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Abstract

Rapid advancements in Visual Language Mod-
els (VLMs) have transformed multimodal un-
derstanding but are often constrained by gen-
erating English responses regardless of the
input language. This phenomenon has been
termed as Image-induced Fidelity Loss (IFL)
and stems from limited multimodal multilin-
gual training data. To address this, we propose
a continuous multilingual integration strategy
that injects text-only multilingual data during
visual instruction tuning, preserving the lan-
guage model’s original multilingual capabili-
ties. Extensive evaluations demonstrate that
our approach significantly improves linguistic
fidelity across languages without degradation
in visual performance. We also explore model
merging, which improves language fidelity but
comes at the cost of visual performance. In
contrast, our core method achieves robust mul-
tilingual alignment without trade-offs, offering
a scalable and effective path to mitigating IFL
for global VLM adoption.

1 Introduction

Large Language Models (LLMs) have significantly
advanced multimodal understanding, leading to the
rise of VLMs, which integrate vision encoders into
LLM backbones. A widely adopted paradigm is
the LLaVA-style architecture (Liu et al., 2023b,
2024a), where a decoder-only LLM is coupled with
a vision encoder and an adapter module to align
visual representations with textual embeddings.

Despite their success, VLMs exhibit a strong
bias toward English due to the predominance
of monolingual vision-language training data.
Consequently, they often generate English re-
sponses regardless of the input language, a phe-
nomenon termed Image-induced Fidelity Loss (or
IFL) (Hinck et al., 2024). This issue stems from
limitations in the underlying LLM rather than the
visual representations.

BM
== TR
TR+M

Figure 1: Language Fidelity (LF) accuracy on
Crossmodal-3600. (BM: Base Model, TR: model
trained with multilingual Textual Regularization,
TR+M: TR and merging the final model with the origi-
nal LLLM Backbone)

Ensuring multilingual capability in VLMs is es-
sential for their adoption across diverse linguistic
communities, as reliance on English-centric out-
puts risk erasing cultural and linguistic nuances.
Prior work (Qiu et al., 2022; Li et al., 2023b) has
explored dataset translation, but this approach in-
curs high computational costs and introduces trans-
lation errors, especially in images with language-
dependent elements.

In this paper, we propose an alternative solution
by integrating multilingual text-only data during
the visual instruction tuning process. Addition-
ally, we explore model merging, combining the
visually fine-tuned model with the original mul-
tilingual backbone LLM to further preserve lin-
guistic fidelity. As shown in Figure 1, our method
effectively prevents the model from defaulting to
English in non-English queries. To the best of our
knowledge, no previous work has achieved full
multilingual competence in VLMs through such a
simple and scalable approach.
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Our contributions are as follows:

* We systematically demonstrate that integrat-
ing multilingual text-only data during training
significantly reduces IFL bias in LLaVA-style
VLMs while maintaining core capabilities.

* We conduct an extensive analysis on the opti-
mal proportion of text-only data required for
effective multilingual adaptation.

* We explore a model merging strategy, combin-
ing the visually fine-tuned model with the orig-
inal multilingual backbone LLM, and assess
its impact on preserving linguistic fidelity.

Our findings suggest that we can develop high-
quality multilingual VLMs that maintain strong
performance across multiple languages in a sim-
ple and scalable way. By avoiding the need to
translate or construct multimodal datasets for each
language, our approach lowers the entry barrier for
multilingual VLM development. This makes it es-
pecially attractive for low-resource settings, where
monolingual text is often available but collecting
vision-language data is costly or impractical.

2 Related Work

2.1 Multimodal Large Language Models

VLMs typically integrate an image encoder, usu-
ally CLIP (Radford et al., 2021; Dosovitskiy et al.,
2021), with an LLM backbone. Various strate-
gies exist for combining these components. The
predominant approach follows a decoder-only ar-
chitecture, as seen in the LLaVA series, where an
adapter module projects visual representations into
the textual embedding space. Other methods in-
clude cross-attention mechanisms (Grattafiori et al.,
2024), and some models, like NVLM (Dai et al.,
2024), adopt a hybrid strategy combining both ap-
proaches.

LLaVA-style models tend to default to English
due to the scarcity of multimodal training data in
other languages (Hinck et al., 2024). This issue
arises because the LLM’s parameters are updated
for a distinct task, which can disrupt its original
language capabilities. Llama 3 (Grattafiori et al.,
2024) takes a different approach by freezing the
LLM during training, which helps preserve its pre-
trained abilities while incorporating visual infor-
mation. However, freezing the LLM also limits the

model’s capacity to learn new visual tasks, creat-
ing a trade-off between language preservation and
multimodal learning.

2.2 Multilingual Multimodal Learning

A widely adopted approach to improving multilin-
guality in VLMs is translating existing multimodal
datasets. Several works (Song et al., 2024; Hu
et al., 2024) have analyzed this strategy and pro-
posed methods to enhance its effectiveness. Several
models, such as PALI (Chen et al., 2023), PALI-
X (Chen et al., 2024d), mBLIP (Geigle et al., 2024),
PALO (Maaz et al., 2024) and Pangea (Yue et al.,
2025), have pursued this approach. However, this
strategy presents challenges, including computa-
tional overhead, translation inconsistencies, and
the loss of cultural context in visual-text pairs.

Moreover, recent research (Aggarwal et al.,
2024) suggests that continual fine-tuning can harm
an LLM’s performance. When a model undergoes
two consecutive fine-tuning phases with differing
task distributions, its ability to perform earlier tasks
deteriorates. This raises concerns that direct fine-
tuning solely on translated multimodal data may
degrade the LLM’s original capabilities.

2.3 Catastrophic Forgetting Prevention

In the context of LLMs, the problem of maintaining
performance across tasks while integrating new in-
formation is known as lifelong learning. This field
focuses on a system’s ability to acquire, integrate,
and retain knowledge without catastrophically for-
getting previous information. Visual Instruction
Tuning is a case of lifelong learning, and it faces
the same challenges. One known mitigation strat-
egy is episodic or experience replay (Zheng et al.,
2025), which helps prevent catastrophic forgetting
by reintroducing previously learned information.

Several studies (Liu et al., 2022; Ibrahim et al.,
2024) have explored ways to incorporate pretrain-
ing data during fine-tuning. Bethune et al. (2025)
further analyze the impact of this approach and
suggest that even a small amount of pretraining
data can help retain previously learned knowledge,
reducing the risk of performance degradation.

In the case of VLMs, NVLM (Dai et al., 2024)
and InternVL 2.5 (Chen et al., 2024¢) demonstrate
that incorporating high-quality text-only data dur-
ing Visual Instruction Tuning, not only improves
the overall text-generation capabilities, but also
multimodal performance. Our approach builds
upon these findings by integrating multilingual text-
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only data throughout VLM training to mitigate IFL,
without requiring extensive multimodal multilin-
gual data collection.

2.4 Model Merging

Model merging is a technique that involves com-
bining two or more pre-trained models to create
a new model that leverages the strengths of each.
By merging a fine-tuned model with its original
backbone, this process preserves the model’s prior
capabilities while incorporating additional refine-
ments from further training. This strategy has been
applied in various contexts, such as language trans-
fer, where Alexandrov et al. (2024) demonstrate
that model merging facilitates fine-tuning for new
linguistic capabilities without compromising the
performance of the original LLM.

Building on this insight, we explore model merg-
ing as a means of preserving the multilingual com-
petencies of a VLM during the visual fine-tuning
process. We adopt the same model merging strat-
egy as Aya Vision (Dash et al., 2025), which has
shown strong empirical results, and combine it with
our multilingual textual regularization strategy.

3 Experimental Setup

3.1 Data

Our training framework combines multimodal
visual-language data from LLaVA-OneVision (Li
et al., 2025) with multilingual text-only instruc-
tion data from the Salamandra family of mod-
els (Gonzalez-Agirre et al., 2025). This hybrid ap-
proach ensures robust visual understanding while
addressing IFL through explicit multilingual text
supervision. All datasets are documented in Ap-
pendix A.

Visual Data We employ LLaVA-OneVision’s
English-only visual pipeline, consisting of a to-
tal number of 9,286,732, which is divided into two
main groups:

* General and Detailed Image Captions: This
dataset comprises both basic and highly de-
tailed image captions. The basic captions
align the visual embedding space with the
LLM’s embedding space, while the detailed
captions refine the mapping between the two
providing a high-quality understanding of the
images. This group comprises 4.4 unique
instances.

» Task-Specific, Multi-Image, and Video
Data: This dataset is used to instruct the
aligned model on specific tasks, including
Optical Character Recognition (OCR), info-
graphic understanding, and math & reasoning.
Additionally, multi-image and video data are
incorporated to enhance the model’s ability
to interpret diverse visual inputs. This group
comprises 4.9M unique instances.

Multilingual Text-Only Data To further en-
hance the model’s multilingual proficiency, we in-
corporate 315,496 text-only samples drawn from 11
diverse datasets covering domains such as general
language tasks, multilingual instructions, conver-
sational QA, and code annotations. These sources
include human-annotated datasets (Rajani et al.,
2023), multilingual instruction collections (Singh
et al., 2024; Costa-jussa et al., 2024) and conver-
sational data (Conover et al., 2023; Kopf et al.,
2023).

Notably, the text-only samples cover 21 of the
35 languages used in training Salamandra, ensuring
extensive linguistic representation. A significant
portion of this dataset is machine-translation data.

Although most of the text-only data is in English,
matching the language of the visual data, its inclu-
sion remains important. This alignment reinforces
the model’s linguistic foundation and facilitates the
integration of multilingual supervision, ultimately
ensuring balanced performance across modalities.
The final distribution of languages in the text-only
data, complementing LLaVA-OneVision’s training
data, is shown in Figure 2.

Evaluation Data For evaluation, we use
both monolingual and multilingual multimodal
datasets. To assess visual performance, we
include AI2D (Kembhavi et al., 2016), which
tests understanding of diagram-based questions;
RealWorldQA'!, a real-world image dataset
with open-ended and multiple-choice questions;
MMMU (Yue et al., 2024), a diverse multimodal
reasoning benchmark; and MMStar (Chen et al.,
2024b), which aggregates vision-language tasks for
broad multimodal evaluation.

The first two benchmarks primarily assess the
exact match accuracy, quantifying the proportion of
responses that exactly match the predefined ground
truth. These targets are typically short-form text

1https://huggingface.co/datasets/visheratin/
realworldga
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Figure 2: Distribution of the multilingual text-only data
used for Textual Regularization. Languages with a vol-
ume smaller than 3% are grouped under Others, which
collectively account for 5.5% of the data. The most
frequent languages in this group are Portuguese (2.1%),
Italian (0.7%), Polish (0.47%), Swedish (0.42%), Irish
(0.39%), Lithuanian (0.29%), Galician (0.22%), Greek
(0.20%), and Ukrainian (0.17%).

or multiple-choice answers. On the other hand,
MMMU and MMStar are classification tasks that
are measured using accuracy.

For multilingual multimodal performance, we
have selected Crossmodal-3600 (Thapliyal et al.,
2022), a geographically diverse multilingual mul-
timodal dataset for image captioning. It is particu-
larly well-suited for our experiments as it covers the
highest number of overlapping languages with Sala-
mandra while allowing for image captioning with
multiple reference targets per instance. The dataset
comprises approximately 3,600 samples in 36 lan-
guages, from which we evaluate on German (De),
Russian (Ru), Spanish (Es), Dutch (Du), French
(Fr), and English (En). Appendix C discusses the
prompts used for caption generation during evalua-
tion and the rationale behind their selection.

