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Abstract

In-image machine translation is a sub-task of
Image-Based Machine Translation that aims
to substitute text embedded in images with its
translation into another language. In the current
work, we define a simple task with a synthetic
dataset based on rendering parallel text over a
plain background. Furthermore, we experiment
with different optical character recognition, ma-
chine translation and image synthesis models
to include in our ensemble. Then, we present
our cascade approach as a pipeline that obtains
the transcript of the original image, translates
it, and generates a new image (image synthesis)
similar to the original one. Finally, we compare
the performance of our approach with several
current state of the art models, including an
end-to-end approach, demonstrating its com-
petitiveness.

1 Introduction

Machine translation (MT) is a traditional applica-
tion of machine learning that allows the translation
of text from one language to another, ensuring that
a larger community can understand the informa-
tion (Wang et al., 2022). However, traditionally,
the field has been tied to text (understood as a se-
quence of characters contained in a vocabulary)
as the primary container of language (Stahlberg,
2020), except for some research, mainly in audio
(Ma et al., 2024; Radford et al., 2023; Barrault
et al., 2023). Nevertheless, most of the information
produced and received by humans is visual; yet it
contains text embedded in visual patterns. Addi-
tionally, the textual information contained in those
images is understandable only to communities that
speak the language. In-image machine translation
(IIMT) is a recent sub-field of MT dedicated to pro-
ducing visual translations of text in images (Tian
et al., 2025). Thus, more people can access the
information codified in the text embedded in the
images.
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The task of IIMT is not intrinsically multimodal,
since both its input and output are images. How-
ever, text is usually incorporated at some point in
IIMT models (Lan et al., 2024; Ma et al., 2022).
Actually, the IIMT task can be viewed as a single
challenge, with a slight use of text, or it can be split
into several sub-tasks. The second option is most
evidently multimodal, since text is usually involved
directly at some step of the pipeline.

In our approach!, we perform IIMT as a combi-
nation of optical character recognition (OCR), MT
and image generation in a cascade manner. First,
an OCR model must detect and recognize text em-
bedded in the image. Then a MT model would
translate that text into the target language. Finally,
the image generation model may create an image
that is visually similar to the original but contains
the translated text.

Our experimentation will focus on a simplified
set as a first approach. Thus, we will translate
images with a plain background and horizontal text
in English and German.

In the following we present a summary of the
current state of the art for IIMT. After that, we
propose our experimental framework in section 3,
where we detail our dataset (section 3.1), approach
to the task (section 3.2) and evaluation protocol
(section 3.3). Finally, we present our results and
compare our approach with an end-to-end model in
section 4, and draw some conclusions in section 5.

2 State of the Art

Image-based machine translation (IMT) surges un-
der the field of multimodal machine translation
(MMT) to produce translations from text embed-
ded in visual media (Elliott and Kadar, 2017; Gao
et al., 2025). Furthermore, IMT is often divided
into two additional sub-fields: text-image machine
translation (TIMT) and IIMT. The former produces
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textual translations from text in images (Lan et al.,
2025; Ma et al., 2023). The latter, the one we
address in this article, is dedicated to editing the
image (Lan et al., 2024). As a result, the desired
output is an image visually similar to the original,
including translation of the original text instead of
it (Tian et al., 2025). This task is often addressed
using a cascade approach (Vaidya et al., 2025; Lan
et al., 2023; Liang et al., 2024) or an end-to-end
one (Lan et al., 2024; Ma et al., 2022).

In most cascade approaches, the first step in-
volves detecting and recognizing the text present
in the source image. Most OCR models focus on
pictures of documents (Li et al., 2023; Cheng et al.,
2017). Nevertheless, in IIMT, natural scenes are
a more relevant use case. These images usually
contain less text with a more complex layout. The
mentioned scenes involve text with complex back-
grounds, variable lighting, distortions, arbitrary ori-
entations, and diverse fonts. Thus, OCR models
that cope with these conditions have been trained
on datasets that recreate them (Gupta et al., 2016;
Veit et al., 2016; Wang et al., 2011). Furthermore,
renowned computer vision (CV) conferences host
natural scene challenges (Karatzas et al., 2015) to
push the current state of the art.

The same cascade approaches, after obtaining
the transcription, use a MT model to obtain its trans-
lation (Qian et al., 2024). MT is a well established
field with a huge availability of models (Hameed
and Al-Khateeb, 2025) and datasets (Koehn, 2005;
Tiedemann and Thottingal, 2020). In addition, con-
ferences such as WMT (Chatterjee et al., 2019;
Farajian et al., 2020; Wang et al., 2024) promote re-
search in several open challenges in this field. The
large language model (LLM) tide has also arrived
to MT, even with the support of institutions such
as the European Union (Martins et al., 2025).

