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Abstract

Recent advances in Multimodal Machine Translation (MMT) have attempted to address ambiguity and polysemy
in text alone by enabling models to draw additional contextual cues from paired images, thereby improving
disambiguation and translation accuracy. Datasets such as Multi30K and Visual Genome have significantly
advanced this line of research. However, these datasets do not always compel models to rely on visual information.
The CoMMUTE dataset takes a stronger step in this direction by serving as an evaluation benchmark specifically
designed around ambiguous English sentences that can only be correctly interpreted with their accompanying
images. In this work, we extend CoOMMUTE to two Indic languages, introducing IndicCOMMUTE — an evaluation
dataset for assessing MMT systems on low-resource Indic languages. We benchmark a range of open-source
multimodal Large Language Models (< 15B parameters) and a strong text-only baseline across eight languages.
We fine-tune one of these LLMs on two Indic languages. Our findings provide insights into the strengths and
limitations of LLMs and establish IndicCoMMUTE as a valuable benchmark for future research on Multimodal
Machine Translation in Indic languages.

Keywords: Multimodal Machine Translation, Large Language Models, Low Resource Languages, Parameter

Efficient Fine-Tuning

1. Introduction

Over the past few decades, the field of machine
translation has witnessed multiple breakthroughs.
Neural Machine Translation (NMT) revolutionized
automatic translation by introducing end-to-end
sequence-to-sequence models (Sutskever et al.,
2014) that outperformed the previously used statis-
tical approaches. Attention mechanism proposed
by (Bahdanau et al., 2016) allowed the models to
selectively focus on the most relevant parts of the
input to predict the next token, thereby improving
the translation quality. The subsequent introduc-
tion of the Transformer model by (Vaswani et al.,
2017), leveraging multi-head self-attention, further
boosted scalability and fluency, rapidly becom-
ing the state-of-the-art across Machine Transla-
tion and numerous Natural Language Processing
(NLP) tasks. Previous works, such as mBART (Liu
et al., 2020) and M2M-100 (Fan et al., 2020), have
extended these improvements to low-resource lan-
guages by facilitating effective cross-lingual trans-
fer and fine-tuning on limited parallel data.

Recent years have witnessed an increase in
focus on Multimodal Machine Translation (MMT),
where model inputs are accompanied by other
data sources (images or videos) along with the
source text. Inherent ambiguities, particularly in
the form of polysemous words, can pose chal-
lenges for text-only models to produce accurate
translations. Additional contextual cues from im-
ages can aid the model in producing more accu-

rate translations. For example, the English word
“glass” may refer to a drinking glass or eyeglasses;
an accompanying image can clarify the intended
meaning.

Despite this promise, real-world benefits from
images have been modest: the visual modality is
often ignored by sufficiently strong text-only mod-
els, and progress is hampered by limited datasets
and evaluation frameworks that truly test visual
understanding (for instance, cases where the ac-
companying image is necessary for disambigua-
tion) (Futeral et al., 2023). The CoMMUTE eval-
uation set (Futeral et al., 2023) was introduced
to address this problem and provide a standard-
ized benchmark for MMT models. It contains a set
of ambiguous English sentences and their possi-
ble translations in six languages (French, German,
Czech, Arabic, Russian, and Chinese), accompa-
nied by disambiguating images corresponding to
each translation.

This situation is worse for low-resource lan-
guages such as Indic languages, as most of the
previous works in MMT have focused on high-
resource languages. The scarcity of high-quality
multimodal datasets for Indic languages and a lack
of strong evaluation benchmarks make it difficult to
assess the effectiveness of MMT models.

With the introduction of Large Language Models
(LLMs), the research in MT has been fundamen-
tally transformed, with models like GPT-4, PaLM,
and open source variants like Llama that demon-
strate strong zero-shot and few-shot performance
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through in-context learning, even without explicit
bilingual supervision. As shown by (Zhu et al.,
2024), LLMs show impressive translation capabili-
ties, and models like GPT-4 even beat supervised
models such as NLLB (Team, 2024) in a number
of different languages, although a significant gap
remains in translation quality for low-resource lan-
guages. Support for multimodality in open-source
LLMs offers promising avenues for MMT. Prior
research on LLMs’ capabilities in MMT for low-
resource Indic languages (Khan et al., 2025;Dash
and Sharma, 2025) has shown promising results.
Building on this, we conduct a systematic study of
state-of-the-art open-source LLMs for MMT of low-
resource Indic languages, assessing their ability
to leverage visual cues for contextual disambigua-
tion.