3.2 Model Framework

Our implementation also follows the LLaVA-
OneVision framework 2, adapted for enhanced mul-
tilingual capabilities. The architecture consists of
three main components: SiglIP-S0400M 3 (Zhai
et al.,, 2023) as the visual encoder, a 2-layer
MLP projection module (with GELU activation
functions (Hendrycks and Gimpel, 2016)), and

2https://github.com/LLaVA—VL/LLaVA—NeXT
3https://huggingface.co/google/
siglip-so400m-patch14-384

Salamandra-7b-instruct * (Gonzalez-Agirre
et al., 2025) as the backbone LLM. Salamandra
has been chosen for its high multilinguality, as it
has been trained with 35 European languages.

We also adopt LLaVA-OneVision’s curricu-
lum learning training strategy, which progresses
through four distinct stages:

» Stage 1 (Language-Image Alignment): In
this initial phase, only the MLP projector is
trained, while both the visual encoder and
LLM remain frozen. General image captions
are employed to establish basic cross-modal
connections.

Stage 1.5 (Full Model Training): At this
stage, all model components are unfrozen to
enable end-to-end training. A high-quality
set of detailed image captions is used in con-
junction with an increased image resolution
to enhance visual detail processing.

Stage 2 (Single-Image Instruction Tuning):
Once the model has achieved a deep under-
standing of images, it is fine-tuned for a di-
verse set of visual tasks. The image resolution
is further increased to support fine-grained
visual analysis.

Stage 2.5 (Multi-Image and Video Train-
ing): In the final stage, multi-image and
video data are incorporated to enable reason-
ing across multiple visual inputs. Addition-
ally, single-image data from the previous stage
is also utilized.

The key innovation in our approach lies in the
strategic injection of multilingual text-only data
throughout these training stages detailed in §3.4.
After the Visual Instruction Tuning, the model is
merged with the baseline LLM weights using linear
interpolation.

3.3 Maetrics

To evaluate language fidelity and consistency, we
employ a common metric established in prior mul-
tilingual multimodal evaluation work (Hinck et al.,
2024; Schneider and Sitaram, 2024):

Language Fidelity We use GlotLID (Kargaran
et al., 2023) to obtain the accuracy of whether
the language of the generated captions over

4https://huggingface.co/BSC—LT/
salamandra-7b-instruct
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Crossmodal-3600 images is the same as the user
prompt °. We named this metric LF, and we ob-
served that, in many cases, it considered as cor-
rect samples that had single words in English, or
with minor code-switching errors. To address
this issue, we extend this metric (LF+) by us-
ing L1ama-3.1-8B-Instruct® (Grattafiori et al.,
2024) as an LLM-as-a-judge, evaluating if the sam-
ples already classified by GlotLID are entirely in
the same language or not. Nevertheless, due to a
majority voting strategy in its implementation (see
Appendix B), the LL.M-as-a-judge does not work
perfectly, as it sometimes misclassifies correct sam-
ples as non-consistent in language. For this reason,
this metric can be interpreted as a statistical lower
bound of language fidelity.

Visual Performance To evaluate visual per-
formance, we use the English-only multimodal
benchmarks detailed in Section 3.1: AI2D, Re-
alWorldQA, MMMU, and MMStar. AI2D and Re-
alWorldQA are evaluated using exact match accu-
racy, measuring the proportion of responses identi-
cal to ground-truth answers (typically short text or
multiple-choice). MMMU and MMStar, however,
are treated as classification tasks and evaluated via
accuracy.

To evaluate multilingual multimodal perfor-
mance, we also use the same approach used in
Hinck et al. (2024); Schneider and Sitaram (2024),
and evaluate the captioning quality across different
languages with chrF++ (Popovié, 2016, 2017) over
Crossmodal-3600 samples.

Further discussion on metric selection can be
found in Appendix D.

3.4 Experiments

We focus on testing different text-only integration
strategies, analyzing the influence of data quantity,
examining generalization capabilities on languages
not contained during textual regularization, and
assessing the effect of model merging on overall
performance. To be able to quantify the results
obtained with these experiments, we also trained a
baseline model (BM) by only conducting the Visual
Instruction Tuning, without textual regularization.

3Crossmodal-3600 does not include a predefined reference
generation prompt. For completeness, we present and explain
the employed prompt in Appendix C.

6https ://huggingface.co/meta-1lama/Llama-3.
1-8B-Instruct

Multilingual Data Integration Strategies We
explore three distinct strategies for incorporating
the text-only multilingual data (315,496 instances)
during the visual instruction tuning process:

* Textual Regularization across Three Stages
(TR-3S): Multilingual text data was dis-
tributed proportionally across the final three
training stages (1.5, 2, and 2.5).

* Textual Regularization across Two Stages
(TR-2S): Multilingual text data was integrated
proportionally only in the last two stages (2
and 2.5).

* Textual Regularization at a Single Stage
(TR-1S): Multilingual text data was added
exclusively during the final stage (2.5).

Multilingual Generalization Capabilities To in-
vestigate whether regularization with multilingual
text data extends to languages not explicitly seen
during training, we train a variant of the TR-3S
model where German was excluded from the mul-
tilingual text dataset. This experiment allows us to
evaluate the model’s generalization ability to new
languages.

Influence of Data Balance We vary the propor-
tion of multilingual text data used for regulariza-
tion alongside visual-text pairs. Starting from the
text-only, multilingual instruction-tuning subset of
315k text-only instances, we inject this data follow-
ing the TR-3S approach. Across these three stages,
the total number of visual-text pairs is ~ 9M, of
which the 315k text-only examples account for ap-
proximately 3.7% of the entire set. We denote 2z,
0.5z, and 0.25z as using twice, half, and one quar-
ter of the amount of text-only data, respectively,
where x corresponds to the original dataset used in
the TR-3S configuration.

Model Merging To explore the potential of
further enhancing the multilingual capabilities of
our best-performing model (TR-3S), we apply
model merging. To do so, we perform a linear
interpolation between the weights of the visually
instructed model with those of the backbone LLM,
maintaining the encoder and MLP layers. This
allows us to evaluate whether model merging could
combine the model’s visual understanding capabili-
ties with the language fidelity of the original model.

As explained in §3.3, we evaluate multimodal
performance on a suite of English benchmarks and

303


https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct

extend it to multiple languages evaluating chrF++
on Crossmodal-3600. Moreover, we use LF to
assess IFL and further analyze its bounds with LF+.

3.5 Implementation Details

Our experiments were conducted on custom
NVIDIA H100 GPUs, each with 64GB of memory.
We trained each model for 6 days in a distributed
setup with 8 nodes, each containing 4 GPUs, to-
taling 32 GPUs per experiment. As we trained 8
models (excluding the merged model, which did
not require separate training), the total compute
usage amounted to 36,864 GPU hours.

For evaluation, we assessed 9 models across 6
languages, with each requiring one node for 24
hours, resulting in 5,184 GPU hours.

The training hyperparameters were largely based
on those used in LLaVA-OneVision and Salaman-
dra’s Instruction Tuning, ensuring consistency with
prior work. Further details on the training process,
including specific hyperparameters and configura-
tions, can be found in Appendix E.

4 Results

This section presents the outcomes of our exper-
imental investigation into the effectiveness of in-
corporating multilingual text-only data during the
visual instruction tuning process for reducing IFL
in VLMs.

4.1 Quantifying the Baseline English Bias

To better understand the starting point of our in-
vestigation, we first evaluated the baseline model
(BM), trained exclusively on English visual instruc-
tion data. As anticipated, this model exhibits a
pronounced English-centric behavior, responding
predominantly in English even when prompted in
other languages. This confirms the strong presence
of IFL and underscores the necessity of multilin-
gual regularization.

As shown in Table 1, the model demonstrates
a very limited capacity to generate non-English
responses. Languages such as German and Spanish,
for example, show particularly low consistency,
often defaulting back to English. This behavior
reveals how the training process strongly anchors
the model to English due to the lack of multilingual
signals.

Interpreting these results in context, the baseline
model’s bias highlights a fundamental limitation of
current VLM training pipelines, where even models

based on multilingual backbones revert to English
if not explicitly trained with multilingual supervi-
sion.

4.2 TImpact of Multilingual Text-Only Data
Integration Strategies

The results presented in Table 1 clearly demonstrate
that integrating multilingual text-only data substan-
tially mitigates English bias across all evaluated
strategies. Notably, proportional integration across
the final three training stages (TR-3S) consistently
achieves superior LF scores for most non-English
languages. This suggests that continuous expo-
sure to multilingual text throughout training stages
is most effective in maintaining linguistic fidelity.
The strategy of introducing multilingual data ex-
clusively in the final stage (TR-1S) yields the least
improvement, indicating that delaying multilingual
exposure is insufficient to counteract the English
bias ingrained during earlier training phases. The
stronger performance of TR-3S can be attributed
to its role as a continual regularizer. By more ex-
tensively interleaving multilingual text-only data,
the model consistently reinforces its multilingual
representations, thus more effectively preserving
previously acquired language capabilities and re-
ducing IFL.

Lang. BM TR-3S TR-2S TR-1S
De 2.7 88.7 81.3 24.5
Es 4.4 92.9 65.4 384
Fr 12.2 85.7 74.9 29.9
N1 5.6 91.8 91.3 49.2
Ru 3.8 52.9 24.8 50.9
En 100.0 100.0 100.0 100.0

Table 1: LF accuracy for different integration strategies.
The best results are shown in bold.

4.3 Evaluating Multilingual Generalization
Capabilities

We obtained a LF scores of 5.4% for German in
this scenario. While these results are slightly above
the English-biased baseline (2.7% LF), the perfor-
mance remains very limited. This suggests that
the multilingual regularization approach, in the ab-
sence of explicit exposure to the target language,
does not meaningfully help mitigate IFL. In other
words, the model struggles to generalize to unseen
languages, and explicit inclusion during training

304



appears necessary for achieving satisfactory multi-
lingual fidelity.
4.4 Analyzing the Influence of Data Quantity

The LF score for these variations are presented on
Table 2.

Lang. 0.25z 0.5z T 2z
De 850 889 887 733
Es 919 924 929 764
Fr 88.6 835 857 695
N1 69.8 96.0 91.8 935
Ru 915 819 529 933

Table 2: LF accuracy under varying quantities of text-
only to visual data. All this variants are trained with the
TR-3S approach. The best results are shown in bold.

The results demonstrate a complex relationship
between the text-only to visual data quantity and
language fidelity, making straightforward inter-
pretation challenging. Increasing the quantity by
changing the configuration from 0.25z to 0.5z gen-
erally improves LF scores for most languages, sug-
gesting a positive impact of increased text-only data
within this range. However, further increasing the
relative quantity of text-only data switching to the
2x configuration (=~7% of the total data) does not
consistently yield better results and, in some cases,
significantly reduces performance, particularly for
German, Spanish, and French.

Notably, none of the tested variations drastically
degrade LF across all languages compared to the
baseline = configuration (3.7% of text-only data
from the total amount). This indicates that while
the optimal text-only data ratio requires careful con-
sideration, moderate variations around the original
amount do not necessarily lead to a substantial loss
in language fidelity.

4.5 Evaluating the Effect of Model Merging

TR-3S (%) TR-3S +M (%)
De 88.7 94.1
Es 92.9 96.4
Fr 85.7 95.5
NI 91.8 96.1
Ru 52.9 92.4

Table 3: LF score on multiple languages before (TR-3S)
and after (TR-3S + M) model merging. The best results
are shown in bold.
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Figure 3: Interval Plot contrasting LF (upper bars)
vs. LF+ (lower bars) across languages of our best-
performing models.

The results presented in Table 3 demonstrate a
clear positive impact of model merging on language
fidelity (LF). On average, LF improved by over
12.5 points across the five languages (5.75 points
removing Russian). This improvement is consistent
across all evaluated languages, indicating a robust
effect of the merging strategy in enhancing mul-
tilingual fidelity, rather than a language-specific
anomaly. Importantly, this analysis focuses solely
on language fidelity. The impact of model merg-
ing on other VLM capabilities will be discussed in
§4.7. These findings support the hypothesis that
model merging can be a valuable tool in mitigating
IFL.

