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Abstract
Multimodal Large Language Models (MLLMs) have seen rapid advances in recent years and are now being applied
to visual document understanding tasks. They are expected to process a wide range of document images across
languages, including Japanese. Understanding documents from images requires models to read what are written in
them. Since some Japanese documents are written vertically, support for vertical writing is essential. However,
research specifically focused on vertically written Japanese text remains limited. In this study, we evaluate the reading
capability of existing MLLMs on vertically written Japanese text. First, we generate a synthetic Japanese OCR
dataset by rendering Japanese texts into images, and use it for both model fine-tuning and evaluation. This dataset
includes Japanese text in both horizontal and vertical writing. We also create an evaluation dataset sourced from the
real-world document images containing vertically written Japanese text. Using these datasets, we demonstrate that
the existing MLLMs perform worse on vertically written Japanese text than on horizontally written Japanese text.
Furthermore, we show that training MLLMs on our synthesized Japanese OCR dataset results in improving the
performance of models that previously could not handle vertical writing. The datasets and code are publicly available
(https://github.com/llm-jp/eval_vertical_ja).

Keywords: Multimodal Datasets, Multimodal LLM, Japanese OCR

1. Introduction

Research on multimodal large language models
(MLLMs) has advanced rapidly (Bai et al., 2025;
Zhu et al., 2025; Team et al., 2025; OpenAI, 2025b),
and these models are now applied to a wide range
of multimodal tasks. Document image question
answering is one such task, where a model an-
swers questions about given document images,
and various datasets have been proposed (Mathew
et al., 2021, 2022; Tanaka et al., 2021, 2023; Tito
et al., 2023; Onami et al., 2024). To solve such
tasks, MLLMs are required to read the text within
the input document image. A variety of multimodal
datasets have been developed for English, and cur-
rent MLLMs demonstrate high accuracy in reading
English text on English-language benchmarks.

Japanese documents often include vertically writ-
ten text, necessitating explicit support for vertical
writing. First, we explain the difference in reading
order between horizontally and vertically written
Japanese text. Figure 1 shows the reading order
for horizontally and vertically written Japanese text.
In horizontal Japanese writing, as in English, char-
acters are read from left to right and lines progress
from top to bottom. In vertical writing, characters
are read from top to bottom and lines progress from
right to left. It is essential to examine whether mod-
els can read vertically written text as well as horizon-
tally written text. However, most Optical Character
Recognition (OCR) benchmarks for MLLMs are

primarily concerned with horizontally written text,
often neglecting the evaluation of vertically written
Japanese text.

To address this gap, we evaluate the OCR ca-
pability of MLLMs for reading vertically written
Japanese text. We first build a dataset of synthetic
images rendered with Japanese text for training
and evaluation. This dataset comprises images
containing text in both horizontal and vertical writing
and exhibiting multi-column layouts (1-4 columns).
We also construct an OCR evaluation dataset from
real-world PDF pages that contain vertically written
Japanese text.

In our experiments, we evaluate multiple open
and closed MLLMs, as well as variants fine-tuned
on the synthetic image dataset, using our con-
structed test dataset. We show that existing MLLMs
read vertically written Japanese text less accurately
than horizontally written text. We further demon-
strate that fine-tuning on the synthetic dataset im-
proves models that initially struggle with vertically
written Japanese text.

The contributions of this study are as follows:

1. We evaluate the Japanese OCR capabilities
of MLLMs and quantitatively demonstrate that
current MLLMs perform worse with vertical writ-
ing than with horizontal writing.

2. We release scripts for synthesizing images of
multi-column text in both horizontal and verti-
cal writing styles, along with a dataset of the

https://github.com/llm-jp/eval_vertical_ja
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Figure 1: Examples of reading order for Japanese
documents (Top: Horizontal writing, Bottom: Ver-
tical writing). The blue numbers attached to each
line indicate the order in which the text on that line
should be read. In horizontal writing, similar to En-
glish documents, characters in each line are read
from left to right, and lines are read from top to bot-
tom. In vertical writing, characters in each line are
read from top to bottom, and lines are read from
right to left.

synthesized images (JSSODa). This dataset
enables training MLLMs on vertically written
text and evaluation.

3. We also release an OCR dataset containing
images of vertically written Japanese text from
the real-world PDF pages (VJRODa). This
dataset enables the evaluation of MLLM’s
OCR capabilities on real-world document im-
ages containing vertically written Japanese
text.

The datasets and code are publicly available
(https://github.com/llm-jp/eval_
vertical_ja).

2. Related Work

2.1. Multimodal Large Language Models
Recent MLLM (Liu et al., 2023, 2024; Li et al., 2025)
architectures employ a structure that connects the
vision encoder and LLM via a projection layer. It
converts the input image into features using a vi-
sion encoder, feeds them into a projection layer to
transform them into image tokens that the LLM can
handle, and then inputs them into the LLM together
with text tokens. MLLMs are trained through multi-
modal instruction tuning, enabling them to handle
a wide range of tasks such as document image
question answering.