In this paper, we focus on Multimodal Machine
Translation of English — Hindi and English — Odia
languages in a contrastive evaluation setting. Our
contributions are as follows.

» We introduce an extended multimodal evalua-
tion framework for two Indic languages based
on CoMMUuTE datasets.

* We benchmark five open-source LLMs and
a text-only baseline in contrastive multimodal
and text-only settings for eight languages.

* We fine-tune a multimodal LLM, demonstrat-
ing significant improvements in translation
quality for low-resource Indic languages with
limited compute and data resources.

» We demonstrate that fine-tuning on Indic lan-
guages also improves multimodal translation
performance on unrelated language pairs.

The rest of the paper is organized as follows.
Section 2 reviews related works. Section 3 de-
scribes the IndicCOMMUTE evaluation dataset,
benchmarking and fine-tuning process. Section 4
presents the experimental results and analysis. Fi-
nally, Section 5 provides the conclusion and out-
lines the future directions.

2. Related Works

2.1. Multimodal Machine Translation
(MMT)

The aim of Multimodal Machine Translation is to
leverage additional context present in non-textual
data, primarily images, that can aid the models in
resolving the inherent ambiguities present in lan-
guage. One of the foundational datasets used
by multiple studies in this field is the Multi30K
dataset (Elliott et al., 2016). It is an extension to
Flickr30K (Young et al., 2014) and includes images

along with multilingual captions in English and Ger-
man. Moreover, the WMT shared tasks (Specia
et al., 2016; Elliott et al.,, 2017; Barrault et al.,
2018) have helped in increasing multilingual cov-
erage and task complexity, encouraging deeper
research in the field. (Huang et al., 2016) inte-
grated transformed global and regional visual fea-
tures with the textual input by concatenating them
into attendable sequences for the encoder. (Cal-
ixto et al., 2017) used a doubly-attentive decoder
that attends to both textual and visual representa-
tions simultaneously. (Elliott and Kadar, 2017) in-
troduced Imagination, a model that separates mul-
timodal translation into two objectives of learning a
translation model, and learning visually grounded
representations. As a result of this design, the

model can be trained on external datasets contain-
ing either parallel text or image descriptions, con-
sequently leveraging a wider range of existing re-
sources.

(b) English: He had a

(a) English:

He had a
nice cold beer out on the nice cold beer out on the
deck. deck.
German. Er hatte ein German:. Er hatte ein
schénes kaltes Bier auf schones kaltes Bier auf
dem Deck. der Veranda.

Figure 1: An example from the CoOMMuTE dataset

While multiple papers indicated that the visual
modality was either unnecessary or only slightly
beneficial, (Caglayan et al., 2019) argued the sim-
plicity, completeness, and repetitiveness of the
sentences in the only dataset used for the task
(Multi30K) was the main cause. This results in the
source text alone being sufficient for context. In or-
der to tackle this, (Futeral et al., 2023) introduced
CoMMUTE, a contrastive evaluation set of ambigu-
ous English sentences, each paired with two im-
ages and two possible translations in 3 languages,
which was later extended to six languages. An ex-
ample of one data point is presented in Figure 1,
where the word “deck” can mean 2 different things,
but the ambiguity disappears once the images are
considered.

There has been some notable work recently that
focuses on using multimodal data more strategi-
cally, rather than relying on brute-force model train-
ing. For instance, (Futeral et al., 2025) proposes
the ZeroMMT method, which adapts a strong text-
only MT model into a multimodal one without re-
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quiring any supervised multimodal training data.
This is achieved by leveraging visually conditioned
masked language modeling and KL-divergence
losses. Furthermore, (Liu et al., 2025) proposes
the DeDiT framework, which explicitly detects am-
biguity in the source text and triggers visual reason-
ing only when ambiguity is present. They demon-
strate consistent gains over standard MMT models
on the COMMUTE benchmark.

2.2. Vision-Language Models &
Multimodal LLMs

With recent advances in vision-language models
(VLMs) and multimodal LLMs, new possibilities
have emerged for the field. For instance, BLIP-
3, introduced by (Xue et al., 2025), presents a
new framework for combining the powers of pre-
trained vision encoders and LLMs into an end-
to-end multimodal system, achieving competitive
performance on multimodal tasks. Likewise, the
Llama 3(Touvron et al., 2023) family now includes
vision capabilities following the release of version
3.2. Similarly, Google’s Gemma 3 (Team et al.,
2024) series has introduced multimodal capabili-
ties in lightweight, open models optimized for both
research and deployment.

