Presentation Slide Translation and Layout Error Correction by LLMs

Futo Kajita', Nobuyori Nishimura', Takehito Utsuro',
Naoki Muto?, Chee Siang Leow?’, Hiromitsu Nishizaki?

"The Graduate School of Science and Technology, University of Tsukuba
*The Graduate Faculty of Interdisciplinary Research, University of Yamanashi

{s2620757, s2620807}Cu.tsukuba.ac.jp

utsuro@iit.tsukuba.ac. jp

naoki_m@alps-lab.org {leow, hnishi}@yamanashi.ac. jp

Abstract

We propose a novel approach to translating
Japanese slides into English and to correct-
ing their layout errors by utilizing multimodal
LLMs with slide images and XML structures.
Existing translation tools often suffer from lay-
out errors after translation due to text expansion
during the translation process, causing text to
overlap with figures or other items in slides and
thereby reducing readability. To overcome this
issue, our proposed framework introduces two
steps consisting of (i) translating text fragments
within the slide, and (ii) correcting layout errors
by optimizing layout placement based on visual
consistency. In step (ii), we empirically show
that few-shot prompts are quite effective in lay-
out error correction. Given that the optimal
combination of steps (i) and (ii) varies depend-
ing on the slide layout, our method generates
eight different layout candidates. Consequently,
we introduce a third step that automatically se-
lects the optimal output from these eight can-
didates. The experimental results showed that
the proposed method outperformed baselines
and achieved 4.1% layout error rate and over
80% model selection success rate.

1 Introduction

With the rapid increase of globalization, Japanese
universities accept more and more international stu-
dents. However, many of these students lack suffi-
cient Japanese proficiency, suffering from insuffi-
cient comprehension in classes taught in Japanese
language. To address this, many universities have
adopted measures such as offering courses in En-
glish.

Considering this background, we aim at develop-
ing a “language barrier free lecture support system”
that integrates Al technology with smart glasses
(Figure 1). In lectures in classrooms, “lecture
slides” serve as an information source with impor-
tance equal to the instructor’s speech. Thus, their

translation from Japanese to English is equally im-
portant as the translation of the instructor’s speech
from Japanese to English. However, the issue of
translating slides involves inherent problems that
cannot be solved by text translation alone. Due
to differences in text volume between languages,
just by simply translating text contents from one
language into another, layout issues such as text
overlapping with other items frequently occur, fail-
ing to preserve the intended layout of the original
slide after translation across languages.

To address this challenge, simply applying exist-
ing content generation or recognition technologies
is insufficient. For instance, recent studies such
as PPTBench (Huang et al., 2025) and AutoPre-
sent (Ge et al., 2025) primarily focus on generat-
ing slides from scratch based on textual instruc-
tions. In those slide generation tasks, layout of
generated objects can be optimized without any
restriction, while in slide translation task, layout
restriction within the source language slide does
exist even after text content translation from the
source language into the target language. Unlike
slide generation tasks, the slide translation system
must accommodate expanded translated text within
the rigid geometric constraints of the source lan-
guage slide. The primary challenge is not creating
a new aesthetic layout, but fitting dynamic text into
static containers without violating the geometrical
constraint of the object layout within the source
language slide. Furthermore, in lecture slides, mul-
tiple items shown in each slide often have strong
dependencies among each other (e.g., a caption
placed precisely next to a specific data point in a
chart). On the contrary, although previously stud-
ied layout generation models like LayoutDM (In-
oue et al., 2023) excel at synthesizing as a whole
aesthetic layouts from scratch, they are ill-suited
for the task of slide translation due to the loss of
dependencies among items shown in each slide.
Therefore, instead of regenerating the global lay-
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Figure 1: Proposed System of Translating Lectures given in Japanese into English

out from scratch, our approach adopts a strategy of
integrating the sequence of minimal layout modi-
fication, each of which is performed by applying
localized edits to the XML structure only where
necessary to resolve overlaps caused by the slide
translation operations, thereby strictly preserving
the semantic integrity of the original slide layout.
More concretely, this paper describes a method
for translating slides by directly parsing and edit-
ing the internal XML structure (ECMA Interna-
tional, 2021). This approach ensures that even
items with complex layouts are translated without
decreasing visibility and the internal XML struc-
tures also remain in their editable formats through
the whole slide translation operation. Figure 2
presents the three steps in the overall framework
of our proposed approach. Our approach consists
of a pipeline that utilizes LLMs to generate eight
candidates based on the combinations of several
configurations in the variants of inputs' and sub-
sequently selects the optimal one. To overcome
layout issues caused by text expansion, we intro-
duce two steps consisting of (i) translating text
fragments shown in slides, and (ii) correcting lay-
out errors by optimizing layout placement based
on visual consistency. The first step performs text
translation alongside the first operation for correct-
ing layout errors, while the second step executes
the layout edit operations for the remaining layout
errors. In this second step (ii) of layout edit, we
incorporate few-shot prompting, as shown in Fig-
ure 4, to instruct specific edit operations such as
“font resizing”, “text box reshaping”, “text box de-
composing”. Those explicit few-shot promptings
'In this paper, the term layout error correction is defined
as representing the notion of correcting layout error, while
the term layout edit is defined as representing the operation

of editing the layout where the layout may include errors and
henceforth the layout edit operation may correct those errors.

are provided to instruct the LLM on the intended
edit, thereby enhancing its ability to resolve com-
plex layout errors. We prepared eight variants of
the combinations of (i) and (ii), considering that
the optimal strategy may vary according to layout
variations. Consequently, we further introduce an
LLM-based third step of automatically selecting an
optimal translated English slide among those eight
candidates, enabling the delivery of high quality
translated slides that maintain international con-
sistency. The contributions of this paper are sum-
marized by addressing the following two research
questions (RQs):

RQ 1 : Which framework is the most suitable
for solving the two tasks of slide text translation
and layout error correction that might have certain
(and not small) interferences on each other?
Contribution 1 : We established an architecture
that distinctly separates the roles of the LLM into
two steps: translating text contents, and subse-
quently correcting layout errors caused by the text
expansion during translation.