In most cascade-based systems, the pipeline
ends with an image synthesis stage. This area
is currently dominated by diffusion transformer-
based generative models (Ahsan et al., 2025), with
a strong emphasis on multimodality and interac-
tive workflows (Zhang et al., 2023a; Quan et al.,
2024). Open-source models such as Stable Dif-
fusion (Podell et al., 2023), Flux*> and DALLE 2
(Ramesh et al., 2022) now rival closed-source sys-
tems, including DALLE 3 3 Sora® and the Banana®

2bf1.ai/blog/24-08-01-bfl
3openai.com/es—ES/index/dall—e—3/
4openai.com/es—ES/sora/
5gemini.google/es/overview/image—generation

family in terms of visual quality and controllability.

One of the main challenges of IMT is the avail-
ability of data. Although there are some limited
datasets for TIMT, such as OCRMT30k (Lan et al.,
2023), DoTA (Liang et al., 2024) or ECOIT (Zhu
et al., 2023); the scarcity of data exacerbates in the
IIMT field. To the best of our knowledge, there
is no non-synthetic, curated dataset for the entire
IIMT task. All of the articles we have read so
far have used their own synthetic datasets to train
and evaluate their models. Some of these sets are
available (Lan et al., 2024) for general use.

In this work, we present a detailed experiment on
the construction of a pipeline of models to solve an
IIMT task. We provide a measure on how the cur-
rent top models susceptible to being involved in this
type of pipeline (Li et al., 2023; Wei et al., 2025;
Costa-jussa et al., 2022; Team et al., 2025; Cheng
et al., 2025; Tuo et al., 2023) perform in their re-
spective tasks. Finally, our results are compared
with Translatotron-V (Lan et al., 2024), which will
serve as a baseline.

3 Experimental Framework

In this section, we will describe the framework
surrounding our experiments and the functioning
of our system.

3.1 Dataset

In order to evaluate our pipeline, we needed a
dataset that fit our requirements. A dataset that
allowed us to evaluate every module of our cascade
approach. Since the field of IMT suffers from data
scarcity (Li et al., 2025), we needed to create our
own synthetic dataset.

In order to generate a synthetic dataset com-
posed of images containing text, a source of text is
needed. Therefore, we have selected the Open Sub-
titles® (Tiedemann, 2016) English-German parallel
dataset as the source. It is an MT dataset gathered
from a collection of movie subtitles and their trans-
lations. For the background, we used plain images
of a single color picked at random.

To create a pair of images, two parallel sentences
are extracted from the corpus and a background
color is chosen. Furthermore, we select a font style
and size for the text display. As suitable options
for the display, we selected a collection of Open
Sans fonts downloaded from Google Fonts’. In

waw.opensubtitles.org/
Tgithub.com/googlefonts/opensans
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addition, the pair of bounding boxes and the pair
of text for each line are also stored. Thus, we
have created a parallel [IMT dataset of 3000 pairs
suitable for evaluating both end-to-end and module-
wise methods. All the code used in this step will
be made available in our repository®.

3.2 Cascade approach

We aim to solve the IIMT problem by splitting it
into several sub-tasks. First, we intend to obtain
a transcript from the original image by using an
OCR model. Then, this text will be fed into a
MT model to obtain its translation into the target
language. Finally, we propose using a diffusion
model (Nguyen-Tri et al., 2025) to replicate the
original image with the translated text in it.

3.2.1 Optical character recognition

In order to obtain a transcript from an image,
we have selected three candidate open source ap-
proaches from the current state of the art:

EasyOCR’ is available as a Python package with
an easy-to-use, straight-forward interface. It
uses a different set of weights depending on
the selected language, meaning that it is not
inherently multilingual. The results may vary
depending on the inference language. Thus,
if multilingual input is expected, this option
may be problematic.

TrOCR (Li et al., 2023) is also available as a
Python package. It is a more sophisticated ap-
proach focused on OCR for documents with a
complex layout. Thus, its outputs are harder to
parse than EasyOCR. Nevertheless, it is inher-
ently multilingual and, thus, appropriate for a
real world application in which languages can
be mixed. It was developed by Microsofft.