Extensive research has been conducted on mul-
timodal models capable of understanding docu-
ment images (Xu et al., 2020, 2021; Huang et al.,
2022; Ye et al., 2023a,b; Hu et al., 2024, 2025;
Dong et al., 2024; Luo et al., 2024). Among these,
notable MLLMs that excel at understanding vi-
sual Japanese texts and Japanese document im-
ages include Qwen2.5-VL (Bai et al., 2025), In-
ternVL3 (Zhu et al., 2025), and Gemma 3 (Team
et al., 2025). Qwen2.5-VL introduces dynamic res-
olution processing, enabling native handling of im-
ages at various resolutions. InternVL3 improves
performance by employing techniques such as
a pixel unshuffle operation, a dynamic resolution
strategy that divides images into multiple tiles, and
the variable visual position encoding. Gemma 3
also handles images of various resolutions by divid-
ing the input image into multiple non-overlapping
crops of the same size when necessary and feed-
ing them into the vision encoder.

2.2. Japanese OCR Datasets and Vertical
Text Datasets

NDLOCR (NDL Lab, 2021) is an OCR program de-
veloped by the National Diet Library, Japan (NDL),
using materials held in the NDL Digital Collections.
For the evaluation of this program, they used in-
house evaluation dataset, which is not publicly avail-
able. Kindai-OCR (Le et al., 2019) is an OCR sys-
tem for modern Japanese magazines based on
an attention-based encoder-decoder architecture.
The document images targeted by this system in-
clude vertically written Japanese text, but they are
somewhat old and not recent documents.

SVTD and VTD142 (Choi et al., 2019) are
datasets for scene text recognition focusing on
vertical text. SVTD is a synthetic dataset of ver-
tical text images generated following the proce-
dure of Cheng et al. (2018), whereas VTD142 is
a dataset comprising real-world vertical text col-
lected from web pages. In Orihashi et al. (2022),
a synthetic dataset of horizontal and vertical text
was constructed based on the synthesis method de-

https://github.com/llm-jp/eval_vertical_ja
https://github.com/llm-jp/eval_vertical_ja
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scribed in Gupta et al. (2016) and used for model
training. They also employed the Japanese hor-
izontal and vertical text subsets from the ICDAR
2019 Multi-lingual Scene Text Detection and Recog-
nition competition dataset (Nayef et al., 2019) in
their experiments. As the images in these datasets
primarily comprise word-level text, sentence-level
evaluation is not feasible.

SynthDoG (Kim et al., 2022) is a dataset that
comprises images synthesized by compositing doc-
ument textures onto background images and ren-
dering text. Although the images in this dataset
may partially contain vertical Japanese texts, the
proportion is small; moreover, they are unrealistic
document images that would not appear in real-
world settings, making them unsuitable for an eval-
uation dataset. CC-OCR (Yang et al., 2024) is a
dataset for evaluating MLLM’s OCR capabilities
and includes Japanese OCR data. This dataset
includes vertical Japanese text, but it is text within
natural images and only exists at the word-level,
making sentence-level evaluation impossible. Man-
gaOCR (Aizawa et al., 2020; Matsui et al., 2017;
Baek et al., 2025) is an OCR dataset focused on
textual elements in manga, such as dialogue and
sound effects. It includes vertical Japanese text;
however, its images are restricted to manga pages.

In this work, we construct OCR datasets contain-
ing contemporary Japanese text in vertical writing
at the sentence-level and evaluate MLLMs.

3. Dataset Construction

To evaluate the OCR capabilities of MLLMs on verti-
cally written Japanese text, we construct two types
of datasets. One is a synthetic dataset that can be
generated at scale and can also be used for train-
ing MLLMs. The other is derived from real-world
documents, enabling evaluation under realistic con-
ditions. These datasets consist of pairs of images
and texts written within them. The first one is JS-
SODa (Japanese Simple Synthetic OCR Dataset),
which is constructed by rendering Japanese text
generated by an LLM into images. The other one
is VJRODa (Vertical Japanese Real-world OCR
Dataset), which consists of images containing ver-
tical Japanese texts sourced from the real-world
PDF pages.

3.1. Construction of JSSODa
To generate large-scale evaluation data, we syn-
thesize images from Japanese texts. During pre-
training, MLLMs are trained using vast amounts of
text data, including web text. If we use web text for
our dataset, it may have been used for model train-
ing, potentially preventing proper evaluation of the
models. We instead use Japanese text generated

(a) vertical, 2-columns

(b) horizontal, 3-columns

Figure 2: Example images from JSSODa.

by an LLM.

Text Generation Specifically, we input Japanese
nouns into an LLM and generated sentences about
them. We used nouns from the JUMAN dictionary1

for Japanese nouns, and llm-jp-3.1-instruct4 (LLM-
jp, 2024) for the LLM. We removed generated sen-
tences with fewer than 100 characters or more than
3,000 characters.