4.6 Bounding IFL

Figure 3 represents the upper (LF) and lower
bounds (LF+) of IFL of our best-performing mod-
els. As it can be seen, in most languages we can
observe a span of approximately 10% or less, ex-
cept for De and Ru, which is around 20%. We
attribute this difference to the lower performance
of the LLM-as-a-judge on these languages (detailed
in Appendix B). Nonetheless, it is important to note
that this is not a statistical representation, so the
interval width is not significant in terms of perfor-
mance.

The results confirm the validity of our method, as
all the lower bounds (excluding TR-3S on Russian)
surpass the 65% accuracy.

4.7 Impact on General Tasks Performance

Our analysis shown in Table 4 reveals that the
models trained with our proposed regularization
techniques, specifically those utilizing proportional
multilingual text-only data integration, generally
maintain or slightly improve performance on stan-
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Model

AI2D EM RealWorldQA EM

MMMU 4. (val) MMStar 4., (avg)

BM 73.96 56.99
TR-3S 75.39 54.25
TR-3S + M 57.19 52.03

34.22 47.33
33.56 48.87
34.11 42.25

Table 4: Performance on general VLM benchmarks (only in English). All scores are reported on a 0—100 scale. The

best results are shown in bold.

dard VLM benchmarks compared to the baseline
English-centric model (BM). For instance, the TR-
3S model, which incorporates text-only data across
three training stages, exhibits an increase in AI2D
and MMStar scores. This demonstrates that our
method effectively mitigates IFL without sacrific-
ing the model’s core visual-language understanding
capabilities. The strategic injection of multilingual
text-only data appears to reinforce the LLM’s in-
herent multilingual abilities without disrupting its
ability to process and understand visual informa-
tion.

The evaluation using the chrF++ metric, which
measures the quality of text generation by com-
paring character n-grams, further supports the ef-
fectiveness of our multilingual regularization tech-
niques. As shown in Table 5, the TR-3S model
demonstrates improved chrF++ scores across all
non-English languages compared to the baseline
(BM). For instance, German improves from 15.0 to
20.4, and Spanish from 19.1 to 23.7. This indicates
that the model not only maintains language fidelity
but also generates more accurate and coherent text
in multilingual settings.

Model De Ru Es N1 Fr En
BM 150 99 19.1 162 181 275
TR-3S 204 125 237 220 228 282

TR-3S+M 16.1 105 216 147 185 255

Table 5: Performance on Crossmodal-3600 by language
(chrF++). The best results are shown in bold.

However, a notable observation is the perfor-
mance degradation observed in the merged model.
Despite achieving substantial improvements in mul-
tilingual fidelity, the TR-3S M model shows a sig-
nificant decrease in performance on benchmarks
such as AI2D. This decline suggests a potential
trade-off between enhanced multilingual capabili-
ties and general task performance when employing
model merging techniques. We hypothesize that
the merging process, while beneficial for consoli-
dating multilingual knowledge, may introduce con-

flicts or misalignments in the model’s learned vi-
sual representations. We further investigated alter-
native merging methods, including spherical linear
interpolation (slerp) and both asymmetric weight-
ings that favor the original backbone (75-25) and
the visually instructed model (25-75). These vari-
ants, detailed in Appendix F, confirm the trade-offs
between language fidelity and multimodal perfor-
mance, without revealing a universally superior
configuration.

Examples of the generation with the TR-3S
model can be found in Appendix G.

5 Conclusion

We addressed the challenge of Image-induced Fi-
delity Loss in VLMs, where models trained on pre-
dominantly English data tend to default to English
responses. Our approach integrates multilingual
text-only data into the visual instruction tuning pro-
cess, preserving the multilingual abilities of the
underlying language model.

Experiments show that proportional multilingual
integration (TR-3S) significantly reduces English
bias while maintaining core multimodal capabili-
ties. We also analyzed data quantity effects, finding
that moderate variations in text-to-visual data ra-
tios do not compromise fidelity, though explicit
inclusion of target languages remains necessary.
Additionally, we introduced a model merging strat-
egy that further improves language fidelity, albeit
with some trade-offs in general task performance,
highlighting the need for balance in practical appli-
cations.

Overall, our findings demonstrate that multilin-
gual textual regularization is a simple and scalable
solution to enhance VLM multilingual competence
without large multimodal multilingual datasets.
This paves the way for future research on optimiz-
ing data integration and refining model merging
techniques to balance fidelity and overall perfor-
mance.
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Limitations

Language Coverage

While our approach improves multilingual align-
ment through text-only supervision, the language
coverage remains predominantly European. This
raises concerns about the model’s ability to gen-
eralize to typologically diverse languages, partic-
ularly those with non-Latin scripts (e.g., Arabic,
Hindi, Chinese). Future work should explore the
integration of a wider array of language families
and scripts to validate and expand the method’s
applicability.

Metric Reliability

The fidelity metric (GlotLID and LF+) relies on
automatic tools and heuristic judgments, including
LLM-as-a-judge assessments that exhibit sensitiv-
ity to code-switching and short prompts. Despite ef-
forts to address false positives, such metrics are not
infallible and may fail to fully capture semantic fi-
delity across languages. While the LLM-as-a-judge
approach provides a more flexible assessment than
rule-based classifiers, it remains inherently limited
by the evaluator model’s language coverage and
internal biases. Its judgments can vary depending
on the prompt phrasing, sampling parameters, and
the specific LLM used, which may introduce incon-
sistency across runs. Moreover, the method focuses
on surface-level language consistency rather than
deeper semantic equivalence, meaning that cap-
tions that appear linguistically correct might still
deviate in meaning from the intended reference.
Code-switching, named entities, and loanwords
further complicate the evaluation, as the model can
misinterpret these as language errors. Overall, the
LLM-as-a-judge should be regarded as an approx-
imate indicator of language fidelity rather than a
definitive measure, and we discuss these limitations
in more detail in Appendix D.

Scope of Multilingual Training

While Textual Regularization across Three Stages
(TR-3S) effectively mitigates Image-induced Fi-
delity Loss (IFL) by reinforcing Linguistic Fidelity
(LF) without sacrificing core visual performance,
our current analysis is limited to the English VLM
performance benchmarks. We hypothesize that the
textual regularization prevents degradation in multi-
lingual visual reasoning, but a complete assessment
would require multilingual multimodal benchmarks
that are currently scarce or non-standardized. The

scalability of TR-3S to models with significantly
larger parameter counts and broader language sets
remains a subject for future study.

Practical Trade-offs of Model Merging

The model merging strategy (TR-3S+M) intro-
duces a critical, non-negociable hard trade-off that
readers must acknowledge. Merging guarantees
a substantial boost in Linguistic Fidelity (LF) by
robustly anchoring the model to the original LLM
backbone (e.g., over 12.5 point average LF gain).
However, this operation simultaneously incurs a
cost of visual performance degradation due to
the introduction of representational misalignment.
This trade-off is directly controlled by the inter-
polation weighting ratio: selecting the highest LF-
favoring ratio (e.g., lerp_075) maximizes LF but
accepts the largest visual performance cost, while
the lowest ratio (e.g., lerp_025) minimizes this cost
but yields a more modest LF improvement. Users
must align this ratio, which defines the spectrum
of the trade-off, with their primary objective. We
evaluated several merging strategies and, although
merging does reliably improve LF, the accompany-
ing drop in visual performance is large enough that
we do not recommend model merging as a default
approach except for very specific applications that
explicitly prioritize language fidelity over visual
quality. Going forward, we believe the right direc-
tion is to develop methods that increase LF while
preserving or simultaneously improving visual per-
formance; pursuing such methods is important fu-
ture work for the field.

Ethical Considerations

Our research tackles key ethical issues related to
multilingual representation and inclusivity in visual
language models. Enhancing multilingual capa-
bilities promotes accessibility and fairness across
diverse linguistic communities.

However, relying on machine-translated datasets
may introduce biases or cultural inaccuracies. En-
suring responsible translation and ongoing refine-
ment is crucial.

Real-world deployment also demands cultural
sensitivity, especially in sectors like education,
health, or governance. We emphasize the need
for transparency, continuous monitoring, and col-
laboration with diverse communities to ensure re-
sponsible development and use.
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A Data Sources

This section showcases the visual datasets (Ta-
ble 10) and the text-only datasets (Table 11) used
throughout this work.

B Language Consistency Evaluation via
LLM-as-a-judge

We have observed cases of code-switched genera-
tions, and in some cases, even if most of the sen-
tence is generated in the target language, a few
words may still appear in English. The primary
goal of the textual LLM-as-a-judge evaluation is to
address GlotLID’s limitation to classify these cases
as incorrect.

To effectively evaluate each sentence, we have
designed a prompt (see Figure 4) that instructs the
evaluator to perform multiple tasks beyond basic
language identification, enabling the computation
of a language consistency score:

1. Guess the language of the sentence (to com-
pare with GlotLID, even if we will use
GlotLID’s outputs).

2. Assign a language consistency score (between
Oand 1).

3. Determine whether the sentence is fully in
the target language (a boolean value, where
False indicates that at least one word appears
in another language).

4. Generate a summary explaining the decisions
made by the model.

This method allows us to evaluate the language
consistency of our model at the word level from
different perspectives, both through a numerical
score and a boolean indicator.
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Language Consistency Evaluation Prompt Template

Analyze the following text and determine the language it is written in.

- Identify the most likely language.

- Ensure the probability score is a single value, not a range or estimate.

- Determine a language consistency score between 0 and 1.0, where 1.0 means the text is entirely in
one language, and 0.0 means it is completely incomprehensible.

- Lower the score proportionally if foreign words are present, but do not assign 0.0 unless the text
is nonsensical.

- The language score must be a single number between 0 and 1.0.

- Indicate whether the text is completely written in the identified language (True or False).

- In both language consistency metrics, do not penalize for proper nouns, brand names, or
commonly used foreign terms (e.g., ’software’, ’email’) that do not alter the overall language
structure.

- Avoid unnecessary explanations. Summarize the feedback (reason of the mark) in at most 30
words.

Use the exact format below:

- Language: [language_guess]

- Language Score: [single value between 0 and 1.0]
- Fully in Language: [True/False]

- Summary: [Concise explanation (max 30 words)]

Keep your answer short and concise. The sentence to analyze is the following:

<CAPTION GENERATED BY VISUAL SALAMANDRA>

Figure 4: Prompt used to evaluate language consistency via LLM-as-a-judge. The evaluator model assesses the
language fidelity of the caption generated by the VLM using multiple criteria. Note that this evaluation focuses
solely on language fidelity, not the overall quality of the caption.

For additional robustness, we have performed
the text evaluations using three different generation
configurations (defined in Table 6) and then applied
a majority voting.

Conf. Temperature Top_p Max new tokens
A 0.6 0.7 50
B 0.8 0.6 50
C 1.0 0.5 50

Table 6: Generation parameter settings for LLM-as-a-
Judge evaluation.

As shown in Figure 4, a structured response for-
mat was explicitly requested to ensure that each
field could be reliably extracted from the output.
The responses that did not conform to the expected
format were replaced with "N/A".

To compute the final scores, we averaged the re-
sults across the three different configurations. For
numerical scores, when a value was missing, we
computed the average using the available values.

For boolean scores, we applied a majority voting
approach. In cases where one score was missing
and the remaining two were True and False, we
defaulted to False as the final instance score. This
ensures that our results provide a lower bound, mak-
ing the evaluation more conservative and reliable.
All the results are shown in Table 7.

B.1 Judging the Judge: Evaluation of the
LLM-as-a-judge

Even though we have implemented measures for
robustness (such as using different generation con-
figurations for the LLM-as-a-judge evaluators and
requiring evaluators to provide summaries to justify
their scores) we aim to further ensure the fairness
of the provided scores by evaluating them against
the reference captions in the dataset.