Despite their success in multimodal tasks, the
use of such LLMs for low-resource languages re-
mains underexplored. Previous works, such as
(Dash and Sharma, 2025), have investigated this
direction by combining a text-only LLM with BLIP-
style vision modules for multimodal translation
tasks. Our work builds on these efforts by introduc-
ing a structured way to benchmark and improve
such LLMs for Indic languages.

2.3. Multimodal Translation in
Low-Resource and Indic Contexts

Research in MMT for low-resource or Indic lan-
guages has been relatively limited. Hindi Vi-
sual Genome (HVG) (Parida et al., 2019) was
the first dataset for multimodal English-Hindi ma-
chine translation, which was built over the previ-
ously available Visual Genome dataset (Krishna
et al., 2016). WAT (Workshop on Asian Transla-
tion) has frequently used this dataset for its multi-
modal translation tasks.

In recent years, Indic languages have been
getting more focus at WAT and WMT workshop
shared tasks, with the inclusion of languages like
Hindi, Bengali, Malayalam, etc. in the English-
to-Lowres Multimodal Translation Task. One of
the notable recent submissions (Rajpoot et al.,
2024), proposed a chain-of-thought guided MMT
approach using LLMs, which achieved competitive
results for Hindi and Bengali. Moreover, (Khan
et al., 2025) introduced Chitranuvad, a multimodal

model that fuses a multilingual LLM with a vision
encoder, achieving strong results for Hindi lan-
guage.

Some studies have tried to overcome the lack
of multimodal data in low-resource languages by
synthetic multimodal data generation and cross-
modal alignment. For example, in the work (Xiao
et al., 2025), the authors propose converting text-
only corpora to visually enriched datasets using
image-generation models. The generated output
is then validated by an LLM to make sure visual
content is consistent with textual translations.

2.4. Evaluation & Metrics in MMT

Metrics used to evaluate translation quality include
BLEU, ChrF (Popovi¢, 2015), and neural metrics
such as COMET (Rei et al., 2020). However, in the
multimodal context, these metrics do not account
for the contribution of visual information. The CoM-
MuTE benchmark (Futeral et al., 2023) addresses
this limitation by introducing a contrastive scoring
framework. Each source sentence in the CoM-
MuTE evaluation set is paired with two images
and their corresponding translations. The model is
then asked to rank the likelihood of the two transla-
tions separately for each image. A final accuracy
score is computed based on the proportion of cor-
rectly ranked translation pairs over the total num-
ber of examples in the COMMUTE evaluation set.

3. Methodology

3.1. IndicCOMMuTE

The CoMMUTE (Contrastive Multilingual Multi-
modal Translation Evaluation) benchmark, intro-
duced by (Futeral et al., 2023), provides a stan-
dardized framework to evaluate a system’s ability
to utilize visual cues during text translation. CoM-
MuTE focuses on ambiguous sentences, where
an accompanied image is required for understand-
ing the context (example in Figure 1). The evalu-
ation set is comprised of English sentences, each
of which is grouped with two images, where the
meaning of the sentence changes in the context
of each image, along with the corresponding trans-
lations in different languages. The goal of CoM-
MUTE is to use the MMT models to rank each of
the two translations for sentence-image pairs indi-
vidually.

In the original work (Futeral et al.,, 2023),
the translations were provided for 3 languages:
French, German, and Czech. Later, the work
(Futeral et al., 2025) extended to 3 additional lan-
guages, Arabic, Russian, and Chinese.

In this paper, we extend the COMMUTE bench-
mark with two additional low resource languages -
Hindi and Odia, representing Indo-Aryan linguistic
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Language Script # Samples
German Latin 300
French Latin 308
Czech Latin 308
Russian Cyrillic 324
Chinese Han 324
Arabic Arabic 324
Hindi Devanagari 300
Odia Odia 300

Table 1: Language coverage and dataset size for
CoMMUTE and IndicCoMMUTE.

families. We refer to this extended version as Indic-
CoMMUTE ', with an aim to broaden the scope of
multimodal machine translation research beyond
high-resource languages. We kept the existing
structure of COMMUTE evaluation dataset intact,
where each English sentence is complemented
with two translations in Hindi and Odia, respec-
tively, aligning with the contexts represented in the
associated images. The English text was trans-
lated and reviewed by native speakers of Hindi and
Odia languages.