DeepSeek-OCR10 (Wei et al., 2025) is an OCR
encoder-decoder model with 3 billion param-
eters that uses a special encoder to manage
long, two-dimensional contexts. This makes it
suitable for recognizing long documents. Fur-
thermore, its decoder is the DeepSeek model
(Liu et al., 20244a,b), which is multimodal and
multilingual.

8github.com/sergiogg—ops/modular_iZimt
9github.com/JaidedAI/EasyOCR
huggingface.co/deepseek-ai/DeepSeek-0CR

3.2.2 Machine translation

Once we have obtained the text in the original lan-
guage, it must be translated into the target language.
For that purpose, we selected four additional MT
models from the current state of the art:

NLLB-200'" (Costa-jussa et al., 2022) is a multi-
lingual MT model obtained from the No Lan-
guage Left Behind project by Meta Al It can
manage up to 210 languages from around the
world with different alphabets. We have used
the version with 3.3 billion parameters.

Seed!? (Cheng et al., 2025) constitutes an open-
source MT model that is competitive with
closed-source models developed by the
ByteDance lab. However, its language span is
restricted to “just” 28 languages, with a size
of 7 billion parameters.

Gemma 3" (Team et al., 2025) is a family
of LLM developed by Google DeepMind,
renowned for their strong performance in sev-
eral languages. It is not an MT model but a
generalistic LLM; however, we can use it for
translation with the appropriate prompt.

3.2.3 Image generation

To generate the final image, we have made use of
the AnyText model (Tuo et al., 2023). It is a dif-
fusion transformer (Nguyen-Tri et al., 2025) with
a ControlNet (Zhang et al., 2023b) specially de-
signed for image generation and editing. Based
on an original image, a mask and a prompt, it can
change the text in the masked parts of the original
image to that contained in the prompt. It allegedly
maintains the style of the text in the original image,
which is quite convenient for our task.

3.2.4 Assembly

Since our aim is to perform IIMT, each of the sys-
tems described previously must fit into a pipeline to
solve the desired task. Thus, we need to make the
outputs of some models compatible with the inputs
of others. In our work, we have identified two con-
cepts that are essential and shared across subtasks:
bounding boxes and the text they contain. Together
with the image, they completely define the task we
are working on. The former are defined by the four
points that form a rectangle around a piece of text

11huggingface.co/facebook/nllb—200—3.BB
Zhuggingface.co/ByteDance-Seed/Seed-X-PPO-7B
Bhuggingface.co/google/gemma-3-4b-it
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Figure 1: Proposed cascade approach.

in an image. Since our task is limited to horizontal
text, they are axis-aligned rectangles. The text is
stored as a common string. The bounding boxes
and text are always attached to the image in a meta-
data file. In each step, the content is modified but
the metadata structure itself remains unchanged.

As stated before and illustrated at fig. 1, our
pipeline starts with the extraction of the transcrip-
tion (OCR), its posterior translation MT and ends
with the generation of the new image. In the OCR
step, bounding boxes are extracted along with the
text they contain. Depending on the model, the
output is modified to be adapted to our four-point
format. We maintain the reading order provided by
the respective OCR model.

Thus, in the MT stage, the text of the different
boxes is aggregated and fed into the MT model.
After that, it is split again to fill each of the original
bounding boxes without explicitly aligning with
the original content.

Once the MT step is finished, the image syn-
thesis stage can start. The Anytext model needs
a mask to edit the original image. For that, over-
laps between bounding boxes are removed and the
remaining of the bounding boxes is set to black
over a white background. Furthermore, the text is
codified in the prompt format of appendix A, and
is provided along with the mask and the original
image to the Anytext model. As a result, we obtain
the edited image that now contains the translation
of the original text.

The different prompting strategies that we used
can be found at appendix A.

3.3 Evaluation

Since our approach to this problem is to split it into
several subtasks, we first need to evaluate the dif-
ferent modules. Thus, we will be able to select the
best strategies for each specific task to obtain the
optimal overall model. For that evaluation, we will
use some metrics to determine the models’ affinity
for the task. Furthermore, we will use approx-
imate randomization testing (ART) (Riezler and
Maxwell, 2005) to determine whether the result-
ing differences in the metric scores are statistically
significant.

Therefore, in this section, we will explain the
evaluation strategies followed to analyze the per-
formance of the different OCR, MT and image
generation approaches. Finally, our proposal to
evaluate the aggregated model will be described.