To assess the reliability of the language consis-
tency evaluator model, we scored the reference
captions from the evaluation dataset (crossmodal-
3600) using the same evaluation process applied
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Model Lang. GL LLM-L LLM-S LLM-B \ Model Lang. GL LLM-L LLM-S LLM-B
Normal Models

De 2.7 2.4 85.8 73.5 De 24.5 18.3 84.0 75.9
En 100.0 98.4 99.0 99.3 En 100.0 98.1 98.7 99.1
Es 44 4.7 91.5 87.2 Es 384 37.9 94.4 954
BM Fr 12.2 10.8 90.3 88.1 TR-1S Fr 29.9 26.8 91.2 91.1
N1 5.6 6.02 93.8 92.5 NI 49.2 48.1 93.4 93.1
No 52 3.84 92.0 89.6 No 46.8 30.3 92.8 91.5
Ru 3.8 2.75 82.2 58.5 Ru 50.9 28.4 82.2 62.9
De 81.3 544 81.9 732 De 88.7 61.3 82.8 72.7
En 100.0 98.3 98.9 99.4 En 100.0 98.7 99.1 99.5
Es 65.4 61.8 94.1 93.7 Es 92.9 86.8 94.6 94.3
TR-2S Fr 74.9 63.8 90.5 89.5 TR-3S Fr 85.7 714 89.6 86.7
N1 91.3 84.9 934 94.3 N1 91.8 86.7 92.9 93.2
No 52.0 404 93.7 93.3 No 69.5 49.5 92.6 91.0
Ru 24.8 134 81.6 63.1 Ru 529 31.7 83.1 59.6
De 85.0 584 82.1 752 De 88.9 58.9 81.2 72.8
En 100.0 98.1 98.8 99.1 En 100.0 98.4 98.7 99.4
Es 91.9 85.9 94.1 94.8 Es 924 85.9 94.0 93.7
TR-3S-0.25x  Fr 88.6 76.3 90.7 89.8 TR-3S-0.5z Fr 83.5 71.2 90.0 88.8
N1 69.8 65.3 93.8 95.3 N1 96.0 90.6 94.1 96.0
No 532 412 94.0 94.6 No 82.7 62.6 93.5 93.6
Ru 91.5 48.5 81.6 63.2 Ru 81.9 433 81.1 62.7
De 73.3 48.6 81.0 72.8
En 100.0 98.7 98.7 99.4
Es 76.4 71.7 94.3 95.2
TR-3S-2z Fr 69.5 59.1 90.0 88.6
N1 93.5 88.3 93.8 95.9
No 67.1 53.7 93.9 94.0
Ru 93.3 48.9 81.3 64.2
Merged Models (+M)
De 15.0 12.8 84.1 76.6 De 76.5 58.3 84.5 774
En 100.0 98.1 98.9 99.5 En 100.0 98.8 98.8 99.7
Es 37.0 36.9 934 91.5 Es 86.3 81.9 93.6 93.7
BM+M Fr 474 40.0 89.8 86.8 TR-1S+M Fr 87.9 74.3 90.2 89.4
N1 9.3 10.0 93.1 92.5 N1 63.7 65.3 92.0 914
No 14.7 10.9 91.8 90.4 No 58.1 47.3 89.5 87.6
Ru 154 10.8 82.2 60.8 Ru 71.7 56.1 85.2 73.1
De 95.1 66.5 84.1 77.1 De 94.1 69.6 84.4 78.7
En 100.0 97.8 98.8 99.2 En 100.0 98.0 98.9 99.2
Es 97.4 89.1 94.8 95.3 Es 96.4 88.9 94.5 944
TR-2S+M Fr 97.7 83.1 91.8 90.1 TR-3S+M Fr 95.5 80.8 91.1 89.4
N1 95.6 88.8 92.7 93.1 N1 96.1 90.5 92.3 93.0
No 97.6 72.7 90.1 85.7 No 90.1 70.9 91.7 90.7
Ru 96.7 60.8 85.2 74.0 Ru 924 65.7 86.7 76.2
Crossmodal-3600 reference samples (Evaluating the LLM-as-a-judge)
De 100.0 83.3 854 91.7
En 99.7 99.2 97.7 99.5
Es 99.6 97.2 95.2 99.0
references Fr 99.9 90.5 90.8 95.2
N1 99.4 95.8 94.5 98.7
No 99.1 914 93.5 97.9
Ru 99.9 76.0 79.8 83.3

Table 7: Model comparison showing GlotLID detection percentages for the target language (GL) and scores
obtained using LL.M-as-a-judge. LLM-L represents the target language detection, LLM-S indicates the numerical
language consistency score, and LLM-B denotes the binary language consistency score. The GlotLID+LLM score
is calculated as the product of the GlotLID score and LLM-B: GlotLID+LLM = GlotLID x LLM-B. For each
group except the LLM-as-a-judge evaluator evaluation, the highest scores are marked in bold.
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to the captions generated by our models. We have
evaluated all the available references (up to 3 per
image) and only used a single generation configu-
ration (configuration B in Table 6).

As shown in Table 7, most of the obtained
scores are above 90%, demonstrating the ef-
fectiveness of the chosen model as an evalua-
tor. However, some minor errors are present,
which can be attributed to multilingual limita-
tions. Llama-3.1-8B-Instruct officially sup-
ports seven languages in addition to English
(French, German, Hindi, Italian, Portuguese, Span-
ish, and Thai). While this allows it to handle most
European languages, it is expected that the model
may occasionally struggle with languages outside
its primary training set, leading to some misclassi-
fications.

In terms of language consistency, we have dis-
carded selected the binary score due to its higher
scores. The evaluator classifies the samples as cor-
rect more than the 95% of times in the majority
of languages. The lower performance in German
(91.7%) can be attributed to the fact that it is a
Germanic language that shares a large amount of
words with English, what may induce classification
errors. In the case of Russian (83.3%), the lower
performance may be explained by the limited sup-
port for languages using the Cyrillic alphabet in the
LLM.

C Caption Generation Prompt

The Crossmodal-3600 dataset does not specify an
explicit prompt for caption generation. However, in
their work they provide instructions for generating
captions, which we used as a guideline. Based on
these instructions, we formulated a simplified cap-
tioning approach. The prompts used for generating
image captions in our evaluation are presented in
Figure 5. The same prompt was applied consis-
tently across all selected languages.

D Metrics Discussion

In this study, we chose not to use teacher forcing
loss or perplexity as evaluation metrics due to their
inherent limitations in interpretability and compar-
ative analysis across models.

We selected chrF++ as our primary evaluation
metric rather than BLEU or ROUGE due to its
suitability for multilingual assessments. BLEU
relies heavily on exact n-gram matching, often pe-
nalizing legitimate linguistic variations common

in multilingual contexts, while ROUGE primarily
measures recall and is optimized for summarization
tasks, making it suboptimal for assessing genera-
tive multilingual output quality. In contrast, chrF++
evaluates based on character-level n-gram overlaps,
accommodating linguistic diversity and morpho-
logical richness across multiple languages, thus
providing a more robust and linguistically sensi-
tive assessment for multilingual visual language
models.

Additionally, during the study, we employed
VLM-as-a-judge to evaluate the quality of multilin-
gual generations. However, we found that chrF++
effectively addressed the limitations related to mul-
tilingual performance evaluation inherent in other
metrics, thereby serving as a comprehensive solu-
tion for our assessment needs.

While the LLM-as-a-judge procedure helped
mitigate a class of errors produced by purely rule-
based detectors (e.g., short or code-switched cap-
tions that GlotLID misclassifies), it carries a dis-
tinct set of limitations that affect its interpretation
as an automatic metric. First, the evaluator’s out-
puts are sensitive to prompt wording and sampling
hyperparameters (temperature, top-p, maximum
tokens). Small changes in prompt phrasing or gen-
eration configuration can lead to different language-
consistency scores for the same sentence, introduc-
ing non-determinism at the per-example level even
when using conservative aggregation. Second, the
evaluator primarily assesses surface-level language
consistency (presence/absence of out-of-language
tokens) rather than deeper cross-lingual semantic
fidelity: a caption can receive a high language-
consistency score while still exhibiting mistrans-
lation, subtle semantic drift, or pragmatic errors
relative to the reference. Third, model-internal
language coverage and training data biases cre-
ate systematic variability across languages, scripts,
and dialects: evaluators trained or optimized on
Latin-alphabet European languages will typically
perform worse on low-resource languages or non-
Latin scripts, producing both false positives and
false negatives that are not readily corrected by
simple calibration.

E Training Hyperparameters

The training hyperparameters used during the train-
ing of the models evaluated in this work are detailed
in Table 8.
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Stage-1 Stage-1.5 Stage-2 OneVision

E Resolution 384 AnyRes Max 5  AnyRes Max 9 AnyRes Max 9
ﬁ # Tokens 729 Max 729 x 5 Max 729 x 10 Max 729 x 10
g Dataset Single-Image  Single-Image Single-Image  Single/Multi-Image, Video
& # Vision Samples 558K 3.8M 3.1IM 1.6M
E Trainable Projector Full Model Full Model Full Model
S 78BLLM 20.0M 8.2B 8.2B 8.2B

Batch Size 128 64 64 64

LR: Yyision 1x1073 2 x107° 2 x107° 2 x 1076
2 LR: {0pr05, b0} 1x1073 1x107° 1x107° 1x107°
.5 Epoch 1 1 1 1
& Warmup Ratio 0.03 0.03 0.03 0.03

LR Scheduler Cosine Cosine Cosine Cosine

Grad. Accum. 1 2 2 2

Table 8: Detailed configuration for each training stage of the LLaVA-OneVision model. For a detailed explanation
of AnyRes Max, refer to (Li et al., 2025). Anyres Max 5: 384 x{2 x 2,1 x {2,3},2,3 x 1}. AnyRes Max 9: 384

x{{1 x 1},...,{6 x 6}}.

F Alternative Merging Strategies

To better understand the trade-offs involved in
model merging, we conducted a series of addi-
tional experiments comparing different interpola-
tion methods and weight ratios. In particular, we
investigated:

Linear Interpolation (lerp) This method inter-
polates model weights using the standard formula
w = (1 — a)wy + aws, where w; and wy are the
weights of the visually instructed and backbone
models, respectively, and « is the interpolation ra-
tio.

Spherical Linear Interpolation (slerp) Unlike
lerp, slerp (Shoemake, 1985) interpolates weights
along a great arc on the hypersphere, preserving
the norm and relative directionality. It is computed
as:

sin((1 — «)0)
sin(6)

sin(af)
: w2
sin(0)

)
where 6 is the angle between the two weight vec-
tors. This method can yield smoother transitions
in weight space, especially when the models differ
significantly.

We evaluated merged models using both interpo-
lation methods under three weighting scenarios:

slerp(w, we, ) = w1

* 50-50, giving equal weight to the visually
instructed and original backbone models.

» 75-25, favoring the original backbone to pre-
serve pretrained language capabilities.

» 25-75, prioritizing the visually instructed
model to reinforce vision-language alignment.

The results are presented in Table 9, showing
both language fidelity and downstream task perfor-
mance.

Discussion. As shown, asymmetric merges favor-
ing the backbone (e.g., lerp_075 and slerp_075)
achieve near-perfect language fidelity but show
weaker performance in multimodal benchmarks.
Conversely, merges favoring the visually instructed
model (e.g., lerp_025 and slerp_025) lead to sub-
stantially improved task performance, but at the
cost of lower fidelity in certain languages. The
slerp_050 model—corresponding to our main
TR-3S+M—offers a more balanced trade-off.

Opverall, no single merging configuration yields a
clearly optimal trade-off. The best strategy depends
on the intended use case: 75% visually instructed
weights are preferable when multilingual fidelity is
critical, while 25% weights better support general
multimodal performance.

G Generation Examples

Figures 6-9 present examples generated using the
TR-3S5-0.05x model across various languages and
diverse tasks.