Image Synthesis Next, we synthesized images
based on the generated Japanese texts. We gener-
ated a total of 8 layout types of images for both verti-
cal and horizontal writing, each with 1 to 4 columns
layout. Horizontal writing is the same as English
text: characters are drawn from left to right, and
lines are drawn from top to bottom. In multi-column
layouts, each column is rendered in order from left
to right. In vertical writing, characters are drawn
from top to bottom, and lines are drawn from right
to left. In multi-column layouts, each column is
rendered in order from top to bottom. Based on
the above character drawing order, we synthesized
the images by drawing each character of the gener-

1https://github.com/ku-nlp/JumanDIC
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ated sentences into images using the Pillow library2.
We collected Japanese fonts from Google Fonts3

and free-fonts.jp4, and used them for synthesizing
images. The number of font files collected is ap-
proximately 200. For the text used, the top 25%
in length was set to four columns, the next 25%-
50% to three columns, the next 50%-75% to two
columns, and the top 75%-100% to one column.
The total number of images reached 22,493. Fig-
ure 2 shows examples of the generated images.

We split the constructed dataset into train:val:test
at a ratio of 8:1:1 while maintaining the same pro-
portion of the 8 layout types.

3.2. Construction of VJRODa
We extract pages containing vertically written
Japanese text from Japanese PDF documents and
annotate each page image with a transcription of
its content in Japanese reading order.

First, we collected Japanese PDFs from NDL
WARP project5, and converted each page to an
image. Using these images, we created the dataset
following the procedure below. (1) Filter images
that do not contain vertically written Japanese text.
(2) Transcribe the text in the images.

(1) Filter images that do not contain vertically
written Japanese text We filtered out images
that do not contain vertically written Japanese text
by using a fast projection profile method (Akiyama
and Hagita, 1988), followed by a slower, more de-
tailed vertically written text detection based on char-
acter bounding boxes from Tesseract OCR (Smith,
2007). These processes enable the rapid, auto-
matic filtering of images that do not contain verti-
cally written text.

First, each image was converted to grayscale,
inverted to obtain black text on a white background,
and binarized at a fixed threshold of 128. We then
calculated the total number of binarized 1-valued
pixels per row and per column. For each of them,
we calculated the coefficient of variation (CV, stan-
dard deviation divided by mean) to examine the
degree of variation. If the column-wise CV is larger,
it is treated as a candidate for containing vertically
written text.

For images considered to contain vertically writ-
ten text, we used Tesseract OCR to extract the
character-level bounding boxes within them. We
merged the character-level bounding boxes in both
the horizontal and vertical directions. If the number

2https://github.com/python-pillow/Pillow
3https://fonts.google.com/
4https://free-fonts.jp/
5https://warp.ndl.go.jp/

Figure 3: An example image from VJRODa.
The blue number above each line indicates the
order in which the text on that line should be
read. Characters in each line are read from top
to bottom, and lines are read from right to left.
Each column is read from top to bottom. (https:
//warp.ndl.go.jp/info:ndljp/pid/
11712522/www.vill.kariwa.niigata.jp/
open/info/000000001_0000000609.pdf,
page 8, Personal information has been masked.)

of vertical merges exceeds the number of horizon-
tal merges, we determine that the image contains
vertically written text.

Following the filtering steps described above, we
manually selected those containing vertically writ-
ten Japanese text, resulting in a total of 100 images.

(2) Transcribe the text in the images We ex-
tracted texts from the collected images using
PyMuPDF6 for pages with embedded text and Pad-
dleOCR (Cui et al., 2025b) for those without, such
as scanned images. Then, we manually corrected
the extracted texts to Japanese reading order. We
also corrected OCR errors at the same time.

Figure 3 shows an example image in this dataset.

6https://github.com/pymupdf/PyMuPDF

https://warp.ndl.go.jp/info:ndljp/pid/11712522/www.vill.kariwa.niigata.jp/open/info/000000001_0000000609.pdf
https://warp.ndl.go.jp/info:ndljp/pid/11712522/www.vill.kariwa.niigata.jp/open/info/000000001_0000000609.pdf
https://warp.ndl.go.jp/info:ndljp/pid/11712522/www.vill.kariwa.niigata.jp/open/info/000000001_0000000609.pdf
https://warp.ndl.go.jp/info:ndljp/pid/11712522/www.vill.kariwa.niigata.jp/open/info/000000001_0000000609.pdf
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JSSODa JSSODa VJRODa
(train) (test)

# Img 17,991 2,256 100
avg. Char 706.19 705.63 1143.91
min. Char 119 192 85
max. Char 1704 1399 3386

Table 1: Statistics of our datasets.

3.3. Statistics of Datasets
Table 1 shows the statistics of our datasets.

4. Experiments

4.1. Experimental Setup

4.1.1. Fine-tuning Models

We trained open MLLMs using the JSSODa train
set. As models for training, we used three models
capable of reading Japanese text: “Qwen2.5-VL-
7B-Instruct”, “InternVL3-8B-hf”, and “Gemma 3 12b
IT”. These models consist of a vision encoder, a
multimodal projector, and an LLM. In this study, we
tuned the parameters of all modules. The number
of images used for training was 18k, and we trained
the models for one epoch. We set the batch size
to 32. We used AdamW (Loshchilov and Hutter,
2019) as the optimizer and set the learning rate to
2e-5.