3.3.1 Optical character recognition

The first step in our approach is to obtain the tran-
script of the input image while preserving part of
the layout. Precisely, we evaluate the similarity
of the transcript with respect to the reference and
the location of the bounding boxes. For that, we
use Word Error Rate (WER), bag-of-words WER
(bWER) and intersection over union (IOU):

WER (Morris et al., 2004): it is obtained from
the Levenshtein or edit distance from the tran-
script to the reference at the word level.

bWER (Vidal et al., 2023): computes WER in a
bag-of-words manner instead of an ordered
list of words.
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Model English German

WER () BWER({) IOU (1) | WER({) DbWER{) IOU (1)
EasyOCR 15.8 12.0f 61.7 8.5 7.0 65.5
TrOCR 13.8 13.31 59.1 16.7 16.5 56.9
DeepSeek-OCR 40.1 40.1 67.9 53.1 53.1 66.0

Table 1: Evaluation scores for the OCR modules of the pipeline. Best results are reported in bold; all of the
differences are statistically significant except the ones between scores marked with 7.

German to English

English to German

Model BLEU () TER(}) ChrF(1) | BLEU({) TER(}) ChrF (})
NLLB-200 353 605 52.9 278  69.5 50.7
Gemma 3 95.9 66.5 46.4 921.3 74.6 45.8
Seed 100 174.7 38.7 1.6 7199 19.4

Table 2: Evaluation scores for the MT modules of the pipeline. Best results are reported in bold. All of the

differences are statistically significant.

IOU (Rezatofighi et al., 2019): relation of the in-
tersection with the union of the bounding box
hypothesized and its reference. Used to evalu-
ate text detection.

As the first step in the pipeline, it is vital that these
models perform as well as possible. Otherwise, the
errors will spread and it will be difficult to correct
them in subsequent steps.

3.3.2 Machine translation

In the second step, the transcript should be trans-
lated into the target language. Otherwise, the final
image would contain text in the original language.
Furthermore, the translation model can correct any
recognition errors from the previous step. To mea-
sure the performance of MT models, we use bilin-
gual evaluation understudy (BLEU), translation
error rate (TER) and F-score based on character
n-grams (chrF):

BLEU (Papineni et al., 2002): based on the com-
putation of the average of the modified n-gram
precision. It is also normalized by a brevity
factor that penalizes short sentence results.

TER (Snover et al., 2006): score computed by
summing the number of word edit operations
(insertion, substitution, deletion and swap-
ping). It is normalized by the number of words
in the reference.

ChrF (Popovié, 2015): metric that applies statis-
tics after the common F-score to assess the
similarity between sentences using n-grams.

We have used the implementation of Sacrebleu'*
(Post, 2018) to compute these metrics as it is a
renowned standard.

3.3.3 Image generation

The last step is the generation of an image with
the new translated text. Ideally, it will look exactly
like the original image, with the only difference
being the text it contains. Even the text should
use the same format and occupy a similar space
in the image. To measure the similarity of the
generated image with the reference, we will use two
widely used metrics in computer vision: Fréchet
inception distance (FID) and structural similarity
index (SSIM).

FID (Heusel et al., 2017): it compares the distri-
bution of features extracted from generated
images to those from real images by calculat-
ing the Fréchet distance between the means
and covariances of these feature sets.

SSIM (Wang et al., 2004): it compares luminance,
contrast, and structural information between
the generated image and the reference. It mea-
sures how well the structural information of
the original image is preserved in the gener-
ated sample. Its values range from —1 (inverse
correlation) to 1 (perfect similarity).

In addition, the evaluation of this last step will re-
quire more human supervision for qualitative anal-
ysis. In the end, the results of the cascade should

Mgithub.com/MorinoseiMorizo/sacreBLEU
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German to English

Model OCR MT Image generation

bWER (|) 10U (1) | BLEU (1) TER(}) | SSIM () FID ()
EasyOCR 700 65.5 — — — —
NLLB-200 — — 35.3 60.5 — —
AnyText — — — — 46.1 1204
Cascade 7.0 65.5 32.8 63.2 38.3 1478

Table 3: Analysis of the error propagation in the system with respect to the predictions of each of the modules
separately for the German to English task. Best results are reported in bold; all of the differences are statistically
significant except the ones between scores marked with 7.

English to German

Model OCR MT Image generation

bWER (|) IOU (1) | BLEU (1) TER(}) | SSIM () FID ()
EasyOCR 12.0f  61.7f - - — —
NLLB-200 — — 27.8 69.5 — —
AnyText - — - — 47.6" 113.4f
Cascade 12.07  61.7 25.5 73.7 479" 113.3

Table 4: Analysis of the error propagation in the system with respect to the predictions of each of the modules
separately for the English to German task. Best results are reported in bold; all of the differences are statistically
significant except the ones between scores marked with f.

contain the required information while also being
harmonious and pleasing to the eye.