RQ 2 : How can we qualify and quantify the
human perceived visual quality of the results of per-
forming the two tasks of slide text translation and
layout error correction, where no existing metric
has been studied previously?

Contribution 2 :

Layout error rate : As the third step coming after
previously mentioned first step of slide translation
and the second step of layout error edit, this paper
demonstrated that the optimal slide selection from
8 candidates performed extremely well achieving
low layout error rate of 4.1%.

Model selection success rate : As the result of
comparing the outputs from baselines and the pro-
posed method and then selecting the optimal one,
the outputs by the proposed method were selected
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in over 80.0% of the evaluation.

2 Related Work

Methods for slide generation based document sum-
marization (Bandyopadhyay et al., 2024; Sun et al.,
2021; Mondal et al., 2024) and advanced genera-
tion frameworks utilizing multimodal agents (Xu
et al., 2025; Zheng et al., 2025; Tang et al., 2025)
have been established. These approaches excel at
generating visually appealing slides from scratch
based on textual or visual instructions. How-
ever, these methods assume slide generation from
scratch and do not address the requirements es-
sential for translation tasks such as replacing and
adjusting text contents while preserving the strict
XML structure given with the original source lan-
guage slide.

In the field of computer vision, models such
as LayoutGPT (Feng et al., 2023), as well as
understanding and recognition models like Mon-
key (Li et al., 2024), TrOCR (Li et al., 2023), and
PIX2STRUCT (Zhu et al., 2024), have proposed
techniques of document structure analysis and high

precision information extraction. However, the
former is not designed to preserve the semantic
arrangement of existing items in each source lan-
guage slide, while the latter cannot output editable
PowerPoint files (XML). Therefore, these technolo-
gies cannot be directly applied to the objective of
this study, which is the layout edit of existing files
in the course of slide translation and layout error
correction.

BOOM (Beyond Only One Modality) (Koneru
et al., 2025), which specializes in slide translation,
is an approach that leverages visual information to
improve the quality of translated text. However,
it does not possess a mechanism to resolve, at the
structural level, issues such as item overlap and
layout error caused by the increase in text volume
during translation.

3 Language Barrier Free Lecture
Support System

This paper aims at constructing a language barrier
free classroom environment where international
students can attend lectures taught in Japanese
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Figure 4: Few-shot Examples of Layout Edit Operations of 3 Types

(or other languages) while understanding them
through more international languages such as En-
glish by leveraging state-of-the-art artificial intelli-
gence (Al) technologies. This system utilizes smart
glasses (e.g., Apple Vision Pro?) to present infor-
mation within a mixed reality (MR) space (Fig-
ure 1), thereby addressing challenges that conven-
tional translation technologies alone cannot cover,
such as the understanding of technical terminol-
ogy and the translation of visual materials. The
technical components of the system primarily con-
sist of three sub-systems: (1) the advancement of
speech/image recognition and translation technolo-
gies capable of handling technical terminology;
(2) the design of MR user interfaces using smart
glasses; and (3) research on sensing the degree of
comprehension on the international students’ side.
By wearing smart glasses, the instructor’s speech
and the lecture slides in front of the international
students are converted into English (or whatever
languages) and displayed in the MR space in real-
time. This allows international students to seam-
lessly attend lectures without perceiving any lan-
guage barrier, while sharing the physical classroom
space with Japanese students. The slide translation
method proposed in this paper is positioned as a
core technology responsible for the translation of
visual materials within this system.

4 Overview of the Proposed Framework

Figure 2 presents the three steps in the overall
framework of our proposed system. We introduce
two steps consisting of (i) translating text fragments
shown in slides, and (ii) correcting layout errors
by optimizing layout placement based on visual
consistency (Figure 3). We further introduce an
LLM-based third step of automatically selecting an

2https://www.apple.com/apple-vision-pro/

optimal translated English slide among those eight
candidates.

5 Slide Translation

In this section, we describe our proposed method
for translating slide content and correcting layout
errors caused by text expansion using LLM. Fo-
cusing on the fact that a PowerPoint file (.pptx)
is essentially a zip archive composed of multiple
XML files, we adopt an approach where the LLM
directly parses and edits the XML data containing
the slide’s structural information. This approach al-
lows for manipulation of items shown in each slide
while perfectly preserving the underlying structure
of text and vector objects.

In the slide translation step, rather than applying
translation tools such as Google Lens® and DeepL*,
we employ an LLM (Gemini-3-Pro (Google, 2025))
to perform translation and preliminary layout edit
(denoted as “first layout edit” hereafter) simulta-
neously. Regarding the validation of the decision
above of covering the whole procedures of slide
translation and layout edit by LLMs, Appendix A
discusses comparison with another baseline of inte-
grating text translation and separate layout edit by
LLMs, where such a baseline underperforms the
proposed approach presented above.