4.1.2. Evaluation

We evaluated multiple open MLLMs and closed
models on the JSSODa test set and VJRODa. For
open MLLMs, we used Qwen2.5-VL models with
7B and 32B parameters, InternVL3 models with
8B and 38B parameters, and Gemma 3 models
with 12B and 27B parameters. We also evaluated
three models fine-tuned on the JSSODa train set,
as described in Section 4.1.1. During inference,
texts were generated using greedy decoding. As
closed models, we used GPT-4.1 (OpenAI, 2025a)
and GPT-5 (OpenAI, 2025b). For GPT-4.1, we set
the temperature to 0. For GPT-5, we set “reason-
ing_effort” to “minimal”. For all other parameters,
we used the default settings. We set max new to-
kens to 1024 for JSSODa test set, and 3072 for
VJRODa. Additionally, we used the same user
prompt that was used during the model fine-tuning.

4.1.3. Evaluation Metric

For evaluation metrics, we used Character Error
Rate (CER) and BLEU (Papineni et al., 2002). Be-
fore calculating the scores, we applied Unicode

NFKC normalization and whitespace removal to
both the reference and predicted texts.

CER CER is defined by the following formula:

CER =
EditDistance(pred, ref)

|ref |
× 100,

where pred is the model’s predicted text, and ref
is the correct text. EditDistance(p, r) is the edit
distance between strings p and r. Lower CER val-
ues are generally considered indicative of better
performance.

BLEU We used SacreBLEU (Post, 2018) for cal-
culating BLEU. The reference texts and predicted
texts were split into character units.

MLLMs sometimes generate the same tokens re-
peatedly, up to max new tokens. When this behav-
ior happens, the scores tend to become extremely
low and may not be reliable as a reference for evalu-
ation. To cope with this problem, we also report the
scores when repetitive sections are removed from
the predicted texts. We use a regular expression
to remove the last ten or more consecutive occur-
rences of a string from the entire string, leaving
only the first occurrence.

4.2. Results

4.2.1. Result on JSSODa

Tables 2 and 3 show the evaluation results on the
JSSODa test set. Each shows the results for hor-
izontal and vertical writing. The part below “Raw
Output” shows the results when MLLM’s output was
used directly for evaluation, while the part below
“Remove Repetition” shows the results after remov-
ing repeated sections. “(+FT)” denotes the model
fine-tuned on the JSSODa train set.

The results highlight a clear disparity: while all
models handled horizontally written text reason-
ably well, they struggled significantly with vertically
written text. In particular, Qwen2.5-VL sometimes
read vertically written text in horizontal reading or-
der, as shown in Section 4.3. InternVL3, Gemma
3, GPT-4.1, and GPT-5 seemed to have a cer-
tain understanding of character reading order, but
compared to horizontally written text, they made
more errors in character recognition. For both In-
ternVL3 and Gemma 3, we observe that perfor-
mance on vertically written text tends to improve
as the model’s parameter count increases. GPT-
5 sometimes produced no text output at all. The
reasoning trace alone may have reached the max
new tokens limit. Additionally, removing repetitions
improves the score, indicating that MLLMs gener-
ate tokens repeatedly. When the model is trained
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Horizontal Writing

Columns 1 2 3 4

Models CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑)

Raw Output

Qwen2.5-VL-7B 7.75 91.7 19.4 87.2 21.6 87.7 23.5 82.6
Qwen2.5-VL-32B 0.101 99.8 17.0 99.1 10.6 99.2 6.79 98.9
InternVL3-8B-hf 0.462 99.3 25.3 95.4 13.6 96.3 8.20 96.9
InternVL3-38B-hf 0.894 98.9 10.4 99.3 5.15 99.0 3.78 98.0
Gemma 3 12B IT 3.06 95.6 16.8 92.6 15.3 92.3 17.7 84.1
Gemma 3 27B IT 2.13 97.3 9.81 97.2 14.7 96.6 14.8 90.7

GPT-4.1 1.88 97.8 1.06 98.5 1.03 98.7 1.10 98.4
GPT-5 2.09 97.5 1.26 98.3 1.28 98.6 1.96 97.4

Qwen2.5-VL-7B (+FT) 0.0637 99.9 0.0251 99.9 0.0266 99.9 0.0383 99.9
InternVL3-8B-hf (+FT) 0.391 99.5 0.0418 99.9 0.0624 99.9 0.363 99.6
Gemma 3 12B IT (+FT) 0.162 99.7 0.267 99.5 0.364 99.4 1.31 98.0

Remove Repetition

Qwen2.5-VL-7B 7.63 91.6 17.2 86.9 20.4 87.5 22.0 82.2
Qwen2.5-VL-32B 0.101 99.8 17.0 99.1 10.6 99.2 6.79 98.9
InternVL3-8B-hf 0.462 99.3 25.3 95.4 13.6 96.3 7.61 96.8
InternVL3-38B-hf 0.894 98.9 10.4 99.3 5.15 99.0 3.78 98.0
Gemma 3 12B IT 2.75 95.6 16.1 92.6 14.5 92.3 16.8 83.9
Gemma 3 27B IT 1.66 97.4 9.81 97.2 14.7 96.6 14.8 90.7