4 Results

In this section, we will discuss the evaluation of
the predictions made by both the modules and the
cascade system over the synthetic dataset.

4.1 Optical character recognition

After the evaluation, it becomes clear that the best
text recognizer is the one offered by EasyOCR.
Scores are available at table 1. Even if its perfor-
mance in English is slightly surpassed by TrOCR,
EasyOCR is decisively superior for German. Actu-
ally, only the WER score is worse, while the bBWER
score is similar. This could imply that the differ-
ences in WER must be related to the ordering of
the recognized words. However, the text recognizer
of DeepSeek-OCR is far worse than the others due
to problems with the spacing of the words.

In contrast, the best text detector is DeepSeek-
OCR. The 10U scores from table 1 show that it is
consistently and significantly superior to the other
text recognizers that we have studied.

4.2 Machine translation

Among the MT modules, NLLB-200 is the one
with the best performance among those that we
have used. This is shown by the scores displayed at
table 2. It is superior to any other in all metrics for
both translation directions. Despite the translations
provided by Gemma 3 being readable and useful
to some extent, they are of a lower quality than
those produced by NLLB-200. The model Seed has
offered feasible translations that do not correspond
to the references. Thus, the metric computation
has penalized Seed since it is restricted to a single
reference.

4.3 Image generation

For this subtask, we have performed image editing
by replacing the original text with their translations.
We have provided the original bounding boxes and
the text of the source image to the model. As a
result, we obtained images that should be similar
to the references in our dataset. After that, we
evaluated them using SSIM and FID, obtaining the
results shown at tables 3 and 4. The scores of both
metrics are better for English text editing than for
German text editing.

However, as stated at section 3.3, this task re-
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Figure 2: Example images synthesized using the Anyfext (Tuo et al., 2023) from the intermediate references.

quires a thorough and qualitative analysis. Thus,
we observed the synthesized images and detected
five major cases, represented in fig. 2:

1. The first category corresponds to satisfactory
images. They contain legible text with a simi-
lar style and an adequately reconstructed back-
ground.

2. Sometimes, images contain legible text on a
clean background, but the lines of text are not
arranged in reading order.

3. In other images, the model has successfully
extracted the original text and reconstructed
their backgrounds. However, it fails to write
the new text, generating a cumulus of unread-
able script-like symbols. Sometimes, it writes
actual characters from a random alphabet.

4. For some other images, the model behaves
in the opposite manner: it produces legible
text but cannot manage to reproduce the back-
ground without artefacts. The most common
artefacts take the shape of a frame over the
text.

5. Finally, the model hallucinates for some im-
ages, generating content that is irrelevant to
the original image. Nevertheless, this is the

rarest case, and we have detected it only a few
times.

4.4 Cascade system

After applying the cascade model and evaluating
the intermediate results, we can state that the cas-
cade of models suffers from some error propaga-
tion. The scores are presented at tables 3 and 4.
Intermediate translations are of lower quality than
those obtained from the references for both trans-
lation directions. For the German to English direc-
tion, the error continues to propagate to the last step
of the pipeline. The similarity between the images
synthesized with the pipeline and the reference is
significantly lower than that of the experiment of
section 4.3. Nevertheless, in the opposite direction,
the results of the pipeline are very similar to those
of the aforementioned experiment.

Analyzing the synthesized images, we have ob-
served the same phenomena as in section 4.3 as we
show in fig. 3. The cases described in that section
are inherited by the cascade model from the Any-
text module. Additionally, the text in those images
can be slightly different, but they are usually feasi-
ble translations when legible. However, the main
difference is that, due to error propagation, there
are more images with artifacts or unreadable text
than in the experiment of section 4.3.
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Figure 3: Example images synthesized using our cascade of models approach.

Other current state-of-the-art models have been
tested on our dataset, such as Translatotron. The
model of Lan et al. (2024) is an end-to-end ap-
proach that aims to reduce the model’s size and
avoid error propagation. Compared with our cas-
cade approach in table 5, both seem to perform at a
similar level. Taking into account the SSIM score
in section 2, our approach preserves more similar-
ity with the original image. Furthermore, the text
is more precisely placed in the produced images
as the IOU scores of their text state. However, this
score along with bWER have been obtained from
transcripts of the images produced by the models.
As a result, those scores might include some ad-
ditional error from the OCR model, reporting a
more pessimistic result. The bWER scores for both
systems are characteristic of poor performance.