Together, COMMUTE and IndicCOMMUTE now
cover eight languages as shown in Table 1, en-
abling more comprehensive multilingual evalua-
tion of multimodal translation systems.

Along with expanding the coverage of CoM-
MuTE benchmark, the introduction of IndicCoM-
MUuTE also provides a systematic way to exam-
ine the generalization capabilities of various mul-
timodal systems across typologically distant lan-
guages. We intend to publicly release the In-
dicCoMMUTE dataset in order to facilitate repro-
ducible research and future work on MMT in low-
resource languages.

3.2. Models

We choose a representative set of 5 open-source
multimodal LLMs with fewer than 15B parameters
to benchmark and investigate the translation ca-
pabilities of state-of-the-art LLMs in multimodal
settings. Each of these models has been tested
across eight target languages (German, French,
Czech, Russian, Chinese, Arabic, Hindi, and Odia)
in both text-only and multimodal settings.

While selecting the models for evaluation, em-
phasis was placed on their open availability, archi-
tectural diversity, and size. To maintain computa-
tional feasibility and reproducibility, we refrained
from selecting very large proprietary systems and
therefore restricted our selection to models with
fewer than 15 billion parameters. This thresh-
old strikes an adequate balance between having

'https://github.com/chirag-wadhwa/IndicCoMMuTE

Model # Parameters
Gemma-3-12b-it 12B
Pixtral-12B-2409 12B
Llama-3.2-11B-Vision 11B
Qwen3-VL-8B-Instruct 8B
Phi-4-multimodal-instruct 5.6B
Nllb-200-3.3B 3.3B

Table 2: Benchmarked models and their parame-
ter sizes.

Parmeter Value

Training Data Samples  Hindi: 28930
Odia: 28930

LoRA Rank 8

LoRA Alpha 8

Steps 100

Batch Size 64

GPU
Training Duration

1 (Nvidia A100 40 GB)
120 mins

Table 3: LoRA Finetuning parameters.

enough parameters to effectively capture multi-
modal context across a variety of languages and
remaining accessible for resource-constrained in-
ference settings. For a comprehensive compara-
tive analysis, we also present translation scores
from a text-only model, which serve as baselines
for assessing the multimodal ability of LLMs to
leverage visual grounding. Table 2 presents the
shortlisted models and their sizes in terms of the
number of parameters.

3.3. Evaluation Metrics

We evaluate the models in both text-only and mul-
timodal settings. The prompts used are as follows:

» Text-only — “Translate the following English
sentenceto {target_language}. Only pro-
vide the translated text. English sentence:
{source_sentence}.”

* Multimodal — “Translate the following En-
glish sentence to {target_language}, US-
ing the provided image for context. Ensure
the translation accurately reflects the con-
tent and context of the image. Only pro-
vide the translated text. English sentence:
{source_sentence}.”

We make use of two complementary metrics
for the quantitative assessment of translations by
all the selected models: ChrF and COMET. Fo-
cusing on multiple aspects of translation perfor-
mance, this setup provides a holistic understand-
ing of character-level overlap and semantic com-
petence of the translated text.
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(a) Wir haben den Trainer gewechselt. (b) Wir haben die Waggons gewechselt.

Figure 2: Pixtral’s text-only and multimodal German translations for the source English sentence: We
changed coaches. The model correctly differentiated between the two meanings of coach—a sports
trainer and a railway carriage—using visual context.

(a) U o agH ot 3 38T 8

(b) Ueh =aferT UeeR &t 2@ @ 81

Figure 3: Gemma-3-12b’s text-only and multimodal Hindi translations for the source English sentence:
A person looking at a rock. The model correctly differentiated between the two meanings of rock—a
large rock formation and a small stone—using visual context.

CHRF (Character n-gram F-score) (Popovic,
2015) is an automatic evaluation metric for ma-
chine translation that measures the overlap of char-
acter n-grams between system outputs and refer-
ence translations, combining precision and recall
via the F-score.

COMET (Crosslingual Optimized Metric for Eval-
uation of Translation) (Rei et al., 2020) is a neu-
ral network—based evaluation metric that predicts
human judgment scores by comparing source, hy-
pothesis, and reference embeddings from pre-
trained multilingual models. Forthe purpose of this
study, we use the wmit22-comet-da model.