LLMs other than Gemini-3-Pro such as GPT-
5.23, Claude Sonnet 4.5°, and Qwen3-VL’ mostly
failed in generating translated slides, so that we
concluded that Gemini-3-Pro as the LLM to be
used in this study®. The failure analysis regard-

*https://lens.google/

4https: //www.deepl.com/

5https: //platform.openai.com/docs/models

6https ://www.anthropic.com/claude/sonnet

7https: //github.com/QwenLM/Qwen3-VL

8Also in the tasks of layout edit presented in section 6 and
of optimal slide selection presented in section 7, Gemini-3-Pro
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ing the exclusion of other LLMs is detailed in
Appendix B. Specifically, we instruct the LLM
to target only the Japanese text contained within
the <a:t>...</a:t> tags in the XML, ensuring
that the translation is executed without corrupting
the XML tag structure. We established two con-
figurations for the input modality as below and
experimentally compared their performance:

1. XML only: An approach that takes only
XML, which contains the slide’s structural
and text information, as input. Since it lacks
visual information, the LLM must infer the
layout solely from the information within the
XML tags.

2. XML + source slide image (JP): An ap-
proach that inputs the image of the original
Japanese slide alongside the XML. By lever-
aging visual information, this method aims to
achieve translation and layout edits that better
reflect the slide’s context (e.g., the correspon-
dence between figures and captions).

6 Layout Edit

In this section, we describe the specific design of
layout edit in our proposed method. Section 6.1
describes the prompt tuning applied commonly to
both the first and the second steps. Subsequently,
section 6.2 describes the three input modalities and
the few-shot prompting introduced in the second
step.

6.1 Prompt Tuning of First Layout Edit

To ensure that the LLM executes appropriate layout
edits while preserving the integrity of the XML
constituting the PowerPoint file, we designed the
prompt based on two perspectives of visual layout
edit and XML structure preservation.

First, we present the constraints regarding spe-
cific layout modifications.

* font resizing: Given the tendency for text vol-
ume to increase in Japanese-to-English trans-
lation, we instructed the model to reduce the
font size attribute (sz) if the translated text
becomes too long.

¢ text box decomposing and text wrapping:
We allowed structural changes to text boxes
is employed as the LLM as with the task of slide translation,

where other LLMs failed in generating layout error corrected
slides or significantly underperformed Gemini-3-Pro.

when overlapping items were predicted. Ad-
ditionally, in slides where the automatic wrap-
ping feature is disabled (“wrap=none”), a sin-
gle line of translated text may become ex-
tremely long. To prevent this, we included a
constraint to change the wrap attribute within
the <a:bodyPr> tag to “square” (wrapping
enabled).

* layout preservation: We instructed the model
to leave sections unchanged where layout er-
rors did not occur due to translation, and to
rewrite the XML only for parts requiring edit.
This reduced the risk of unintended alteration
caused by LLLM hallucinations.

To further ensure that the edited XML functions
correctly as a PowerPoint file, we present the fol-
lowing constraints regarding structural integrity.

* preservation of non-text items: We in-
structed the model to maintain the status quo
for items such as images (p: pic), connectors
(p:cxnSp), and tables (p: graphicFrame), as
modifying them carelessly can easily degrade
visibility due to hallucinations. In particular,
we strictly prohibited changing ID references
such as the r:embed attribute, as this leads
directly to file corruption.

* escape character processing: Since special
characters such as & and < cause syntax errors
in XML, we instructed the model to ensure
that they are properly escaped.

* XML format check and restoration: Since
the output from the LLM must be in a com-
plete XML format, we prohibited errors such
as unclosed tags. This is to prevent file
corruption when the generated XML is re-
compressed and restored as a .pptx file.

Note that while the prompt tuning described
above is applied in the first step, we do not em-
ploy the few-shot prompting to be described in the
next section, i.e., executing the process in a zero-
shot manner. This is because the first step performs
not only the layout edit but also the translation task.
At this step, where specific layout errors caused by
translation are not yet determined, providing error
examples via few-shot prompting raises concerns
that the model might be unduly influenced by the
example patterns or distracted from the translation
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task. Consequently, we designed the system to ap-
ply few-shot prompting exclusively in the second
step, where the model can focus solely on layout
edit based on the finalized English translated text
contents. The prompt employed in this first step is
shown in Appendix F.1.

6.2 Second Layout Edit
6.2.1 Three Input Modalities

In the second step, we adopted the following three
input modalities for layout edit.

1. XML only: An approach that inputs only
the XML containing the structural informa-
tion of the translated slide, which may have
layout issues. Since it lacks visual informa-
tion, the LLM must infer layout interference
solely from the numerical information within
the XML tags.

2. XML + translated slide image (EN): An ap-
proach that inputs the image of the translated
English slide in addition to the XML. Since
the LLM can refer to the “actual appearance,
this is expected to improve the accuracy of
whitespace.

>

3. XML + translated slide image (EN) +
source slide image (JP): In addition to the
above, this approach also provides the original
Japanese slide image. This allows the LLM
to understand the original layout intent (such
as the spatial relationship between figures and
text) before performing edit.