The images generated by Translatotron-V are
often empty of text. The model successfully re-
moves the original text, but struggles to generate
the new one. This lack of text is probably what
heavily penalizes its IOU score. In the images that
we have studied, we have detected a majority of
empty images but also some correctly translated
images. This phenomenon, along with the results
reported by Lan et al. (2024) in their work, inclines
us to think that the model might be over-fitted to

its original task.

Model FID 10U DbWER
Translatotron-V | 133.3 1.8 104.6
Cascade 113.3 24.4 112.2

Table 5: Comparison with Translatotron-V (Lan et al.,
2024) on the English to German task. All scores are
computed from the images produced by both models.
The bounding boxes to compute IOU were obtained with
the DeepSeek-OCR model (Wei et al., 2025). The tran-
scripts for bBWER and BLEU computation were obtained
with the EasyOCR library. Best results are reported in
bold; all of the differences are statistically significant.

5 Conclusions

This work presented a preliminary modular frame-
work for IIMT, which addresses the absence of
suitable datasets through the creation of a con-
trolled synthetic benchmark for English—-German
text. By decomposing [IMT into OCR, MT, and
image synthesis, we evaluated state-of-the-art pre-
trained models in isolation and in combination,
allowing us to analyze their interactions and the
propagation of errors across the pipeline.

Despite error propagation, the proposed cascade
demonstrated performance comparable to the end-
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to-end Translatotron-V baseline, particularly in lay-
out preservation and structural similarity. This sug-
gests that modular approaches remain viable, es-
pecially when leveraging high-quality pre-trained
components.

Future work should focus on improving text-
aware image generation and developing evaluation
metrics that better capture textual fidelity, typo-
graphic consistency, and perceptual similarity. Ex-
panding beyond simple synthetic scenes toward
more realistic image conditions will be essential for
assessing generalizability. Furthermore, as newer,
more powerful models are developed, it will be
necessary to integrate them into the pipeline and
assess their performance. In general, this study es-
tablishes a transparent baseline for modular IIMT
and provides the foundation for more robust hybrid
or end-to-end systems.

Limitations

As the title of our article states, our research is
limited to a preliminary approach to a complete
IIMT system. Thus, our proposal has room for
improvement and we intend to iterate through it to
achieve better performance. In fact, we have used
the modules of the pipeline “as they are” without
any adjustments to the task, other than the prompts.
We would like to experiment with some model
tuning to improve performance.

Our task has been limited to images that contain
horizontal text with a plain background. Seeing that
the font style and size, the background color and
the text location were mutable; any other variable
has remained constant. In further iterations, we
plan to expand this test set with a more challenging
environment.

Finally, the evaluation of the generated images
is still experimental. It is not clear how to auto-
matically evaluate the similarity of text styles yet.
Despite FID and SSIM metrics being standard in
general image evaluation, the fact that our task is
text-oriented should imply a greater importance of
the similarity of text style and its location in the
image. Therefore, the development of a complete
evaluation strategy is one of our future steps.
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A Prompting

Below, the reader can find the prompting strategies
used for each model that required it:

A.1 DeepSeek-OCR

As the authors from Wei et al. (2025) instruct, this
model must be conditioned to generate transcripts,
and different prompts work better depending on
the type of images. For our work, we have used
the most appropriate prompt that they advised for
scene text recognition:

<image>
<|grounding|>0CR this image.

A2 Gemma3

This model is a multimodal generative LLM that
must be conditioned by the prompt to solve each
task presented to it. Thus, we have codified the
following instruction for it to translate:

Translate the following <English/German>

text to <English/German> without further
comments:
<sentence>

Languages are inverted depending on the transla-
tion direction.

A.3 Seed

This translation model needs to be conditioned in
the prompt to perform the task. It can also be
instructed to explain the translation, aiming for
better quality. This chain of thought can be easily
erased from the model’s output. Below, we present
the prompt that we have used:

Translate the following <English/German>

text to <English/German> and explain it
in detail:
<sentence>

Languages are inverted depending on the transla-
tion direction.

A4 AnyText

Finally, the image generation diffusion model we
used also needs some prompting. One needs to
introduce the text that will be displayed between
double quotation marks. For example, in a text
with IV lines:
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A poster that reads:
Line 1: "<text1>"
Line 2: "<text2>"

Line N: "<textN>"