Story Generation In Figure 6, the model is
prompted to generate a story from an image. It
accurately reads text within the image to identify
characters and establish the setting, demonstrating
its ability to craft diverse narratives consistently
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Table 9: Merged model results: language fidelity (left) and task performance (right). lerp_050 and slerp_05@
correspond to 50-50 merges using linear and spherical interpolation, respectively; slerp_050 corresponds to
our main model TR-3S+M. lerp_075 and slerp_075 are asymmetric 75-25 merges favoring the base text model.
lerp_025 and slerp_025 invert this ratio to prioritize the visually instructed model.

Model DE ES FR NL RU ‘ Avg. ‘ ARD MMMU MMStar RWQA ‘ Avg.
lerp_o75 98.75 99.80 99.92 99.64 98.66 | 99.37 | 41.84 27.00 32.56 37.39 | 34.70
slerp_075 99.08 99.86 99.89 99.64 99.02 | 99.50 | 42.16 27.33 32.66 36.99 | 34.79
lerp_050 92.83 96.42 9583 9478 91.11 | 94.19 | 57.03 34.44 42.06 52.03 | 46.39
slerp_050 94.10 96.40 9550 96.10 9240 | 9490 | 57.19 34.11 42.25 52.16 | 46.43
lerp_025 89.32 93.06 91.06 92.83 63.56 | 85.97 | 72.51 34.89 47.13 55.95 | 52.62
slerp_025 90.11 9353 90.81 9444 6630 | 87.44 | 72.38 34.89 47.27 56.08 | 52.66
across different languages—even when the text is » Language Alternation: In some cases, once
in English. a word is switched to English, all subsequent

. o words continue in English.
Image Description Figure 7 presents a brief im-

age description task. Although the image shows
a salamander perched on a person’s hand, some
language outputs mistakenly label it as an insect or
a predator. Despite these inaccuracies, the descrip-
tions remain largely appropriate.

OCR and Translation Figure 8 showcases a task
combining OCR with translation. The model ex-
tracts text from an image and then translates it into
a target language. This two-step process: OCR
followed by translation, highlights the model’s abil-
ity to merge visual analysis with its linguistic ca-
pabilities. Minor errors do occur, particularly in
languages not extensively represented during train-
ing, resulting in slightly erroneous translations or
defaulting to English.

Multi-Image Reasoning Finally, Figure 9 illus-
trates a multi-image scenario where the model must
comprehend the content of several images and rea-
son to provide an appropriate answer. This example
further confirms the model’s effectiveness in real-
world applications.

In general, these examples demonstrate how the
VLMs instructed via our approach perform opti-
mally across a wide range of tasks, especially for
languages where text-only data was incorporated
during the visual instruction process.

G.1 Code Switching in Caption Generation

Figure 10 presents examples of code switch-
ing observed during caption generation for the
Crossmodal-3600 dataset. We could identify two
primary patterns emerge:

* Independent Words: Certain technical or
less common words are generated in English.
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Caption Generation Prompts

[English]

Give me a brief summary of the following image, without too many details. The description
should be general and have a maximum of 10 words. To do this, identify the most relevant object
or person in the image, the main relationship between the highlighted objects, the most important
activity represented, the most outstanding attributes of the main object or person, and the context
in which the scene takes place. Then, synthesize everything into a single descriptive and concise
sentence, without including additional text.

[Spanish]

Dame un breve resumen de la siguiente imagen, sin dar muchos detalles. La descripcién debe ser
general y tener un méximo de 10 palabras. Para ello, identifica el objeto o persona mds relevante
en la imagen, la relacién principal entre los objetos destacados, la actividad mds importante
representada, los atributos mds sobresalientes del objeto o persona principal y el contexto en el que
ocurre la escena. Luego, sintetiza todo en una sola frase descriptiva y concisa, sin incluir texto
adicional.

[French]

Donne-moi un bref résumé de I’image suivante, sans trop de détails. La description doit &tre
générale et contenir un maximum de 10 mots. Pour cela, identifie 1’objet ou la personne la plus
importante dans 1’image, la relation principale entre les objets mis en avant, 1’activité la plus
significative représentée, les attributs les plus marquants de 1’objet ou de la personne principale et
le contexte dans lequel la scéne se déroule. Ensuite, synthétise tout en une seule phrase descriptive
et concise, sans ajouter de texte supplémentaire.

[German]

Gib mir eine kurze Zusammenfassung des folgenden Bildes, ohne zu viele Details. Die
Beschreibung sollte allgemein sein und maximal 10 Worter umfassen. Identifiziere dazu das
relevanteste Objekt oder die wichtigste Person im Bild, die Hauptbeziehung zwischen den
hervorgehobenen Objekten, die wichtigste dargestellte Aktivitit, die auffilligsten Merkmale des
Hauptobjekts oder der Hauptperson und den Kontext, in dem die Szene stattfindet. Fasse dann
alles in einem einzigen prignanten und beschreibenden Satz zusammen, ohne zusétzlichen Text
hinzuzufiigen.

[Italian]

Dammi un breve riassunto della seguente immagine, senza troppi dettagli. La descrizione deve
essere generale e avere un massimo di 10 parole. Per farlo, identifica I’oggetto o la persona piu
rilevante nell’immagine, la relazione principale tra gli oggetti evidenziati, I’attivita pil importante
rappresentata, gli attributi piu evidenti dell’oggetto o della persona principale e il contesto in cui si
svolge la scena. Quindi, sintetizza tutto in un’unica frase descrittiva e concisa, senza includere
testo aggiuntivo.

(Continues on next page...)
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[Dutch]

Geef me een korte samenvatting van de volgende afbeelding, zonder te veel details. De
beschrijving moet algemeen zijn en maximaal 10 woorden bevatten. Identificeer hiervoor het
meest relevante object of de belangrijkste persoon in de afbeelding, de hoofdrelatie tussen de
uitgelichte objecten, de belangrijkste weergegeven activiteit, de meest opvallende kenmerken van
het hoofdobject of de belangrijkste persoon en de context waarin de scene zich afspeelt. Vat
vervolgens alles samen in één beschrijvende en beknopte zin, zonder extra tekst toe te voegen.

[Portuguese]

Da-me um breve resumo da seguinte imagem, sem muitos detalhes. A descri¢do deve ser geral
e ter um maximo de 10 palavras. Para isso, identifica o objeto ou a pessoa mais relevante na
imagem, a principal relacdo entre os objetos destacados, a atividade mais importante representada,
os atributos mais marcantes do objeto ou da pessoa principal e o contexto em que ocorre a cena.
Depois, sintetiza tudo numa tnica frase descritiva e concisa, sem incluir texto adicional.

[Russian]

JlaiiTe MHE KpaTKOE OIMCAaHUE CAeIYIONEero n3obpazkenust 6e3 quimunx gerajeit. Onucanme
IOJIPKHO OBITH OOImmMM U comep:kaTh He Ooaee 10 cios. st sTOro ompenennrte Hambosiee
BaXKHBII OObEKT UM YeJIOBEKa Ha M300parkKeHn’, OCHOBHYIO CBsI3b MEXKJy BbIIEJIEHHBIMU
00 beKTaMH, TVIABHOE M300ParKEeHHOE JIeiCTBHE, CAMbIE 3aMETHDBIE XaPAKTEPUCTUKHI IJIABHO-
ro 0ObEeKTa MJIM YeJIOBEKa M KOHTEKCT, B KOTOPOM IIPOMCXOJNT CIIEHA. 3aTeM OObeINHUTE
BCE 9TO B OJIHO OIMCATEJIHLHOE M KPATKOE IIPEJJIOXKEHNE, He J00aBJIsAs JIUIIHErO TEKCTA.

Figure 5: Prompts used to evaluate via LLM-as-a-judge the language consistency of the caption provided by the
model.
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Story Generation

[English]

User: Create a short story using the following image as source.

VLM: Once upon a time, in the heart of the African savannah, there was a young boy named Tintin.
Tintin was an adventurous soul, always eager to explore new places and meet new people. One
day, he heard about a mysterious place called the Congo, a land of exotic animals and uncharted
territories. Tintin decided to embark on an adventure to discover the secrets of the Congo.

As he traveled through the dense jungle, he encountered a variety of animals, including a majestic
giraffe and a wise elephant. He also met a group of explorers who were searching for a hidden
treasure. Tintin joined their team and together they set out on a thrilling journey through the
jungle.

They faced many challenges and obstacles, but Tintin’s curiosity and bravery never faltered.
Finally, they reached the heart of the Congo and discovered a treasure—a collection of rare
artifacts from different cultures, each with its own story to tell.

Tintin and his friends returned home with a newfound appreciation for the wonders of the world
and the importance of exploration and discovery. And so, the legend of Tintin in the Congo began.

[Spanish]

User: Crea una historia corta usando la siguiente imagen como fuente.

VLM: Habia una vez un aventurero llamado Tintin que viajaba por el Congo en un coche antiguo.
Lo acompafiaban un guia y un perro, ambos llamados Mild. Tintin y sus amigos se encontraron
con un grupo de gorilas y decidieron ayudarlos a escapar de los cazadores furtivos. Juntos,
salvaron a los gorilas y regresaron a la ciudad, convirtiéndose en héroes en el Congo y continuando
sus aventuras por el mundo.

[English] VLM: Once upon a time there was an adventurer named Tintin who traveled through the Congo in an antique
car. He was accompanied by a guide and a dog, both named Snowy. Tintin and his friends came across a group of
gorillas and decided to help them escape from poachers. Together, they saved the gorillas and returned to the city,

becoming heroes in the Congo and continuing their adventures around the world.

(Continues on next page...)

323



[Catalan]

User: Crea una historia curta utilitzant la segiient imatge com a font.

VLM: En Tintin i el seu gos Mild es troben en un safari a I’ Africa. El cotxe d’en Tintin es trenca i
han de demanar ajuda a un grup de nadius. Aquests reparen el cotxe i, a canvi, en Tintin i Mild els
ensenyen una pel-licula que és tot un exit. Els nadius, encantats, els demanen que tornin I’any
segiient per mostrar-ne una altra. Finalment, en Tintin i Mild decideixen quedar-se a I’ Africa i
muntar un cinema per als habitants, comencant aixi una nova vida plena d’amistat i intercanvi
cultural.

[English] VLM: Tintin and his dog Snowy are on a safari in Africa. Tintin’s car breaks down and they have to ask a
group of natives for help. They repair the car and, in return, Tintin and Snowy show them a film that is a huge success.
The natives, delighted, ask them to come back the following year to show another one. Finally, Tintin and Snowy decide

to stay in Africa and set up a cinema for the inhabitants, thus beginning a new life full of friendship and cultural exchange.

[French]

User: Créez une histoire courte en utilisant I’image suivante comme source.

VLM: 11 était une fois, dans la savane africaine, un petit garcon nommé Tintin, passionné
d’aventures et révant d’explorer le continent. Un jour, il partit & la recherche de son idole, le
célebre explorateur Tintin, et se lanca dans une aventure a travers la savane, rencontrant girafes,
lions et éléphants. Finalement, il rencontra son idole dans le Congo, et ensemble, ils découvrirent
de nombreux secrets et trésors, réalisant ainsi le réve d’explorer I’ Afrique.

[English] VLM: Once upon a time, in the African savannah, a little boy named Tintin had a passion for adventure and
dreamed of exploring the continent. One day, he set off in search of his idol, the famous explorer Tintin, and embarked
on an adventure across the savannah, encountering giraffes, lions and elephants. Finally, he met his idol in the Congo,

and together they discovered many secrets and treasures, fulfilling the dream of exploring Africa.

[German]

User: Erstelle eine kurze Geschichte, indem du das folgende Bild als Quelle verwendest.

VLM: Tintin und sein Hund Mild begeben sich auf ein Abenteuer im Kongo. Wihrend sie
mit einem alten Auto durch die Savanne fahren, begegnen sie einem riesigen Giraffen, das sie
fasziniert. Nachdem sie weitere Tiere wie Elefanten und Lowen getroffen haben, erleben sie
eine spannende Reise, bei der sie schlieBlich einen Schatz entdecken und stolz auf ihre erlebten
Abenteuer zuriickblicken.