6.2.2 Zero-shot and Few-shots

Regardless of the input modality, the LLM must ex-
ecute appropriate XML edit based on the provided
information. However, layout edit ranges from “‘mi-
nor adjustments” to “structural changes”. Since it is
difficult to appropriately address multiple types of
layout errors with a single instruction, we adopt the
few-shot prompting approach proposed by Brown
et al. (2020) for the second layout edit. Specifically,
we defined solutions and presented the model with
pairs of XML and slide images before and after
editing, as shown in Figure 4, to facilitate learning
of specific edit intents. Note that in these few-shot
examples, we limited the scope of the edit strictly
to text items. We excluded layout manipulation
of non-text items, such as charts and images, to
avoid the risk of deviating from the original layout

intent of the Japanese source slide. The specific
edit operations are as follows:

(a) font resizing: Addresses text overflow and
overlapping by reducing the font size attribute
sz.

(b) text box reshaping: Addresses overlapping
of adjacent items by modifying the dimen-
sions (cx, cy) of the text box to induce text
wrapping.

(c) text box decomposing: Addresses layout er-
ror caused by containing multiple sentences
in a single text box by modifying the XML
structure itself, such as splitting the text box
to control line breaks.

Furthermore, regarding the configuration of the
few-shot examples, we adopted and compared two
distinct approaches based on how these edit opera-
tions are combined. We denote the set of operations
applied to a single slide as (a), (b), and (c). The
specific shot configurations are defined as follows:

An approach where all three operations
are applied within a single slide.

e concatenated “(abc)” as 1-shot

* a sequence of two concatenated
“(abc)” and “(abc)” as 2-shots

* a sequence of three concatenated
“(abc)”, “(abc)”, and “(abc)” as 3-
shots

An approach where each operation is ap-
plied to a separate slide individually.

* a sequence of three (a), (b), and (c)
as 3-shots

* a sequence of six (a), (b), (¢), (a),
(b), and (c) as 6-shots

* a sequence of nine (a), (b), (¢), (a),
(b), (¢), (a), (b), and (c) as 9-shots

By comparing these approaches, we clarify how
the granularity of task presentation affects edit ac-
curacy. The prompt employed in this second step
is shown in Appendix F.2.

7 Optimal Slide Selection

As described in section 5 and section 6, the ap-
proaches to “translation” and “layout edit” involved
multiple input conditions, resulting in multiple vari-
ations based on the combination of inputs. The
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reason for establishing multiple input conditions
is that the optimal edit method differs depending
on the complexity and text volume of the input
source language slide layout. A single method does
not necessarily yield the best result for every slide.
Therefore, in this section, we describe a method
for selecting the optimal slide that most facilitates
structure comprehension from multiple candidate
slides generated by different combinations of in-
puts. The aforementioned approaches (2 translation
methods X 4 edit methods) generate up to 8 types
of candidate slides. A detailed discussion on the
configurations of the input modalities is provided
in Appendix D.

Here, by referencing LL.M-as-a-Judge (Zheng
et al., 2023), we propose a method that employs an
LLM with high visual understanding capabilities
as a model. Figure 2 illustrates the processing flow
of 8 candidate slides outputted from the two steps
into the LLM collectively and has it select the slide
that is easiest for the learner to understand based
on the following criteria:

1. layout reproducibility: Whether the original
layout balance, figure structure, and use of
whitespace are maintained.

2. object reproducibility: Whether there is any
text overflow, missing items, or unnatural
overlapping.

3. overall visibility: Whether the line breaks
resulting from the English translation are ap-
propriate and easy to read.

Based on these criteria, the LLM performs a
relative evaluation among the candidate slides and
automatically selects the optimal one. This enables
the generation of slides with minimal layout errors,
making them suitable as lecture materials. The
prompt to select the optimal slide is provided in
Appendix F.3.

8 Evaluation

In this section, we evaluate three perspectives to
verify the quality of the slides finally generated by
the proposed system. First, we compare the rate of
occurrence of layout errors between the outputs of
existing translation tools and our proposed method.
Next, we conduct the evaluations of layout errors
by both a manual oracle and an LLM on the outputs
of existing tools and the proposed method to assess
the overall slide quality. Finally, we measured the

translation accuracy of the text obtained from the fi-
nal output of the baseline and the proposed method.

8.1 Experimental Setup

As the evaluation dataset, we selected 40 slides
taken from the classes taught by one (but not the
first) of the authors’ of this paper, covering intro-
ductory courses of machine learning and program-
ming. Those 40 slides were selected under the
criterion that they show complex objects such as
mathematical formulas and charts for which lay-
out errors easily observed during from Japanese to
English translation. As baselines for comparison,
we employed three methods: Google Lens”, rep-
resenting an image recognition-based translation
approach; DeepL!?, representing a text-based trans-
lation approach; and the PowerPoint Translation
Module of BOOM (Koneru et al., 2025)'!. We
compared the performance of our proposed method
against these baselines. An annotator who is not
among the authors of the paper conducted all the
manual evaluation tasks.

8.2 Evaluation of Layout Errors

As an evaluation metric, this study defines the “lay-
out error rate (%)”, representing the ratio of items
exhibiting layout errors to the total number of man-
ually identified visual items per slide. The detailed
formula for this metric is described in Appendix E.
A lower layout error rate (%) indicates fewer layout
errors. 2-fold cross validation was performed on
the 40 slides described in Section 8.1. In the first
fold, the 20 slides were first used for the tuning
task to be described below, where the remaining
another 20 slides were then used for evaluation. In
the second fold, on the other hand, the tuning task
was performed on the subset belonging to the sec-
ond fold, while the evaluation was performed on
the 20 slides belonging to the first fold. Finally, the
evaluation result is obtained by averaging over the
whole dataset of the overall 40 slides.