GPT-4.1 1.88 97.8 1.06 98.5 1.03 98.7 1.10 98.4
GPT-5 2.09 97.5 1.26 98.3 1.28 98.6 1.96 97.4

Qwen2.5-VL-7B (+FT) 0.0637 99.9 0.0251 99.9 0.0266 99.9 0.0383 99.9
InternVL3-8B-hf (+FT) 0.391 99.5 0.0418 99.9 0.0624 99.9 0.363 99.6
Gemma 3 12B IT (+FT) 0.162 99.7 0.267 99.5 0.364 99.4 1.31 98.0

Table 2: The result on JSSODa test set (horizontal)

on the train set, the score for vertically written text
improves substantially.

4.2.2. Result on VJRODa

Table 4 shows the evaluation result on VJRODa.
None of the models performed well, indicating that
they struggle with text in real-world vertical-writing
document images. When fine-tuned on the JS-
SODa train set, Qwen2.5-VL-7B exhibited substan-
tial performance gains under both the “Raw Out-
put” and “Remove Repetition” evaluation settings,
whereas the other two models showed no appre-
ciable improvement. A plausible explanation is
that Qwen2.5-VL-7B initially lacked a robust under-
standing of the reading order in vertically written
Japanese text, while the other models had already
internalized this to some extent. These findings
suggest that the JSSODa train set may be effec-
tive for enhancing vertical-text reading capabilities
in models that do not yet capture Japanese verti-
cal reading order. By contrast, improving perfor-
mance on vertically written text in real-world docu-
ments likely requires training with real-world OCR
datasets.

4.3. Case Study
Figure 4 shows example outputs for images from
the JSSODa test set (vertical). The original
Qwen2.5-VL-7B incorrectly read vertically written
text from top-left to right. In the fine-tuned model,
vertically written text could now be read correctly,
in order from the top right downward.

Figure 5 shows example outputs from real-world
data (VJRODa). Qwen2.5-VL-7B was only able to
output a portion of the text. On the other hand,
the fine-tuned model output text mostly following
Japanese reading order, though with some errors.
In GPT-4.1, the output appears to adhere to the
reading order of vertically written Japanese text;
however, some portions of the output do not corre-
spond to the actual text present in the image.

5. Conclusion

In this paper, we evaluated the OCR capability of
MLLMs for vertically written Japanese text. To this
end, we constructed a synthetic image dataset of
horizontally and vertically written Japanese text, as
well as a dataset of document images containing
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Vertical Writing

Columns 1 2 3 4

Models CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑)

Raw Output

Qwen2.5-VL-7B 112 26.8 100 21.1 104 19.6 102 18.7
Qwen2.5-VL-32B 128 29.7 107 18.6 104 18.7 97.9 16.6
InternVL3-8B-hf 81.0 50.0 64.8 61.1 64.8 61.6 61.9 59.8
InternVL3-38B-hf 22.1 81.5 43.7 75.4 40.1 76.5 42.7 72.0
Gemma 3 12B IT 20.3 79.2 63.3 52.8 42.8 66.4 61.1 53.0
Gemma 3 27B IT 7.62 91.4 47.0 63.9 28.3 81.3 37.7 70.6

GPT-4.1 18.2 82.8 56.0 65.8 45.9 65.2 40.7 69.4
GPT-5 21.3 83.1 66.0 61.7 59.4 61.6 48.7 64.7

Qwen2.5-VL-7B (+FT) 0.104 99.8 0.202 99.9 0.113 99.8 0.284 99.6
InternVL3-8B-hf (+FT) 0.619 99.4 0.315 99.8 0.330 99.6 1.10 98.8
Gemma 3 12B IT (+FT) 0.502 99.1 1.04 98.5 1.47 98.1 4.09 94.8

Remove Repetition

Qwen2.5-VL-7B 73.2 31.2 83.8 19.3 88.1 17.5 87.0 15.5
Qwen2.5-VL-32B 84.2 45.7 90.6 21.0 88.6 19.3 89.6 15.9
InternVL3-8B-hf 39.4 66.6 47.6 68.1 50.2 70.5 49.0 67.9
InternVL3-38B-hf 12.3 89.5 39.3 74.8 34.1 80.6 35.7 79.3
Gemma 3 12B IT 14.3 83.3 48.3 57.2 35.0 69.3 52.6 54.4
Gemma 3 27B IT 7.62 91.4 37.3 70.0 26.2 82.6 35.6 70.8

GPT-4.1 17.4 82.7 53.8 65.5 45.5 65.1 38.6 69.1
GPT-5 21.3 83.1 66.0 61.7 59.4 61.6 48.7 64.7

Qwen2.5-VL-7B (+FT) 0.104 99.8 0.202 99.9 0.113 99.8 0.284 99.6
InternVL3-8B-hf (+FT) 0.619 99.4 0.315 99.8 0.330 99.6 1.10 98.8
Gemma 3 12B IT (+FT) 0.502 99.1 1.04 98.5 1.47 98.1 4.09 94.8