We evaluate the statistical significance of fine-
tuning gains using paired bootstrap resampling.
For each language, we compute sentence-level
paired differences (COMET score) between the
fine-tuned and baseline systems. These paired
differences are resampled with replacement for
1,000 bootstrap iterations to construct an empiri-
cal distribution of mean score differences. From
this distribution, we estimate the mean improve-

ment and derive a 95% percentile confidence
interval (Cl). Each evaluation consists of 300
sentences(same size as IndicCoMMuTe), with
sentence-level pairing ensuring that each test in-
stance contributes a single paired difference. Im-
provements are considered statistically significant
when the corresponding 95% CI excludes zero.
By avoiding distributional assumptions, this non-
parametric approach provides reliable estimates of
uncertainty around the observed gains.

3.4. Parameter Efficient Fine-tuning

We fine-tuned the Llama-3.2-11B-Vision model us-
ing Low-Rank Adaptation (LoRA)(Hu et al., 2021)
to enhance its multimodal translation performance.
We specifically focused on the two Indic lan-
guages, Hindi and Odia. LoRA fine-tuning was
performed to improve the model’'s multimodal ca-
pabilities without changing the base model weights
and avoiding overfitting by choosing smaller rank
and scaling values. The datasets chosen for fine-
tuning were Hindi Visual Genome (HVG) and Odia
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(a) Before fine-tuning: =R 3T @TA AT I 8l
3@ hd &2

After fine-tuning: T 3T &l St T8l &
Ghd?

(b) Before fine-tuning: T 3TT AT T &Y &
end 87

After fine-tuning: T 31T ATeT 3T T AL T8t
3@ 9&hd?

Figure 4: Llama-3.2-11B-Vision’s before and after fine-tuning Hindi translations for the source English
sentence: Can you not see the red light? While the model initially failed to distinguish between the two
meanings, fine-tuning enabled it to correctly identify the visual differences between the images.

Visual Genome (OVG). The detailed hyperparam-
eters are provided in Table 3.

4. Results and Analysis

4.1. Overall Performance Trends

Table 4 and Table 5 show the highest ChrF and
COMET scores for each language were achieved
by the multimodal models, as compared to the
text-only baseline. Figure 2 illustrates an exam-
ple of how Pixtral-12B-2409 is able to success-
fully capture the visual context in its translation
for the source English sentence “We changed
coaches.” Similarly, Figure 3 illustrates an ex-
ample of Gemma-3-12b-it successfully translat-
ing the source sentence ‘A person looking at a
rock.” using the image contexts. While some
models showed superior performance in Euro-
pean languages such as German and French, oth-
ers achieved better results in morphologically dis-
tinct languages like Arabic and Russian. Notably,
Pixtral-12B-2409 and Gemma-3-12B-it performed
competitively across most languages. One major
reason for these variations could be imbalances
in the size and quality of the language-specific
datasets used during model training.

4.2. Performance on Indic Languages

For the newly introduced low-resource Indic lan-
guages, Hindi and Odia, included as part of the

IndicCoMMUTE, the multimodal models were able
to leverage the visual context to disambiguate the
source text, as reflected by the higher scores.
Among them, Gemma-3-12B-it and Qwen3-VL-8B-
Instruct achieved the best scores. However, over-
all scores remained lower, particularly for Odia,
than those for the other languages. This is partly
due to the limited availability of training data for
these models and the presence of hallucinated out-
puts observed in the qualitative analysis. These
hallucinations, where the model generated seman-
tically irrelevant or extraneous content, contributed
to reduced CHRF and COMET scores.