[English] VLM: Tintin and his dog Mild go on an adventure in the Congo. While driving through the savannah in an old
car, they come across a giant giraffe that fascinates them. After meeting other animals such as elephants and lions, they

experience an exciting journey during which they finally discover a treasure and look back proudly on their adventures.

[Italian]

User: Crea una breve storia utilizzando la seguente immagine come fonte.

VLM: Tintin e il suo cane Mild sono in un’avventura in Africa. Durante il viaggio, mentre guidano
il loro veicolo, notano una grande giraffa che si avvicina e decidono di fermarsi per osservarla da
vicino, vivendo un momento unico nel cuore della savana.

[English] VLM: Tintin and his dog Milu are on an adventure in Africa. On the way, while driving their vehicle, they
notice a large giraffe approaching and decide to stop and observe it closely, experiencing a unique moment in the heart

of the savannah.

(Continues on next page...)
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[Dutch]

User: Maak een kort verhaal met behulp van de volgende afbeelding als bron.

VLM: Tintin in de Congo is een stripverhaal van Hergé waarin Tintin als journalist naar het Congo
reist, vergezeld door zijn beste vriend Mild, een geredde chimpansee. Ze beleven tal van avonturen
in de jungle, ontdekken de schoonheid van de natuur en maken kennis met de lokale bevolking,
wat leidt tot een onvergetelijke reis vol humor en spanning.

[English] VLM: Tintin in the Congo is a comic strip by Hergé in which Tintin travels to the Congo as a journal-
ist, accompanied by his best friend Mild, a rescued chimpanzee. They have numerous adventures in the jungle,
discover the beauty of nature and meet the local people, leading to an unforgettable journey full of humor and excitement.

[Portuguese]

User: Crie uma curta histéria usando a seguinte imagem como fonte.

VLM: Era uma vez um explorador chamado Tintin, que se encontrava numa aventura no Congo.
Ao volante de um carro vintage, acompanhado pelo seu amigo e animal de estimacao, Mild, Tintin
estava em busca de um tesouro escondido. No caminho, tiveram de improvisar para contornar
um enorme elefante que bloqueava a passagem, mas conseguiram seguir em frente e, no final,
encontraram o tesouro que buscavam.

[English] VLM: Once upon a time there was an explorer called Tintin, who was on an adventure in the Congo. At the
wheel of a vintage car, accompanied by his friend and pet, Mild, Tintin was looking for hidden treasure. I don’t walk,
you had to improvise to get around a huge elephant that was blocking the passage, but we managed to keep going and,

finally, we found the treasure we were looking for.

[Galician]

User: Crea unha historia curta utilizando a seguinte imaxe como fonte.

VLM: Habia unha vez un explorador chamado Tintin no Congo. Durante a sia viaxe, atopouse con
animais ex6ticos como un gorila, un elefante e un leén, pero o que mais chamou a stia atencion foi
un gran xaguar no medio do bosque. Cansado, o xaguar foi axudado por Tintin a chegar a un
rio para beber, e xuntos descubriron unha cova misteriosa con un tesouro oculto que decidiron
compartir.

[English] VLM: Once upon a time there was an explorer named Tintin no Congo. During his journey, he encountered
exotic animals such as a gorilla, an elephant and a lion, but what caught his attention the most was a large jaguar in the
middle of the forest. Tired, the jaguar was helped by Tintin to reach a river to drink, and together they discovered a

mysterious cave with a hidden treasure that they decided to share.

[Polish]

User: Stworz krétka historig, uzywajac ponizszego obrazu jako Zrédla.
VLM: Tytul: “Tintin w Kong” Autor: Hergé Data wydania: 1931
[English] VLM: Title: “Tintin in the Congo” Author: Hergé Publication date: 1931

[Swedish]

User: Skapa en kort berittelse med hjédlp av foljande bild som killa.

VLM: Tintin och Mild 4r pa en safari i Afrika. De sitter i en old-fashioned bil och ser pa en giraffe
som &r i vdagen. Tintin och Milu tar sig 6ver till den andra sidan av vigen och ser pa en elefant som
ar i vigen. De tar sig 6ver till den andra sidan av vigen och ser pa en elefant som #r i vigen.
[English] VLM: Tintin and Mild are on a safari in Africa. They sit in an old-fashioned car and look at a giraffe that is in
the road. Tintin and Mild cross to the other side of the road and look at an elephant in the road. They cross to the other

side of the road and look at an elephant in the road.

(Continues on next page...)
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[Russian]

User: CozpaiiTe KOPOTKHUII PaccKas3, HWCIOJb3yd Cjeayiolee n300parkeHne B KaIeCTBE
UCTOYHUKA.

VLM: Onnazkapl, B gajiekoii Adpuke, B camom cepare Korro, 8 1920-x rogax, IponsoInio
YHUKAJbHOE NPHUKJIOYEHNE, KOTopoe cTajo m3BecTHo Kak "Tunrun B Konro". Tunrun,
3HAMEHUTBII PeropTep U Iy TEIIeCTBEHHUK, ObLIT OTIIpaBieH B AQpuKy, 9To0BI paccKasaTh
0 XKHU3HU M KyJIbTYypPE STOr0 3araJodHoro KoHThHeHTa. OH M €ro BepHbIE CIIYTHUKH,
Muxkens n HenbcoH, cenn B cBO#l cTapeHbKU, HO HAIEXKHBIM aBTOMOOUIb M OTIPABUINCH
B myremrecrBre. OHM TpoOupanch vYepe3 IUKHE JLKYHIJIM, TJe UX OKPYKaJld IUKHe
JKUBOTHBIE U TAMHCTBEHHBIE IIJIeMeHa. TUHTUH U ero KOMaH1a OBLIN He TOJIbKO reporters,
HO U CMeJIble IIyTEeIeCTBeHHNKH, KOTOPhIE XOTEeIN y3HATH OOJIbIIe O MUPE, KOTOPBIH ObLIT
Ast Hux 3aragkoi. OHU BCTPETUIN MHOXKECTBO JIIOZAE, KOTOpbie ObLIN JIJIs HUX HOBBLIMU
U UHTEPECHBIMH, W Y3HAJIM O UX KyJAbType u Tpamunusax. OHM TakxKe y3HAJIH O TOM,
yro KOHro 6bLI HE TOJBKO JOMOM JIJIsSI JUKHWX >KUBOTHBIX, HO M JIJIS JIOJEH, KOTOpbIE
JKWJIM B TAPMOHUU C IPpUPoIoii. B konme kouros, TUHTUH 1 ero KOMaH 18 JOCTUIJIA CBOEi
[eJIM U PaccKas3al O CBOEM IIyTellecTBHH B EBpolle, e MX UCTOPHUsl BbI3BajIa OOJIBIION
uarepec. "TuaTnn B KoHro"crar oqHIM U3 caMbIX U3BECTHBIX U JIFOOUMBIX [TPUKJIFOYEHMIH
Tunruna, u oH Becerga OyIeT MOMHUTHL 00 9TOM

[English] VLM: Once upon a time, in faraway Africa, in the heart of the Congo, in the 1920s, a unique adventure took
place that became known as “Tintin in the Congo.” Tintin, a famous reporter and traveler, was sent to Africa to report on
the life and culture of this mysterious continent. He and his faithful companions, Mikel and Nelson, got into their old
but reliable car and set off on their journey. They made their way through a wild jungle where they were surrounded by
wild animals and mysterious tribes. Tintin and his team were not only reporters, but also brave travelers who wanted to
learn more about a world that was a mystery to them. They met many people who were new and interesting to them and
learned about their culture and traditions. They also learned that the Congo was not only home to wild animals, but also
to people who lived in harmony with nature. In the end, Tintin and his team reached their goal and told their journey in
Europe, where their story generated a lot of interest. “Tintin in the Congo” became one of Tintin’s most famous and

beloved adventures, and he will always be remembered for it

[Norwegian]

User: Lag en kort historie ved a bruke fglgende bilde som kilde.

VLM: Tintin og Mild er pa en safari i Afrika. De er i en bil og ser pa en giraffe.
[English] VLM: Tintin and Mild are on a safari in Africa. They are in a car looking at a giraffe.

[Hungarian]

User: 1rj egy rovid torténetet a kovetkezd kép felhasznaldsdval forrasként.

VLM: Tintin a Kongdba indul, hogy megmentse a kirdlyt és a kirdlyn&t, akiket a gorilla rabolt el. A
kiralyné és a kirdlyt a gorilla foglyul ejtette, és a Kong6éba menekiilt. Tintin és a baratai elindulnak,
hogy megmentsék a kiralyt és a kirdlynét.

[English] VLM: Tintin goes to the Congo to rescue the king and queen, who have been kidnapped by the gorilla. The
king and queen have been captured by the gorilla and have fled to the Congo. Tintin and his friends set out to rescue the

king and queen.

Figure 6: Multilingual generation examples with Text Regularization and merged with the original backbone LLM.
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Image Description

[English]
User: Briefly describe the following image, without many details and in a few words.
VLM: A person’s hand holding a black and yellow striped salamander.

[Spanish]

User: Describe brevemente la siguiente imagen, sin muchos detalles y en pocas palabras.

VLM: Una mano sosteniendo a un insecto, especificamente un insecto de color negro y amarillo.
[English] VLM:A hand holding an insect, specifically a black and yellow insect.

[Catalan]

User: Descriu breument la segiient imatge, sense molts detalls i en poques paraules.
VLM: A la ma d’una persona hi ha una salamandra de color negre i groc.

[English] VLM: In a person’s hand there is a black and yellow salamander.

[French]

User: Décrivez brievement I’image suivante, sans trop de détails et en quelques mots.
VLM: Un petit animal noir et blanc est dans la main d’une personne.

[English] VLM: A small black and white animal is in a person’s hand.

[German]

User: Beschreiben Sie das folgende Bild kurz, ohne viele Details und in wenigen Worten.

VLM: In der Hand einer Person liegt ein Frillengecko. Der Gecko hat eine schwarze und gelbe
markierte Haut. Die Person hat einen Arm mit einem Armband.

[English] VLM: A frilled gecko lies in the hand of a person. The gecko has black and yellow marked skin. The person

has an arm with a bracelet.

[Italian]

User: Descrivi brevemente la seguente immagine, senza molti dettagli e in poche parole.
VLM: Un insetto in una mano.

[English] VLM: An insect in a hand.

[Dutch]

User: Beschrijf kort de volgende afbeelding, zonder veel details en in een paar woorden.
VLM: De hand van een mens met een salamander in het palm.

[English] VLM: The hand of a human with a salamander in the palm.

(Continues on next page...)
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[Portuguese]

User: Descreva resumidamente a imagem seguinte, sem muitos pormenores € em poucas palavras.
VLM: Uma pessoa estd a segurar um sapo em sua mao. O sapo é de cor preta e amarela. O sapo
estd vivo.

[English] VLM: A person is holding a frog in his hand. The frog is black and yellow in color. The frog is alive.

[Galician]

User: Describe brevemente a seguinte imaxe, sen moitos detalles e en poucas palabras.

VLM: A man sostén unha larva de salamandra. A larva é de cor negra e amarela. A man que sostén
a larva é branca.

[English] VLM: A man holds a yellow and black lobster nail.

[Russian]

User: Kparko omnmmure ciemyroriee n3obpakerue, 6e3 moapoObHOCTENl U B HECKOJbKHUX
CJIOBaX.

VLM: B pyke 4desioBeKa, KOTOPBII JIEPKUAT 3MEIO.

[English] VLM: In the hand of a man holding a snake.

[Polish]

User: Opisz krétko ponizszy obraz, bez wielu szczegdtéw 1 w kilku stowach.

