visual element.)

LLaVA1.5-Swallow
(stage 3, CFT on PDF)
score 9.0

CHOBELE-TVWAREER. BEORBLEELZD. KOFLII->TWVAT
. EBLCBULVWERTY., —BRNEZREBREMHECH), KOEILIL>TWS
CLREBENERHA, COLD. KAKLBMIBEDENMFLEIRNTY,

(The torii in this photo is quite rare, as it stands in the water, unlike typical torii
gates, which are usually built on land. Since torii gates are not normally
positioned over water, the reflection of the gate on the water's surface is
particularly striking.)

Figure B: Another example of qualitative analysis on Heron-Bench.
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Image

Question BELE->TWADEECOEDOREAHAL TS,
(Please tell me which country's cuisine is shown in the photo.)
GPT-4 FELE-TWA3ORARDORETY, X565 @ AXDIGH %5 (FYRE

(reference answer)

T, BRCEHEKTBATETLLDTY., COBEKLE. BLILDXRS
5EVWCONDHREORFSHBRIFMFIToNTEN. BERBEO—fle LTR
FHEnzd,

(The food shown in the photo is Japanese cuisine. Tempura is a traditional
Japanese deep-fried dish, where vegetables and seafood are coated in batter
and fried. This photo specifically features shrimp tempura along with several
types of vegetable tempura, making it a representative example of Japanese
cuisine.)

LLaVA1.5-Swallow
(stage 1 and 2)
score 7.0

BFEEFEHXRORET, TLoXRsF s Ao ECEMMTWET,

(The photo shows Japanese cuisine, with shrimp tempura placed on a plate.)
[Comment]: It mentions only 'shrimp,’ which is not sufficient to fully describe
the picture.

LLaVA1.5-Swallow
(stage 3, CFT on PDF)
score 8.0

BELCES>TWARERARDBITPO—RETHLIRFHTT., A6, &
EPRALLEDERMEBRTHBITLHDOT, BUIECHENL(EDLIET,
(The dish shown in the photo is tempura, a type of Japanese fried food.
Tempura consists of ingredients such as vegetables and fish coated in a light
batter and deep-fried, with shrimp and vegetables being commonly used.)

Figure C: Further qualitative analysis on Heron-Bench.

2123