4.3. Fine-tuning for Low-resource
Languages

Llama-3.2-11B-Vision, the model with the low-
est average baseline score, was selected for
LoRA-based fine-tuning to improve performance.
The focus was on translation performance for In-
dic languages; therefore, the selected datasets
were training subset of Hindi Visual Genome and
Odia Visual Genome. This led to significant
gains in both ChrF and COMET metrics for Hindi
and Odia languages, highlighting that lightweight,
parameter-efficient adaptation can substantially
enhance multimodal translation quality with mini-
mal compute and data requirements. Figure 4 il-
lustrates how the model was better able to lever-
age visual context after fine-tuning for the source
sentence “Can you not see the red light?”
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Model Arabic Czech German French Russian Chinese Hindi Odia
Text only
NIlb-200-3.3B 43.37 51.80 58.18 59.65 43.86 20.03 48.67 51.23
Pixtral-12B-2409 25.16 36.61 55.97 57.40 40.98 25.35 34.56 13.57
Qwen3-VL-8B-Instruct 36.31 41.28 54.70 57.33 43.11 27.99 39.22 27.65
Gemma-3-12b-it 40.94 49.19 58.64 59.15 42.74 23.75 47.37 25.64
Phi-4-multimodal-instruct 30.19 32.24 49.32 54.11 38.66 23.72 30.36 1.69
Llama-3.2-11B-Vision 33.19 40.46 52.03 54.22 37.67 19.49 39.30 11.40
Multimodal (Zero-shot Prompt)
Pixtral-12B-2409 31.96 40.62 61.29 66.31 48.09 29.22 37.30 13.47
Qwen3-VL-8B-Instruct 36.53 44 .31 58.77 61.22 46.53 29.26 40.35 27.83
Gemma-3-12b-it 41.62 48.56 58.89 61.51 47.95 20.93 4218 25.21
Phi-4-multimodal-instruct  22.95 29.76 48.09 54.79 37.49 21.20 28.94 0.85
Llama-3.2-11B-Vision 17.97 28.87 42.30 50.18 28.41 13.05 23.24 0.20

Table 4: ChrF scores for En—X translation models across multiple languages. Best scores in each

column are highlighted.

Model Arabic Czech German French Russian Chinese Hindi Odia
Text only
NIlb-200-3.3B 80.17 84.91 81.33 81.41 82.23 76.89 73.76  82.03
Pixtral-12B-2409 67.06 73.27 81.19 78.84 79.84 79.24 66.78 44.85
Qwen3-VL-8B-Instruct 76.27 80.58 79.80 79.37 80.81 80.97 70.36 65.12
Gemma-3-12b-it 78.10 83.49 81.72 80.22 81.63 79.67 77.09 62.46
Phi-4-multimodal-instruct 69.49 72.68 77.49 78.36 77.19 79.15 63.57 41.61
Llama-3.2-11B-Vision 72.43 77.25 78.93 78.44 77.73 78.38 71.60 53.77
Multimodal (Zero-shot Prompt)
Pixtral-12B-2409 72.57 77.01 85.28 85.47 85.53 85.12 69.00 44.39
Qwen3-VL-8B-Instruct 77.65 82.62 83.80 82.76 84.76 86.40 72.03 70.40
Gemma-3-12b-it 80.33 85.80 84.20 84.46 85.44 83.21 73.10 65.89
Phi-4-multimodal-instruct  67.17 67.24 78.63 79.27 78.68 82.23 61.73 40.28
Llama-3.2-11B-Vision 61.10 69.36 73.28 7714 72.57 76.89 57.08 37.87

Table 5: COMET scores for En—X translation models across multiple languages. Best scores in each

column are highlighted.

Llama-3.2-11B-Vision

4.4. Human Evaluation

Language Baseline Fine-tuned L . .
— 4.4.1. Qualitative Analysis of Multimodal
Hindi 57.08 69.88 Translation Outputs
Odia 37.87 61.68
German 73 08 79.97 To complement automatic evaluation metrics, we

Table 6: COMET Scores for vanilla and finetuned
model.

Table 6 presents the COMET scores for Llama-
3.2-11B-Vision, before and after fine-tuning. The
fine-tuning improvements for Hindi and Odia are
statistically significant under paired bootstrap re-
sampling, with 95% confidence intervals excluding
zero.

performed a qualitative analysis of translations
generated by several multimodal LLMs alongside
atext-only NMT baseline. The analysis focused on
aspects that are difficult to capture through auto-
matic metrics, such as visual disambiguation, hal-
lucinations, script correctness, and translation flu-
ency. Overall, multimodal models demonstrate the
ability to use visual context to resolve certain lexi-
cal ambiguities that text-only systems typically fail
to distinguish. For instance, different image con-
texts often led to different translations for ambigu-
ous words such as bank, spring, and glasses, in-
dicating that visual grounding can guide transla-
tion decisions. At the same time, the analysis
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reveals several limitations. Performance varies
considerably across models and languages, with
translations into high-resource languages gener-
ally appearing more stable and fluent. In contrast,
translations into low-resource Indic languages are
more prone to issues such as script inconsisten-
cies, transliteration of English words, and occa-
sional hallucinated or malformed outputs. These
observations highlight both the potential of multi-
modal grounding for translation and the challenges
that remain in supporting linguistically diverse set-
tings.
4.4.2. Impact of Parameter-Efficient
Fine-Tuning