VLM: Oto krétki opis tego obrazu:“Czarna i z6ita salamandra w dioni.” To jest fotografia
salamandry, ktdra jest trzymana w rece. Salamandra ma czarne i z6tte plamy na swym ciele.
[English] VLM: Here is a short description of this image: ’A black and yellow salamander in hand.” This is a photograph

of a salamander that is being held in hand. The salamander has black and yellow spots on its body.

[Swedish]

User: Beskriv kort nedanstaende bild, utan manga detaljer och med nagra fa ord.
VLM: En hand med en salamander i den.

[English] VLM: A hand with a salamander in it.

[Norwegian]

User: Beskriv kort det fglgende bildet, uten mange detaljer og med noen fa ord.
VLM: En hand holding en salamander.

[English] VLM: A hand holding a salamander.

[Hungarian]

User: Roviden irja le a kovetkezd képet, sok részlet nélkiil, néhany széban.
VLM: A képen egy ember tartja a kezében egy fekete és sdrga ragadozd.
[English] VLM: In the picture, a person holds in their hand a black and yellow predator.

Figure 7: Multilingual generation examples with the model trained with Text Regularization and merged with the
original backbone LLM. Code switched words are underlined.
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OCR & Translation

This is ui&@dunﬁﬂew

[English]
User: Read the text that appears in the image and translate it into English.
VLM: This is a handwritten example. Write as good as you can.

[Spanish]

User: Read the text that appears in the image and translate it into Spanish.
VLM: Este es un ejemplo de escritura a mano. Escribe tan bien como puedas.
[English] VLM: This is a handwritten example. Write as good as you can.

[Catalan]

User: Read the text that appears in the image and translate it into Catalan.
VLM: Aquest és un exemple de text escrit a ma. Escriu tan bé com puguis.
[English] VLM: This is a handwritten example. Write as good as you can.

[French]

User: Read the text that appears in the image and translate it into French.
VLM: C’est un exemple de lettre écrite a la main. Ecrivez comme vous pouvez.
[English] VLM: This is an example of a handwritten letter. Write as you can.

[German]

User: Read the text that appears in the image and translate it into German.

VLM: Dies ist ein Beispiel fiir einen handgeschriebenen Text. Schreiben Sie so gut wie Sie konnen.
[English] VLM: This is a handwritten example. Write as good as you can.

[Italian]

User: Read the text that appears in the image and translate it into Italian.
VLM: Questo ¢ un esempio di scrittura a mano. Scrivete bene come voi potete.
[English] VLM: This is a handwritten example. Write as good as you can.

[Dutch]

User: Read the text that appears in the image and translate it into Dutch.
VLM: Dit is een handgeschreven voorbeeld. Schrijf zo goed als je kunt.
[English] VLM: This is a handwritten example. Write as good as you can.

[Portuguese]

User: Read the text that appears in the image and translate it into Portuguese.

VLM: Este é um exemplo de um texto escrito 2 mao. Escreva como bom como vocé pode.
[English] VLM: This is a handwritten example. Write as good as you can.

[Galician]

User: Read the text that appears in the image and translate it into Galician.
VLM: Isto € un exemplo de escrita a man. Escribe ben como se pode.
[English] VLM: This is a handwritten example. Write as good as you can.

(Continues on next page...)
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[Russian]

User: Read the text that appears in the image and translate it into Russian.

VLM: 910 npumMep HAIIMCAHHOTO OT PyKHU TekcTa. Hamurmmre Kak MOXKHO JIydIle, YeM BbI
MOZKeTe.

[English] VLM: This is an example of a handwritten text. Write as best as you can.

[Polish]

User: Read the text that appears in the image and translate it into Polish.

VLM: Oto tekst w jezyku polskim: “To jest przyktadowy handwriting example. Napisz tak, jak
potrafisz”

[English] VLM: Here is the text in Polish: “This is a handwriting example. Write as much as you can”

[Swedish]

User: Read the text that appears in the image and translate it into Swedish.
VLM: This is a handwritten example. Write as good as you can.

[English] VLM: This is a handwritten example. Write as good as you can.

[Norwegian]

User: Read the text that appears in the image and translate it into Norwegian.
VLM: This is a handwritten example. Write as good as you can.

[English] VLM: This is a handwritten example. Write as good as you can.

[Hungarian]

User: Read the text that appears in the image and translate it into Hungarian.
VLM: Ez egy kézzel irott példa. Irjal dgy, mint te tudsz.

[English] VLM: This is a handwritten example. Write the way you know how.

Figure 8: Multilingual generation examples with the model trained with Text Regularization and merged with the
original backbone LLM. Words in English whenever it is not the target are underlined.
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Multi-Image Reasoning

[English]

User: Which dish from the ones shown in these images should I eat if I am lactose intolerant?
VLM: If you are lactose intolerant, you should eat the dish on the left, which is a stir fry of chicken
and vegetables. This dish does not contain any dairy products, making it a good option for those
who are lactose intolerant.

[Spanish]

User: ;Qué plato de los que aparecen en estas imagenes deberia de comer si soy intolerante a la
lactosa?

VLM: Si eres intolerante a la lactosa, no deberias comer el plato de pizza.

[English] VLM: If you are lactose intolerant, you should not eat the pizza dish.

[Catalan]

User: Quin plat de les imatges donades hauria de menjar si s6c intolerant a la lactosa?

VLM: Si ets intolerant a la lactosa, hauries de menjar el plat de la primera imatge, ja que no conté
productes lactis.

[English] VLM: If you are lactose intolerant, you should eat the dish in the first image, as it does not contain dairy

products.

[French]

User: Quel plat parmi ceux qui apparaissent dans ces images devrais-je manger si je suis intolérant
au lactose ?

VLM: Si vous étes intolérant au lactose, je vous conseillerais de manger le plat de poulet grillé et
de 1égumes.

[English] VLM: If you’re lactose intolerant, I’d recommend eating the grilled chicken and vegetable dish.

[Italian]

User: Quale piatto tra quelli mostrati in queste immagini dovrei mangiare se sono intollerante al
lattosio?

VLM: Se sei intollerante al lattosio, dovresti mangiare il primo piatto, il stir fry di pollo e verdura.
[English] VLM: If you are lactose intolerant, you should eat the first course, chicken and vegetable stir fry.

(Continues on next page...)
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[German]

User: Welches Gericht aus den in diesen Bildern gezeigten sollte ich essen, wenn ich laktoseintol-
erant bin?

VLM: Wenn Sie laktoseintolerant sind, sollten Sie das erste Bild, das Chicken and Vegetables,
essen.

[English] VLM: If you are lactose intolerant, you should eat the first picture, the Chicken and Vegetables.

[Dutch]

User: Welk gerecht van de getoonde gerechten in deze afbeeldingen zou ik moeten eten als ik
lactose-intolerant ben?

VLM: Als je lactose-intolerant bent, zou je het gerecht in de eerste afbeelding moeten eten. Het is
een salade met een dressing die geen lactose bevat. De salade is gemaakt van grilled chicken, rode
en groene peppers, en is niet gebakken of gefrituurd, wat betekent dat het geen lactose bevat. De
salade is dus een lactose-vrije optie.

[English] VLM: If you are lactose intolerant, you should eat the dish in the first picture. It is a salad with a dressing that
does not contain lactose. The salad is made with grilled chicken, red and green peppers, and is not baked or fried, which

means that it does not contain lactose. The salad is therefore a lactose-free option.

[Portuguese]

User: Qual prato entre os mostrados nestas imagens eu deveria comer se for intolerante a lactose?
VLM: Se vocé € intolerante a lactose, o prato que vocé deve evitar € o pizza. A pizza é feita com
queijo, que € uma fonte de lactose, e pode causar sintomas como dor abdominal, diarreia, nduseas
e vomitos. Se voce tem intolerancia a lactose, € importante evitar alimentos que contenham lactose
para evitar esses sintomas.

[English] VLM: If you are lactose intolerant, the food you should avoid is pizza. Pizza is made with cheese, which is a
source of lactose, and can cause symptoms such as abdominal pain, diarrhea, nausea, and vomiting. If you are lactose

intolerant, it is important to avoid foods that contain lactose to avoid these symptoms.

[Galician]

User: Que prato das imaxes dadas deberia comer se son intolerante 4 lactosa?

VLM: Se € intolerante 4 lactosa, deberia comer o prato da primeira imaxe, que ¢ unha ensalada de
pollo e verduras.

[English] VLM: If you are lactose intolerant, you should eat the dish in the first picture, which is a chicken and salad.

[Polish]

User: Jakie danie z pokazanych na tych obrazkach powinienem zjes¢, jesli jestem nietolerancyjny
na laktoze?

VLM: Jezeli jesteS nietolerancki na laktoze, to nie powinienes$ jeS¢ pizzy. Pizza jest gotowa z
mozzarella, a mozzarella jest produkowana z mleka. Jezeli wolisz je$S¢ potrawy bez laktozy, to
mozesz zjes¢ kurczaka z warzywami. Kurczak jest bezlaktozny, a warzywa sa bezlaktozne.
[English] VLM: If you are lactose intolerant, you should not eat pizza. Pizza is made with mozzarella, and mozzarella is
made from milk. If you prefer to eat lactose-free food, you can eat chicken with vegetables. Chicken is lactose-free, and

vegetables are lactose-free.

(Continues on next page...)
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[Russian]

User: Kakoe 0110/10 13 TIOKa3aHHBIX HA 9TUX U300DaKEHUIX MHE CJIEIYET ChECTh, €CJIU S
HEIepeHOCHM K JIaKTo3e?

VLM: Ecau BB He MepeHOCUTE JAKTO3y, TO BaM CJIeJyeT BbIOpaTh OJIH0/I0, KOTOPOe He
COMIEP>KAT MOJIOYHBIX NPOAYyKTOB. Ha m3o0parkenmm 1 mOKa3aHBI KyCOYKH KYPHUIILI C
OBOIIIAMH, KOTOPbIE HE COMEPXKAT JIAKTO3bl. Ha m300pakeHnn 2 MoKa3aHa IHUIIIA ¢ CHIPOM
U JPYruMH toppings, KOTOpPBIE MOTYT COIEP:KaThb JakTo3y. OIHAKO, €CJIu BBl XOTHTE
HOHpO6OBaTb YTO-TO, YTO HE€ COAECPZKUT JIaKTO3bI, TO BaM CJIEAyeT O6paTI/ITbCSI K JIpyrum
0J110/1aM, KOTOPBIE HE COJEPXKAT MOJIOUHBIE TTPOILYKTHI.

[English] VLM: If you are lactose intolerant, you should choose a dish that does not contain dairy products. Picture 1
shows chicken pieces with vegetables, which do not contain lactose. Picture 2 shows a pizza with cheese and other
toppings, which may contain lactose. However, if you want to try something that does not contain lactose, you should

turn to other dishes that do not contain dairy products.

[Swedish]

User: Vilken ritt av de som visas i dessa bilder bor jag dta om jag &r laktosintolerant?

VLM: Om du &r laktosintolerant, skulle jag rekommendera att du dter den forsta bilden, som &r en
stir-fry med kyckling, redbetor, och pepper. Det har ingen laktos i sig och passar bra for dem som
ar laktosintoleranta.

[English] VLM: If you are lactose intolerant, I would recommend eating the first picture, which is a stir-fry with chicken,

beetroot, and pepper. It has no lactose in it and is suitable for those who are lactose intolerant.

[Norwegian]

User: Hvilket maltid av de som vises pa disse bildene bgr jeg spise hvis jeg er laktoseintolerant?

VLM: For en person som er laktoseintolerant, er det best a spise en av de to alternativene i disse
bildene:

1. **Chicken and Vegetable Stir-Fry:** - Chicken er en bra kilde til protein, men det er ikke laktose.
- Vegetable Stir-Fry er full av fiber, vitaminer, og mineraler, og har ingen laktose.

2. **Pepperoni and Sausage Pizza:** - Pepperoni og sausage er ikke laktoseintolerant, men de har
ikke sa store mengder laktose som fullpizza.