Table 3: The result on JSSODa test set (vertical)

Raw Output Remove Repetition

Models CER(↓) BLEU(↑) CER(↓) BLEU(↑)

Qwen2.5-VL-7B 154 20.1 88.5 22.0
Qwen2.5-VL-32B 128 42.6 63.0 58.5
InternVL3-8B-hf 121 26.0 66.5 40.8
InternVL3-38B-hf 138 27.7 64.0 45.1
Gemma 3 12B IT 125 17.5 67.9 23.3
Gemma 3 27B IT 67.9 35.0 56.7 34.2

GPT-4.1 101 29.2 61.7 34.1
GPT-5 70.1 40.9 69.4 41.0

Qwen2.5-VL-7B (+FT) 65.1 51.5 40.5 61.1
InternVL3-8B-hf (+FT) 251 26.1 73.5 54.9
Gemma 3 12B IT (+FT) 77.6 27.9 67.4 27.2

Table 4: The result on VJRODa

vertically written Japanese text collected from real-
world PDFs, and conducted evaluations. Evalua-
tion results indicate that the current MLLMs struggle
with reading vertically written Japanese text. We
also found that training on our dataset of synthetic
images can improve the performance of a model
that does not handle vertically written Japanese text

well. In the future, we would like to explore meth-
ods for building models that can handle a variety
of Japanese document images.
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Qwen2.5-VL-7B (+FT) (Correct)Qwen2.5-VL-7B (Wrong)

て精とやをエるこ世現てはたま信せち称神き、恐エク。の世界現代い、で念のは例さ的は勇こ境意賛なに試
れトた⾔やにたまこの戦や状、えれな、気とに気さど諦合ずにと葉スおとさのい名況戦ばて価特のな直地れ
がめでに取えばがポい⾔によ抜誉に場、き値にこく⾯とはる、ず劣挑りば使Iてえるようくをおで戦た観武 …

Qwen2.5-VL-7B            (Wrong reading order, CER: 93.3)

意気地とは、困難な状況や逆境に直⾯したときに、臆することなく⽴ち向かう精神⼒や勇気のことを指す。
この⾔葉は、特に武⼠道や⽇本の伝統的な価値観において、重要視されてきた。¥n\n例えば、戦国時代の武
将たちは、戦場での死と隣り合わせの状況においても、⾃らの信念や名誉を守るために最後まで戦い抜く…

Qwen2.5-VL-7B (+FT) (Correct reading order, CER: 0)

Figure 4: The example outputs on JSSODa (vertical) generated by Qwen2.5-VL-7B and its fine-tuned
(+FT) variant. The red arrow (→) represents the reading order of Qwen2.5-VL-7B, and the blue arrow (→)
represents the reading order of the fine-tuned model.

6. Acknowledgement

This work was supported by the “R&D Hub Aimed
at Ensuring Transparency and Reliability of Genera-
tive AI Models” project of the Ministry of Education,
Culture, Sports, Science and Technology. In this
work, we used the “mdx: a platform for building
data-empowered society” (Suzumura et al., 2022).

7. Limitations

The Need for a More Visually Diverse Synthetic
Japanese OCR Dataset for Model Training Our
JSSODa dataset comprises clean, minimalist doc-
ument images consisting of black text on a white
background; no synthetic noise or other degrada-
tions are introduced, and no embedded images,
tables, or figures are included. To better generalize
to real-world document images, it is necessary to
develop a dataset that encompasses greater visual

diversity.

Evaluation on Documents with Multiple Plau-
sible Reading Orders In real-world document
images, there can be multiple plausible reading or-
ders. For instance, the text within an image caption
may have several possible reading sequences. In
our VJRODa dataset, only a single reading order
is annotated for each document. Consequently,
under metrics such as CER and BLEU, even a
correct reading order can potentially receive a low
score if it differs from the single ground truth. Ide-
ally, one would annotate all possible ground-truth
reading orders and select the one that yields the
highest score; however, this approach is very ex-
pensive. Therefore, developing an efficient and
effective method for evaluating the OCR capabili-
ties of MLLMs is an important direction for future
work.
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国⺠年⾦\nねんきん特別便について\nQ1\nねんきん特別便に関するよく
ある質問\nA1\n年⾦特別便の⼀年⾦記録のお知らせ\nQ2\nA2\nお問い合
わせ先\nTEL [REDACTED]\n2008.10.10 広報かりわ

Qwen2.5-VL-7B (CER: 93.3, all outputs are shown)