Following the tuning task performed through the
2-fold cross validation presented above, out of the
zero-shot and few-shots presented in section 6.2.2,
optimal configurations are selected for each of the
2-folds. Then, the overall evaluation results of lay-
out error rates were obtained by averaging over the
whole dataset of the overall 40 slides as shown in

‘https://lens.google/

10https://www.deepl.com/

11https://github.com/saikoneru/
image-translator
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evaluation by baselines proposed

PowerPoint Translation (optimal selection
manual / LLM Google Lens DeepL Module of BOOM from 8 candidates) total
manual oracle 10.0(4/40) 7.5(3/40) 0(0/40) 82.5(33/40) 100 (40/40)
LLM (Gemini-3-Pro) || 2.5(1/40) 2.5(1/40) 0(0/40) 95.0 (38/40) 100 (40/40)

Table 1: Results of Evaluating Model Selection against Baselines (Baselines: Google Lens, DeepL, PowerPoint
Translation Module of BOOM, Proposed Method: optimal slide selection from 8 candidates, Metric: rates (%) of
those selected as optimal out of 20 slides, Comparison: by manual oracle and by an LLM (Gemini-3-Pro))

baselines proposed
. PowerPoint Translation (optimal selection
Metric Google Lens  Deepl. Module of BOOM from 8 candidates)
BLEU 56.45 66.86 45.24 50.94
COMET 0.8335 0.8513 0.8297 0.8194

Table 2: Evaluation Results of Translation Accuracy

Figure 5'2. The final output of the proposed system
achieved an error rate of 4.1%, which outperformed
baselines including Google Lens at 18.0%, DeepL
at 25.5%, and the BOOM translation module at
35.8%, closely approaching the 2.36% of the man-
ual oracle. Furthermore, the optimal selections at
the third step by the LLM matched the manual se-
lection by oracle in 80% of the overall 40 slides for
evaluation. This optimal final output was selected
by the LLM from the eight candidate outputs gen-
erated by the proposed method, where, as shown
in the right half of Figure 5, their error rates are
ranging from 6.5% to 15.1%. Among those individ-
ual candidates, the approach exclusively utilizing
XML without the second layout edit achieved the
lowest average of 6.5%, confirming that the first

12The first fold is optimized through “a sequence of three
(a), (b), and (c) as 3-shots”, while the second fold is as such
through “a sequence of six (a), (b), (c), (a), (b), and (c) as
6-shots”. This result reveals that concatenated few-shots rel-
atively underperformed few-shots of (sequence of) separate
individual layout edit operations within a single slide. We dis-
cuss this matter of comparison of few-shots of concatenated
versus separate individual slides in Appendix C.

layout edit alone is sufficient without the second
layout edit. However, as shown in the layout error
rate of 4.1% by “the optimal slide selection from
8 candidates by LLM”, out of the overall 40 slides
for evaluation, there exist several slides for which
the results of the second layout edit outperformed
those without the second layout edit.

8.3 Evaluation of Optimal Model Selection

Finally, we evaluated the results of optimal model
selection. Against the four candidates consisting of
the output by the proposed method and those by the
three baselines, the human annotator as the manual
oracle as well as an LLM (Gemini-3-Pro) select
an optimal one according to the criterion presented
below. Here, the three baselines are Google Lens,
DeepL, and the PowerPoint Translation Module
of BOOM. Given the source Japanese slide, the
criterion is based on the judgment regarding i) lay-
out reproducibility of the source Japanese slide, ii)
object reproducibility of the source Japanese slide,
and iii) overall visibility of the target English slide
itself. Layout reproducibility is measured by con-
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sidering how much the original layout dependency
among objects within the source Japanese slide is
reproduced. Object reproducibility, on the other
hand, is measured by considering how much ob-
jects themselves within the source Japanese slide
is reproduced.

Table 1 presents the percentage of cases where
each method was selected as the optimal slide (de-
fined as “model selection success rate”). In the eval-
uation by the manual oracle, the proposed method
was deemed optimal in 82.5% of the cases. Con-
versely, the baselines of Google Lens (10.0%) and
DeepL (7.5%) constituted the remaining selections
and received low ratings due to issues such as in-
appropriate font sizes and overlaps between ex-
panded text and figures. In the evaluation by an
LLM, the proposed method achieved a significantly
higher model selection success rate of 95.0%, indi-
cating a tendency for the LLM to rate the proposed
method even higher than the manual oracle. These
results demonstrate that the proposed method is
capable of generating translated slides of higher
quality than existing methods, particularly for lec-
ture slides with complex layouts.

8.4 Evaluation of Translation Accuracy

To measure translation accuracy, text was extracted
from the Japanese slides and the respective out-
put results. As the proposed method, DeepL and
the PowerPoint Module of BOOM produce pptx
files, texts enclosed within <a:t>...</a:t> tags
in the XML were extracted. As Google Lens per-
forms image translation, texts were extracted us-
ing character recognition with Gemini-3-Pro. The
evaluation metrics used were BLEU and COMET.
Furthermore, for the evaluation, two reference sen-
tences were generated using GPT-5.2 and Claude
Sonnet 4.5, and the average of the results was cal-
culated. The results are shown in Table 2. In
the BLEU results, the proposed method underper-
formed compared to DeepL and Google Lens. In
particular, a clear difference was observed between
DeepL (66.86) and the proposed method (50.94).
This difference in scores is thought to be because,
whereas DeepL produces output that is close to a
literal translation of the text, the proposed method
performs translation with the assumption that the
layout will be adjusted. On the other hand, the
COMET results showed no considerable differ-
ences between the various outputs. This suggests
that the proposed method is capable of producing
translations that retain their meaning even when

layout adjustments are required.