We also examined the effect of lightweight LORA
fine-tuning on the Llama-3.2-11B-Vision model us-
ing multimodal training data in Hindi and Odia. The
qualitative analysis indicates that fine-tuning sub-
stantially improves the reliability and formatting of
the model’s outputs, particularly for low-resource
Indic languages. After fine-tuning, translations ap-
pear more consistently in the correct script and
exhibit far fewer generation artifacts such as ver-
bose explanations, image descriptions, or repeti-
tive output patterns. The model also shows im-
proved stability when generating translations in
these languages, producing outputs that are gen-
erally more coherent and usable. In addition, mod-
est improvements in visually grounded translation
behavior can be observed in some cases, suggest-
ing that the fine-tuning process helps the model
better align visual context with translation deci-
sions. Interestingly, some improvements are also
visible in languages that were not included in the
fine-tuning data, indicating that the adaptation may
influence the model’s broader multimodal genera-
tion behavior. Overall, these observations suggest
that parameter-efficient fine-tuning can meaning-
fully improve the usability of multimodal translation
systems, particularly for languages that are under-
represented in the original training data.

4.5. Cross-lingual Generalization

We also investigated whether fine-tuning on the
Indic datasets led to any cross-lingual transfer
and improved instruction following. Notably, when
the fine-tuned Llama-3.2-11B-Vision model was
evaluated on English—-German multimodal transla-
tion, it achieved higher ChrF and COMET scores
compared to the baseline, indicating that the fine-
tuning process improved the model’s multimodal
instruction following and general visual-semantic
understanding rather than language-specific repre-
sentations. Table 6 presents the COMET scores
for Llama-3.2-11B-Vision for German, before and
after fine-tuning.  IndicCOMMUTE currently in-

cludes two Indic languages and 300 contrastive
items per language, limiting broad generalization
claims across the diverse Indic language families.

5. Conclusion and Future Work

Through this work, we explored the impact of
visual cues on multimodal machine translation
across eight languages using the COMMUTE and
IndicCOMMUTE evaluation sets. We compared
a baseline text-only model with 5 LLM-based
multimodal architectures, analyzed behavior for
two low-resource Indic languages, and examined
cross-lingual generalization effects. Based on our
findings, we summarize the key conclusions as fol-
lows:

» The multimodal models consistently outper-
formed the text-only baselines, demonstrating
the influence of visual context in disambiguat-
ing ambiguous texts.

» Translation performance varied across lan-
guages, largely impacted by the amount and
quality of training data available for each lan-
guage.

» For the low-resource Indic languages intro-
duced in this study - Hindi and Odia, Gemma
3 (12B) and Qwen 3 (8B) achieved the highest
scores.

» With the LoRA-based fine-tuning of the Llama-
3.2-11B-Vision model on the HVG and OVG
datasets, a substantial gain in translation ac-
curacy was observed for both the Indic lan-
guages, demonstrating that even lightweight
tuning can enhance instruction following and
multimodal understanding.

» Llama-3.2-11B-Vision, fine-tuned for Hindi
and Odia, also showed improved perfor-
mance on English-German multimodal trans-
lation, suggesting that fine-tuning aids cross-
lingual transfer of visual-semantic knowledge.

» Overall, incorporating visual context com-
bined with efficient fine-tuning can lead to
improved translation, particularly for low-
resource languages.

Building on the findings of this study, we identify
several promising directions for future research:

* We plan to fine-tune other multimodal mod-
els, such as Pixtral, Gemma, and Qwen-VL,
to evaluate whether the observed gains from
LoRA-based adaptation generalize across ar-
chitectures and model scales.
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» We plan to extend the IndicCoMMUTE bench-
mark to include additional Indic languages,
particularly Dravidian languages, and other
multimodal LLMs with the objective of broad-
ening coverage and advancing research in
multimodal translation for underrepresented
linguistic domains.

» We plan to focus on mitigating hallucinations
through improved image—text alignment ob-
jectives and increasing the volume of fine-
tuning dataset.
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