⺠年⾦\n\nねんきん特別便について\n\n社会保険庁ではみなさまにご⾃
分の年⾦加⼊記録を確認していただくため平成⼗九年⼗⼆⽉から平成⼆
⼗⼀年⼗⽉にかけて、年⾦加⼊記録をお送りしています。\n\nご⾃分の
年⾦加⼊記録を確認し、間違いの有る・無しを問わず必ず回答してくだ
さいますようお願いします。\n\nねんきん特別便に関するよくある質問
\n\nQ1\n\n先⽇、ねんきん特別便が届きました。「年⾦記録のお知ら
せ」の内容を確認したところ、結婚前に旧姓で加⼊していた厚⽣年⾦の
記録が漏れています。どのようにしたらいいですか？…

Qwen2.5-VL-7B (+FT) (CER: 44.0)

国⺠年⾦\nねんきん特別便について\n\n社会保険庁では、みなさまにご
⾃分の年⾦加⼊期間の記録を確認していただくことが重要と考え、平成
⼗九年⼗⽉にかけて「年⾦加⼊記録のお知らせ」を送付し、ご⾃分の記
録を確認して間違いの有無を問わずご回答してくださるようお願いして
います。\n\nねんきん特別便に関するよくある質問\n\nQ1\n先⽇、「ね
んきん特別便」が届きました。「年⾦記録のお知らせ」内容を確認した
ところ、結婚前に国⺠年⾦に加⼊していた時期に旧姓で加⼊していたよ
うに記載されています。今の姓で加⼊していた記録がありませんが、… 

GPT-4.1(CER: 70.7)

Figure 5: The example outputs on VJRODa generated by Qwen2.5-VL-7B, its fine-tuned (+FT) variant,
and GPT-4.1. (https://warp.ndl.go.jp/info:ndljp/pid/11712522/www.vill.kariwa.
niigata.jp/open/info/000000001_0000000609.pdf, page 8, Personal information has been
masked.)

Image Diversity in the VJRODa Dataset The
images in the VJRODa dataset are sourced primar-
ily from PDFs obtained from public-sector websites.
As a result, the domain of document images is rel-
atively narrow and may lack visual diversity.

8. Ethical Considerations

Since our JSSODa dataset is constructed from
LLM-generated texts, it does not infringe third-party
copyrights. Regarding the data sources of our
VJRODa dataset, their use for information analysis
is permitted under the copyright law of the country
in which the research was conducted.
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11. Appendix

11.1. Evaluation of OCR-Specialized
MLLMs

We evaluated two recent OCR-specialized MLLMs,
DeepSeek-OCR (Wei et al., 2025) and PaddleOCR-
VL (Cui et al., 2025a), on our proposed dataset.
For DeepSeek-OCR, we employed the Gundam
(Dynamic Resolution) mode with the prompt
“<image>\nFree OCR. ”. The max new tokens
parameter was set to 1024 for JSSODa and 3072
for VJRODa. For PaddleOCR-VL, we adopted a
pipeline in which document layout analysis was
first performed and the resulting segments were
fed to the MLLM; the final answer was obtained by
concatenating the text according to the predicted
reading order. No max new tokens constraint was
specified for PaddleOCR-VL. Note that these set-
tings, including the prompt and max new tokens
configurations, differ from those used for other mod-
els.

Table 5 presents the results on the JSSODa test
set. DeepSeek-OCR exhibited strong text recog-
nition performance for horizontally written text but
performed poorly on vertically written text. In con-
trast, PaddleOCR-VL showed much less degrada-
tion on vertically written text than DeepSeek-OCR.
Table 6 reports the results on the VJRODa dataset.
DeepSeek-OCR obtained low scores, indicating
weak performance on vertically written Japanese
text. Across all models, including those listed in Ta-
ble 4, PaddleOCR-VL achieved the highest scores.

11.2. Prompts
Table 7 shows the prompt used to instruct the LLM
to generate Japanese sentences from Japanese
nouns during the construction of the JSSODa
dataset. Table 8 shows the user prompt used for
fine-tuning and evaluation.

11.3. Training Budget
When trained on our JSSODa train set, Qwen2.5-
VL-7B-Instruct requires 2.5 hours on 1 node with 8
× NVIDIA A100 (40 GB) GPUs; InternVL3-8B-hf
requires 2 hours on 2 nodes, each with 8 × NVIDIA
A100 (40 GB) GPUs; and Gemma 3 12B IT requires
1 hour on 2 nodes, each with 8 × NVIDIA A100 (40
GB) GPUs.

11.4. Regular Expression for Removing
Repetition

The regular expressions used to remove repeated
segments from LLM-generated text are presented
in Table 9.