9 Conclusion

We proposed a structure preserving slide translation
framework utilizing direct XML manipulation that
outperformed the baselines in both the layout error
rate and the model selection success rate. Future
work prioritizes processing acceleration for the real
time integration detailed in Section 3.
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Limitations

While our proposed method demonstrates high per-
formance of layout error correction, there exist
several limitations to be addressed in future work.

First, our evaluation is currently limited to a sin-
gle translation direction from Japanese to English.
However, the employed architecture of manipu-
lating language independent XML structures by
LLMs should be generalizable to any translation di-
rection of any language pair. Conducting empirical
validation across diverse language pairs remains
for future work.

Second, regarding the evaluation dataset, we
tested our method on 40 slides from the field of
machine learning. To further prove our approach to
be generalizable and robust, we plan to construct
and evaluate on a larger dataset covering multiple
academic domains that consist of over 100 slides.

Third, the prompts used to evaluate optimal slide
selection and optimal model selection performed
by LLMs are not fully optimized. Current prompts
of the evaluation by LLMs may limit the full poten-
tial of LLMs to accurately assess complex visual
inputs. Therefore, to conduct more accurate and
robust evaluations, it is necessary to concentrate on
prompt tuning of evaluating optimal slide selection
and optimal model selection.

Fourth, the manual evaluation was performed
by a single annotator. However, the lack of inter-
annotator agreement undermines the reliability of
the results. Since layout evaluation involves sub-
jective judgments, it is difficult to standardize the
criteria. Therefore, in this study, we focused on
establishing a foundational framework for introduc-
ing new evaluation metrics. In the future, we plan
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to conduct evaluations using multiple annotators
and report on inter-annotator agreement.

Finally, our current system explicitly excludes
the manipulation of non text items. Therefore,
within inserted images that are not native Power-
Point objects, it does not support translation of text
and layout adjustment of objects. Specifically, it is
essential to incorporate any existing image transla-
tion technology that involves text extraction using
optical character recognition (OCR), followed by
text translation and the direct overlay of the trans-
lated text onto the original image.
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A Integrating Text Translation and First
Layout Edit by LLLMs as a Baseline

To demonstrate the absolute necessity of integrat-
ing the first layout edit with text translation, this
section examines the limitations of a decoupled
approach that relies solely on text translation tools
such as DeepL during the first step. Specifically,
the method evaluated in this study translated only
the text information extracted from XML, over-
wrote the data without performing any layout edit
in the first step, and transitioned the output to the
second step for subsequent layout edit.
Experimental results revealed that ignoring lay-
out constraints during the initial translation phase
caused severe layout errors, such as extreme text
overlaps and structural breakdowns. Consequently,
even after applying the subsequent second layout
edit, it was difficult for the model to fully recover
the original design intent, and the final layout qual-
ity was inferior to our proposed method. This find-
ing demonstrates that integrating text translation

and preliminary layout edit within the first step
as in our proposed method is effective in prevent-
ing catastrophic layout degradation that cannot be
repaired downstream. Note that the text transla-
tion and all layout edit tasks that make up these
evaluated approaches are performed by an LLM
(Gemini-3-Pro).

B Failure Analysis of Other LLMs

We discuss the issues encountered with GPT-5,
Claude Sonnet 4.5, and Qwen3-VL, which were ex-
cluded from this study. The XML files that make up
PowerPoint have a strictly defined structure; if dis-
crepancies in tags or other issues occur, the files be-
come impossible to parse. Therefore, LLMs must
output complete XML without structural errors.
However, the excluded LLMs frequently stopped
outputting XML midway, resulting in numerous
instances where the structure was corrupted. Fur-
thermore, even when the XML structure was pre-
served, issues arose in which the LLM omitted
descriptions of objects within the slides, resulting
in the loss of many elements. For these reasons,
this study adopted only Gemini-3-Pro.

C Discussion on Comparison of
Few-shots of Concatenated versus
Separate Individual Slides

Evaluation result of section 8.2 reveals that con-
catenated few-shots relatively underperformed few-
shots of (sequence of) separate individual layout
edit operations within a single slide. This indicates
that, from the perspective of LLMs’ performing
layout edit operations, concatenated few-shots are
less easy to recognize constituent layout edit op-
erations than few-shots of (sequence of) separate
individual layout edit operations within a single
slide. Therefore, even if it is supposed that users
of the proposed slide translation method collect
diverse error cases and then intend to provide them
as few-shots, it is clearly shown by the evaluation
results of section 8.2 that adding those diverse error
cases as few-shots simply damage the slide transla-
tion performance.

D Configurations of Input Modalities

The core operation of the proposed method is XML
editing using an LLM, and images are used to as-
sist with the editing process. In the first step, the
available image input is a Japanese image. In the
second step, both the translated English image and
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the Japanese image become available. Therefore,
depending on the combination of these available
image data, a total of eight input modalities are
formed. In the second step, we excluded inputs
containing only Japanese images. The reason for
this is that verifying current layout errors is essen-
tial for layout editing, and Japanese images serve
merely as reference information for the intended
layout.

E Definition of the Layout Error Rate

As an evaluation metric, this study defines the lay-
out error rate (LER), formally computed as:

N
1 €;

=1

(1

where NN is the number of slides, v; is the total
number of manually identified visual items (text
boxes, charts, formula objects, etc.) in the i-th
slide, and e; is the number of items exhibiting lay-
out errors (e.g., overlaps between items, overflow
beyond borders, or disappearance) in the ¢-th slide.