Det er viktig & merke seg at disse alternativene ikke er full substitut for en fullpizza, men de er
bedre enn fullpizza for en laktoseintolerant person.

[English] VLM: or a person who is lactose intolerant, it is best to eat one of the two options in these pictures:

1. **Chicken and Vegetable Stir-Fry:** - Chicken is a good source of protein, but it’s not lactose. -
Vegetable Stir-Fry is full of fiber, vitamins, and minerals, and has no lactose.

2. **Pepperoni and Sausage Pizza:** - Pepperoni and Sausage are not lactose intolerant, but they
don’t have as high amounts of lactose as full pizzas.

It’s important to note that these options are not a full substitute for a full pizza, but they are better
than full pizza for a lactose intolerant person.

[Hungarian]

User: Melyik ételt kellene enned a képeken lathat6 ételek koziil, ha laktézérzékeny vagyok?
VLM: Ha laktézérzékeny vagy, akkor az ételt, amely nem tartalmaz laktézt, kellene enned. A
laktézmentes alternativaként a csirkét és a zoldségeket ajanlandm. A csirkét és a zoldségeket
laktézmentesen is elkészitheted, és nem tartalmaznak laktézt.

[English] VLM: If you are lactose intolerant, you should eat the food that does not contain lactose. As a lactose-free
alternative, I would recommend chicken and vegetables. You can also make chicken and vegetables lactose-free and

they do not contain lactose. You can combine chicken and vegetables to get a delicious lactose-free meal.

Figure 9: Multilingual generation examples with the model trained with Text Regularization and merged with the
original backbone LLM.
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Generation Codeswitching Examples

Target Language: Spanish

Dos tacos con salsa y cilantro sobre una tortilla, served in a
paper wrapper and a lime wedge, with a white plate with a
blue floral pattern underneath.

Target Language: Dutch

Het is een scenische boulevard met hotels aan de waterkant,
een restaurant met outdoor seating, en een sailboat aan de
promenade..

Target Language: Russian

«Postnord» — 3T0 Ha3BaHWEe KOMITAHUM, KOTOpasi 3aHUMa-
eTcsl JIOTUCTUKOM u nuctpudyiueii ToBapos. Company logo
features bold, blue text on a wooden background, which
gives a rustic and modern feel.

Target Language: German

In einem urbanen Setting steht ein orange VW Golf auf einem
cobblestone. Die license plate reads HH 7293, and the car has
a small antenna on the roof. A person stands behind the car,
with a backpack on their back.

Figure 10: Code switching examples observed when generating the captions of the Crossmodal-3600 dataset images
using the Tr-3S-0.05x model. These examples showcase the need of adding a complementary evaluation apart from
GlotLid’s language detection in order to check language consistency. The words in English are shown in bold letters.
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Visual Data

Dataset Field Stage Citation
LLaVA Pretrain LCS-558K  Image Captions 1 Liu et al. (2023b)
BLIP558K Detailed Description 1.5 Liu et al. (2024b)
CC3M Detailed Description 1.5 Liu et al. (2024b)
COCO118K Detailed Description 1.5 Liu et al. (2024b)
Evol Instruct Math/Reasoning 1.5 Chen et al. (2024a)
UReader OCR 1.5 Ye et al. (2023)
SynthDOG Language 1.5 Kim et al. (2022)
AI2D Infographics 2/2.5 Kembhavi et al. (2016)
Allava Instruct General 2/2.5 Chen et al. (2024a)
AOKVQA General 2/2.5 Schwenk et al. (2022)
Cambrian (filtered) General 2/2.5 Tong et al. (2024)
Chart2Text Infographics 2/2.5 Obeid and Hoque (2020)
ChartQA Infographics 2/2.5 Masry et al. (2022)
ChromeWriting OCR 2/2.5 -

CLEVR General 2/2.5 Johnson et al. (2017)
CLEVR-Math Math/Reasoning 2/2.5 Johnson et al. (2017)
COCO Caption General 2/2.5 Lin et al. (2014)
Diagram Image2Text Infographics 2/2.5 -

DocVQA Infographics 2/2.5 Mathew et al. (2021)
DVQA Infographics 2/2.5 Kafle et al. (2018)
FigureQA Infographics 2/2.5 Kahou et al. (2017)
GQA Math/Reasoning 2/2.5 Hudson and Manning (2019)
Geol70K Align Math/Reasoning 2/2.5 Gao et al. (2023)
Geol70K QA Math/Reasoning 2/2.5 Gao et al. (2023)
Geo3K Math/Reasoning 2/2.5 -
Geometry3K Math/Reasoning 2/2.5 Luetal. (2021a)
GeoM Verse Math/Reasoning 2/2.5 Kazemi et al. (2024)
GeoQA+ Math/Reasoning 2/2.5 Chen et al. (2021)
GEOS Math/Reasoning 2/2.5 Seo et al. (2015)
Hateful Memes General 2/2.5 Kiela et al. (2020)
HiTab Infographics 2/2.5 Cheng et al. (2022)
HME100K OCR 2/2.5 Yuan et al. (2022)
IAM OCR 2/2.5 Marti and Bunke (2002)
IconQA General 2/2.5 Lu et al. (2021b)
IIIT5K OCR 2/2.5 Mishra et al. (2012)
Infographic VQA Infographics 2/2.5 Mathew et al. (2022)
InterGPS General 2/2.5 Lu et al. (2021a)
Image Textualization General 2/2.5 Pi et al. (2024)
K12 Printing OCR 2/2.5 -
LLaVA-158K General 2/2.5 Liu et al. (2023b)
LLaVA-Wild (train) General 2/2.5 Liu et al. (2023b)
LLaVAR General 2/2.5 Zhang et al. (2023b)
LRV-Chart Infographics 2/2.5 Liu et al. (2023a)
LRV-Normal Math/Reasoning 2/2.5 Liu et al. (2023a)
Magpie Pro Language 2/2.5 Xu et al. (2024a)
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Dataset Field Stage Citation
MapQA Math/Reasoning ~ 2/2.5 Chang et al. (2022a)
MathQA Math/Reasoning  2/2.5 Amini et al. (2019)
MAVIS Math/Reasoning  2/2.5 Zhang et al. (2024)
OKVQA General 2/2.5 Marino et al. (2019)
OCR-VQA OCR 2/2.5 Mishra et al. (2019)
RAVEN Math/Reasoning  2/2.5 Zhang et al. (2019)
RefCOCO General 2/2.5 Yu et al. (2016)
Rendered Text OCR 2/2.5 -

RoBUT Infographics 2/2.5 Zhao et al. (2023)
ScienceQA General 2/2.5 Lu et al. (2022)
Screen2Words Infographics 2/2.5 Wang et al. (2021)
ShareGPT40 General 2/2.5 Cui et al. (2024)
ShareGPT4V General 2/2.5 Chen et al. (2025)
ST-VQA General 2/2.5 Biten et al. (2019)
Super-CLEVR Math/Reasoning  2/2.5 Li et al. (2023c¢)
TabMWP Math/Reasoning  2/2.5 Lu et al. (2023)
TallyQA General 2/2.5 Acharya et al. (2019)
TextCaps OCR 2/2.5 Sidorov et al. (2020)
TextOCR-GPT4  OCR 2/2.5 Carter (2024)
TQA Infographics 2/2.5 Kembhavi et al. (2017)
UniGeo Math/Reasoning  2/2.5 Chen et al. (2022)
Ureader Infographics 2/2.5 Ye et al. (2023)
Vision FLAN General 2/2.5 Xu et al. (2024b)
Visual7W General 2/2.5 Zhu et al. (2016)
Visual Genome Math/Reasoning  2/2.5 Krishna et al. (2017)
VisText General 2/2.5 Tang et al. (2023)
VisualMRC Infographics 2/2.5 Tanaka et al. (2021)
VizWiz General 2/2.5 Gurari et al. (2018)
VQARAD General 2/2.5 Lau et al. (2018)
VQAV2 General 2/2.5 Antol et al. (2015)
VSR General 2/2.5 Liu et al. (2023b)
WebSight General 2/2.5 Laurencon et al. (2024)
Spot-the-Diff Multi-Image 2.5  Jhamtani and Berg-Kirkpatrick (2018)
Birds-to-Words Multi-Image 2.5 Forbes et al. (2019)
CLEVR-Change Multi-Image 2.5 Park et al. (2019)
HQ-Edit-Diff Multi-Image 2.5 Hui et al. (2024)
MagicBrush-Diff Multi-Image 2.5 Zhang et al. (2023a)
IEdit Multi-Image 2.5 Tan et al. (2019)
AESOP Multi-Image 2.5 Ravi et al. (2021)
FlintstonesSV Multi-Image 2.5 Gupta et al. (2018)
PororoSV Multi-Image 2.5 Liet al. (2019)
VIST Multi-Image 2.5 Huang et al. (2016)
WebQA Multi-Image 2.5 Chang et al. (2022b)
TQA (MI) Multi-Image 2.5 Kembhavi et al. (2017)
OCR-VQA (MI) Multi-Image 2.5 Mishra et al. (2019)
DocVQA (MI) Multi-Image 2.5 Mathew et al. (2021)
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Dataset Field Stage Citation
MIT-StateCoherence Multi-Image 2.5 Isola et al. (2015)
MIT-PropertyCoherence Multi-Image 2.5 Isola et al. (2015)
RecipeQA ImageCoherence Multi-Image 2.5 Yagcioglu et al. (2018)
VISION Multi-Image 2.5 Bai et al. (2023)
Multi-VQA Multi-Image 2.5 Li et al. (2023a)
IconQA Multi-Image 2.5 Lu et al. (2021b)
Co-Instruct Multi-Image 2.5 Wu et al. (2024)
DreamSim Multi-Image 2.5 Fu et al. (2023)
ImageCoDe Multi-Image 2.5 Krojer et al. (2022)
nuScenes Multi-Image 2.5 Caesar et al. (2020)
ScanQA Multi-Image 2.5 Azuma et al. (2022)
ALFRED Multi-Image 2.5 Shridhar et al. (2020)
ContrastCaption Multi-Image 2.5 Jiang et al. (2024)
VizWiz (MI) Multi-Image 2.5 Gurari et al. (2018)
ScanNet Multi-Image 2.5 Dai et al. (2017)
COMICS Dialogue Multi-Image 2.5 Iyyer et al. (2017)
NLVR2 Multi-Image 2.5 Suhr et al. (2019)
NEXT-QA Video 2.5 Xiao et al. (2021)
Ego-4D Video 2.5 Grauman et al. (2024)
YouCook2 Video 2.5 Zhou et al. (2018)
ActivityNet Video 2.5 Yu et al. (2019)
Charades Video 2.5 Sigurdsson et al. (2016)
ShareGPT4Video Video 2.5 Chen et al. (2024c¢)

Table 10: English only visual datasets used throughout this work. The same data as proposed in LLaVA-OneVision
has been used.

Text-Only Data

Dataset Field Stage Citation

Aya Dataset General 1.5/2/2.5 Singh et al. (2024)
CoqgCat Conversation QA 1.5/2/2.5 Gonzalez-Agirre et al. (2024)
Databricks Dolly 15k General 1.5/2/2.5 Conover et al. (2023)
Databricks Dolly 3k CA General 1.5/2/2.5 -
FLORES-200 (Instructions) Translations 1.5/2/2.5 Costa-jussa et al. (2024)
MentorCA General 1.5/2/2.5 -

No Robots General 1.5/2/2.5 Rajani et al. (2023)
OASST General 1.5/2/2.5 Kopf et al. (2023)
OASST-CA General 1.5/2/2.5 -

RAG Multilingual General 1.5/2/2.5 -
Tower-Blocks-v0.1 Text-Insight 1.5/2/2.5 Alves et al. (2024)

Table 11: Multilingual text-only datasets added throughout the visual instruction process.
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