11.5. API Versions
The API versions used were
gpt-4.1-2025-04-14 for GPT-4.1 and
gpt-5-2025-08-07 for GPT-5.

11.6. Additional Examples of Images
from Our Datasets

We show additional image examples from our JS-
SODa dataset in Figures 6 and 7, and from our
VJRODa dataset in Figure 8.

http://arxiv.org/abs/2412.02210
http://arxiv.org/abs/2412.02210
http://arxiv.org/abs/2412.02210


9078

Columns 1 2 3 4

Models CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑) CER(↓) BLEU(↑)

horizontal Writing

Raw Output

DeepSeek-OCR 0.190 99.6 6.09 99.3 3.08 99.0 3.10 96.7
PaddleOCR-VL 0.496 99.1 3.58 96.7 12.6 93.7 18.5 90.4

Remove Repetition

DeepSeek-OCR 0.190 99.6 6.09 99.3 3.08 99.0 3.10 96.7
PaddleOCR-VL 0.496 99.1 3.58 96.7 12.6 93.7 18.5 90.4

Vertical Writing

Raw Output

DeepSeek-OCR 108 35.7 160 11.7 153 12.4 130 9.80
PaddleOCR-VL 27.3 97.2 11.0 90.4 7.75 93.0 6.67 94.1

Remove Repetition

DeepSeek-OCR 108 35.8 158 11.8 152 12.6 129 9.87
PaddleOCR-VL 27.2 97.2 3.75 96.4 4.61 96.1 4.00 96.5

Table 5: The result on JSSODa test set

Raw Output Remove Repetition

Models CER(↓) BLEU(↑) CER(↓) BLEU(↑)

DeepSeek-OCR 182 10.8 181 10.9
PaddleOCR-VL 20.1 91.4 19.1 91.3

Table 6: The result on VJRODa

以下の単語について、その単語をテーマにした日本語の文章を出力してください。文章は500文字以上にしてく
ださい。与えられた単語が必ずしも出力に含まれている必要はありません。文章の一部に英単語や数字が含まれ
ていてもよいです。文章の文体はどのようなものでもよく、教科書風の文章、ニュース記事、小説、エッセイ、
プレスリリース、官公庁の文章、SNSなど、日本語として破綻していなければ何でもよいです。出力は文章のみ
とし、余計なものは出力しないでください。

単語: {word}

(For the following word, output a Japanese text themed around that word. Make the text at least 500 char-
acters long. The given word does not necessarily need to be included in the output. It is acceptable for parts of the
text to contain English words or numbers. Any writing style is fine—textbook-like writing, a news article, a novel,
an essay, a press release, an official government-style document, social media, etc.—as long as it is coherent in
Japanese. Output text only, and do not include anything unnecessary.

Word: {word})

Table 7: Prompt for generating Japanese sentences from Japanese nouns

この画像内のテキストを日本語の読み順に従って全て出力してください。出力は画像内のテキストのみとしてく
ださい。

(Please output all the text in this image following the Japanese reading order. The output should contain
only the text in the image.)

Table 8: Prompt for fine-tuining and evaluation
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repetition_pattern = r’((\S .*?)\2{9,})(?!.*(\S .*?)\3{9,})’
pred_text = re.sub(repetition_pattern, r’\2’, pred_text, flags=re.DOTALL)

Table 9: Regular expression for removing repetition

(a) horizontal, 1-column (b) horizontal, 2-columns

(c) horizontal, 3-columns (d) horizontal, 4-columns

Figure 6: Additional example images from JSSODa (horizontal writing)
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(a) vertical, 1-column (b) vertical, 2-columns

(c) vertical, 3-columns (d) vertical, 4-columns

Figure 7: Additional example images from JSSODa (vertical writing)
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Figure 8: Additional example images from VJRODa (top left: https://www.city.chichibu.lg.
jp/secure/5707/%E5%B8%82%E8%AD%B0%E4%BC%9A%E3%81%A0%E3%82%88%E3%82%8A25%
E5%8F%B712-15.pdf, page 1, top right: https://www.mlit.go.jp/kokudokeikaku/
iten/information/council/pdf/toushin_sankou.pdf, page 120, bottom: https:
//www.thr.mlit.go.jp/Bumon/J73101/homepage/iport/kitakami/asobu_manabu/
kitakamigawa/image/kitakami_3.pdf, page 14, Personal information has been masked.)

https://www.city.chichibu.lg.jp/secure/5707/%E5%B8%82%E8%AD%B0%E4%BC%9A%E3%81%A0%E3%82%88%E3%82%8A25%E5%8F%B712-15.pdf
https://www.city.chichibu.lg.jp/secure/5707/%E5%B8%82%E8%AD%B0%E4%BC%9A%E3%81%A0%E3%82%88%E3%82%8A25%E5%8F%B712-15.pdf
https://www.city.chichibu.lg.jp/secure/5707/%E5%B8%82%E8%AD%B0%E4%BC%9A%E3%81%A0%E3%82%88%E3%82%8A25%E5%8F%B712-15.pdf
https://www.mlit.go.jp/kokudokeikaku/iten/information/council/pdf/toushin_sankou.pdf
https://www.mlit.go.jp/kokudokeikaku/iten/information/council/pdf/toushin_sankou.pdf
https://www.thr.mlit.go.jp/Bumon/J73101/homepage/iport/kitakami/asobu_manabu/kitakamigawa/image/kitakami_3.pdf
https://www.thr.mlit.go.jp/Bumon/J73101/homepage/iport/kitakami/asobu_manabu/kitakamigawa/image/kitakami_3.pdf
https://www.thr.mlit.go.jp/Bumon/J73101/homepage/iport/kitakami/asobu_manabu/kitakamigawa/image/kitakami_3.pdf
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