F Detailed Prompts for Slide Translation
and Layout Edit

This appendix provides the specific system prompt
used for the LLM in the first step of our proposed
method. To avoid redundancy, the prompt is pre-
sented as a single template. The behavior condi-
tionally changes based on the input modality (XML
Only vs. XML + Source Slide Image), indicated
by the {If ...} blocks. The prompt was originally
constructed in Japanese to instruct the model ac-
curately. We present both the translated English
version and the original Japanese version.

F.1 Prompt for the First Step (Translation &
First Layout Edit)

English Translation:

{If image is provided: } Cross reference the
provided “original Japanese slide image” with
the “XML data”, translate the Japanese text in
the XML into English, and adjust the layout.
{If image is not provided: } Translate the
Japanese text within the provided XML into
English, and adjust the layout.

Greetings, explanations, and partial omis-
sions are strictly prohibited.

[Translation Policy]

» Translate only the Japanese text en-
closed within <a:t>...</a:t>tags into
English.

[Edit Policy]

* 1. Apply font size (sz) adjustments to
simple overflows or element overlaps
caused by translation.

2. Apply bounding box size (cx, cy)
adjustments or relocate text boxes for
overflows or overlaps caused by line
break position differences between lan-
guages.

3. Apply structural changes to text
boxes for element overlaps or complex
layout corruptions that cannot be re-
solved by the above steps.

4. If the wrap attribute within the
<a:bodyPr> tag in the XML is ‘none’ and
the text overlaps with figures or other
text, strictly change it to ‘square’ to en-
able text wrapping.

5. Leave sections unchanged where no
layout issues are observed after trans-
lation, returning them as they are.

[Important Notes (Preservation of XML
Structure)]

» The output must be in a complete XML

format.

Maintain the structure of images

(p:pic), tables (p:graphicFrame), and

connectors (p:cxnSp) without altering

their contents.

Strictly do not change ID attributes such

as r:embed or uri attributes, as this will

prevent images from being displayed.

e When using ‘& in the text, you must

write ‘&amp;’.

Unclosed tags, missing attribute quotes,

and forgetting to escape special charac-

ters (&, <) within the text are not allowed.

* Maintain extension tags such as a16:
and p14: without deleting them.

Original Japanese Prompt:
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{HEN AN SINBGE: Rt hz T2
DHAFEAZ A NE] & IXMLT — X ]
ZBEL., XMLADHAZET ¥ A b 2%
WZBIERLU7z LT, L7 b 2HFHELTH
HLUTLEZ W,

{HRDR NG G ) HRAE S N XMLIN O H AR
FET R ADNEBEFEICHRL, LA T U NE
FELTHAOLTLLEE W,
ﬁw\%ﬁ\ﬁﬁﬁ®%%d*%%¢T

[FHERD 81

e <a:t>...</a:t> A NDHAGET F
ANDHETZEZFRLU T EI 0,

[EED SN

o 1. BUERBSICAEU 2B ITAE LR
BWREOELDITIET + > M(s2)fi %
WHT 5,

e 2. BEMODENIZ LD &L BWITAL
BIZEDIEAHUPEROERDIZ
WY 1 X(cx, cy) DFHEER T F X b
Ry 7 2AD0BE%HAT 5,



« 3. FRl T LENRL-ZEED
H D REMLTERNICIE. TF A
FRY 7 ZADWEL T EZEHAT 5,

e 4. xmlft D<a:bodyPr>& 27 N DwraplE
M none’ 2D T F A kX RAhD T
F 2 MIHE>TWBIEE., ‘square’ll
EHELUTHOVERLEZEMZT 5,

o 5. BHERU7-BRIZ A 714 NNDMED
R o WErEF 24003, Bk
MRLU-EERT,

[ %5 37 (XML D)

o i EEXMLE A TR i
DEXHA,

o i (p:pic) ¥ K (p:graphicFrame).
I 27 X (p:cxnsp) DML, WA %
EHEETICHRL T ZTW,

o KFIZ r:embed 72 ¥ DIDEM . uri B
PEIZHERHZZEE LW T ZE W, il
BRRFRI N FT,

e TXFAMNANT ® ZMESHEIEILT
‘Qamp;’ EENTL I,

« XD LUEN, BHEDZ +— M
N, TFAPNANORELE (8, <) D
IAT—=TENZHFINTEA,

* al6: P pl4: Y DR R 7S Hlk
FTUIHERFL T Z X0,

F.2 Prompt for the Second Step (Second
Layout Edit)

For the second step, the LLM is instructed to fo-
cus exclusively on layout editing using few-shot
examples. Similar to the first step, the prompt is
presented as a single template. The behavior condi-
tionally changes based on the three input modalities
described in section 6.2 (XML Only, XML + EN
Image, or XML + EN Image + JP Image).

English Translation:

{If XML Only: } Learn from the provided “edit
examples” and optimize the layout of the tar-
get XML.

{If XML + EN Image: } Analyze the provided
“edit examples” and the “target slide image”,
and optimize the layout.

{If XML + EN Image + JP Image: } Analyze
the provided “edit examples”, the “target slide
image”, and the “original Japanese slide im-
age for reference”, and optimize the layout.
Greetings, explanations, and partial omis-
sions are strictly prohibited.

[Edit Policy]

* 1. Apply font size (sz) adjustments to
simple overflows or element overlaps.

» 2. Apply bounding box size (cx, cy)
adjustments or relocate text boxes for
overflows or overlaps caused by line
break positions.

« 3. Apply structural changes to text
boxes for element overlaps or complex
layout corruptions that cannot be re-
solved by the above steps.

* 4. If the wrap attribute within the
<a:bodyPr> tag in the XML is ‘none’ and
the text overlaps with figures or other
text, strictly change it to ‘square’ to en-
able text wrapping.

« 5. Leave sections unchanged where no
layout issues are observed, returning
them as they are.

[Important Notes (Preservation of XML
Structure)]

» The output must be in a complete XML
format.

Maintain the structure of images
(p:pic), tables (p:graphicFrame), and
connectors (p:cxnSp) without altering
their contents.

Strictly do not change ID attributes such
as r:embed or uri attributes, as this will
prevent images from being displayed.

* When using ‘& in the text, you must
write ‘&amp;’.

Unclosed tags, missing attribute quotes,
and forgetting to escape special charac-
ters (&, <) within the text are not allowed.
» Maintain extension tags such as a16:
and p14: without deleting them.

Original Japanese Prompt:

(XMLO A D54 ) Rftans MBEESF
Bl 2%BL, =7y hXMLOL AT
b ERBEALTLEZ W,

(XML + SERmGOEGE: ) #itEhs e
EHEH BEO 12—y b2A54 R
Bl 2oL, L1 7o b EREALTL
72X,

(XML + BRI + HARZEEGR OGS ) 1
xhzd MBEESFEH] . TX—r v RF
4 KW . LT I[BEHAAY YFH
AFEAZ A NEE] 249U, L1 77 b
ZEELL T ZE W,

BE. M., RPTOAKIT—gILT
¥, [BED G

o 1. i ZAHURPERZROERDIZ
37 4V Msz)ifEz @AY 2,

o 2. WATAIEIZ X B IXAHUPEED
B DIZIEEY 1 R(ex, cy) DFHFE
FEAMRY 7 2OBEZHEHT 3,

« 3. LETHELENLL-EHEOD
B ) REMLIERNICIE. TF A
rRY 7 ADWGEATE AT 5,

e 4, xmlHt D<a:bodyPr>& 2 A Dwraplg
M H¥none’ D T F A N A RAMD T
FAMIH > TWBEE, ‘square’ll
BEHEUTHVRERLEZEMZT 5,

« 5. 274 NNORMEH RS i
ﬁﬁgﬁ?’a‘:ﬁb‘fﬂi‘ TURMEFF L 72 £ &
5& o

[ ZEHIH (XML E D #ERR)]

o HIFTEBXMLER TR T NIE R
DEEA,



o Wi (p:pic) ¥ 3K (p:graphicFrame).
JIX 7 R (p:cxnSp) DIEE X, NE%
EEEFTITHRFL T X0,

o RFIZ r:embed 72 ¥ DIDJEMER. uri B
PEIFHOIZAE L ARnWT L EE W, H
BRRRSIN LR T,

e TXAPMNT & ZMASGHEIFHT
‘Qamp;’ EENWTLZX W,

« RO EN, BHED I +— MNw
N, 7FANNOREE (8, <) D
IAT—=TENEHFINEREA,

e al6: ¥ pl4: HEDILIRZ 7' Bkt
FITHRIL TS ZE W,

F.3 Prompt for the Third Step (Optimal Slide
Selection)

In the third step, the LLM functions as an evaluator
to select the optimal slide from the eight generated
candidates. The model is provided with the original
Japanese slide image as a reference, along with the
eight candidates, and is instructed to rank them
based on predefined visual criteria and output the
result in JSON format.

English Translation:

Compare and evaluate the “original Japanese
image” of the PowerPoint slide against the
“multiple layout candidates” translated into
English. Based on the following criteria, rank
them in order of how well they capture the
intent of the original slide.

» 1. layout reproducibility : Whether
the original layout balance, figure struc-
ture, and use of whitespace are main-
tained.

» 2. object reproducibility : Whether
there is any text overflow, missing items,
or unnatural overlapping.

+ 3. overall visibility : Whether the line
breaks resulting from the English trans-
lation are appropriate and easy to read.

[Output Format]
Output only the following JSON format:

{

“best_method”: “The  best
method (folder name)”,
“ranking”: [“1st method”, “2nd

method”, ...1,

“scores”: {“Method A”: 95,
“Method B”: 80, ...},
“reasoning”: “Brief reasoning”
}

Original Japanese Prompt:

PowerPointA & 4 K @ [ H A& & ¢ H
(Original)| &. TN EHRL 7= [EEKD
L 77 hZE(Methods)| % LLEFEAN L T
{7ZIW, AFOHEAEIZHEIE, TATA
FOERZES LSBATVWIIEIZT V2
LT ZE N,
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e 1. LA 7Y MBI TOEENT v
A, FHEREE. REDOMWGIHMERFX
NTWV3B D,

o 2, BN TFANDIXAL
L. RE, RERBELR DRV,

o 3. BIRRME ¢ BEFEALITAE S BATALE R &
Y] TEFAR T O,

[ ]
PLRDJISONTZ +—<% v b DAZH ST LT
LW,

{

“best_method”: “BxbH Rb o7z
FIE(T A VR4,

“ranking”: [“1fLDFE”, “2fi
DFE, ...]

“scores”: {“Fik%”: 95, «“F
E47: 80, ...}, // 1005315
“reasoning”: “fifjR7nPHE”

}



