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Abstract

Multimodal large language models have ad-
vanced rapidly, yet most remain English-
centric, as scaling multilingual multimodal in-
struction tuning is limited by the scarcity and
high cost of high-quality non-English image-
text supervision. Although multilingual text
data is abundant, naive textual fine-tuning can
disrupt vision-language alignment and induce
catastrophic forgetting. We propose Vision-
Free Adaptation (VFA), a framework that de-
couples multilingual language enhancement
from visual alignment by composing comple-
mentary task vectors over a shared LLM back-
bone. Specifically, we fine-tune a base LLM
on multilingual text data to derive a multilin-
gual task vector, which is then merged with the
vision-aligned task vector of an MLLM. Exper-
iments on five MLLMs across six multilingual
multimodal benchmarks show consistent im-
provements while preserving both general mul-
timodal and text-only capabilities. Moreover,
using less than 2% of the text data, VFA nar-
rows the gap to the fully multimodal-trained
model, demonstrating its data efficiency.

1 Introduction

Multimodal large language models (MLLMs)
have rapidly advanced the ability to reason over
images and text in a unified interface, enabling
visual question answering, grounded dialogue,
and multimodal reasoning (Tong et al., 2025).
As MLLMs move toward real-world deployment,
multilingual and cross-cultural (Song et al., 2026)
competence is becoming increasingly important:
models should not only parse and follow non-
English instructions, but also ground culturally
specific concepts in visual contexts (Bai et al.,
2025a; Nyandwi et al., 2025). Yet most open-
source MLLMs remain English-centric, and their
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Figure 1: Overview of VFA. Top: Multilingual visual
performance of Idefics3-8B on XM100, where VFA
improves multilinguality while direct text-only tuning
degrades performance. Bottom: VFA decouples mul-
timodal adaptation via a two-stage vision-free strategy:
Stage 1 fine-tunes the LLM on text data, and Stage 2
merges multilingual knowledge into the MLLM.

performance often degrades substantially when
prompts, outputs, or benchmarks shift beyond En-
glish, limiting their applicability across global
users and scenarios (Yue et al., 2024).

A common approach to building multilingual
MLLMs is to scale multilingual multimodal in-
struction tuning using imagetext pairs (Yue et al.,
2024; Dash et al., 2025). While effective, this
paradigm is fundamentally constrained by data
availability: high-quality non-English multimodal
supervision remains scarce, expensive to curate,
and unevenly distributed across languages and cul-
tures, making comprehensive multilingual cover-
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age difficult to achieve in practice (Zhang et al.,
2025b). Moreover, multilingual multimodal train-
ing incurs substantial computational overhead, as
visual tokens lengthen input sequences and signif-
icantly increase attention and memory costs (Kuo
et al., 2025). Taken together, these limitations im-
pede the scalability of large-scale multilingual im-
agetext training as a general solution for multilin-
gual adaptation.

Multilingual text data offers a compelling alter-
native: it is rich, cheaper to obtain, and far more
scalable for multilingual learning. However, di-
rectly fine-tuning an MLLM on text can substan-
tially interfere with its established cross-modal
alignment, potentially leading to catastrophic for-
getting of multimodal capabilities, as shown in
Figure 1. This failure mode suggests that effec-
tive multilingual adaptation should strengthen lan-
guage competence while minimizing disruption to
the vision—language alignment learned during mul-
timodal pre-training (Sanyal et al., 2025).

To address this challenge, we propose Vision-
Free Adaptation (VFA), which reframes multi-
lingual and multimodal adaptation as the com-
position of task vectors defined over a shared
LLM backbone. Concretely, we view a trained
MLLM as the original LLM augmented by a
vision-aligned task vector, representing the param-
eter changes that encode cross-modal grounding.
Separately, we derive a multilingual task vector
by fine-tuning the same original LLM on multilin-
gual text data. VFA then fuses these task vectors
to inject multilingual competence into the MLLM
while preserving its existing vision language align-
ment. This formulation mitigates the catastrophic
forgetting commonly observed in direct text fine-
tuning and reduces reliance on scarce multilingual
image-text pairs.

We evaluate VFA on five MLLMs across dif-
ferent scales and model families on six multi-
lingual multimodal benchmarks. VFA consis-
tently enhances multilingual performance, yield-
ing improvements of +2.99 and +0.57 on LLaVA-
OneVision-1.5 at 8B and 4B scales, respectively.
Importantly, these gains are obtained with general
multimodal and text-only capabilities largely re-
tained. Moreover, despite being trained on only
100K text samples, VFA substantially narrows
the gap to multilingual models that rely on mil-
lions of imagetext pairs for full multimodal train-
ing, demonstrating the effectiveness and data ef-
ficiency of our approach. Overall, VFA provides

a practical and resource-efficient pathway toward
multilingual MLLMs, paving the way for future
research on domain-specific multimodal models. '

2 Related Work

Multimodal LLLMs Currently, MLLMs have
achieved breakthrough progress in architectural
paradigms and general capabilities (Wang et al.,
2026, 2025b). Closed-source models like GPT-5
series (OpenAl, 2025) and Gemini 2.5 Pro (Co-
manici et al., 2025) have demonstrated remark-
able capabilities, while in the open-source do-
main, the LLaVA series (Liu et al., 2023) es-
tablished a mainstream paradigm by aligning vi-
sion encoders with LLMs via a projection layer.
Subsequent works, such as LLaVA-OneVision-
1.5 (An et al., 2025) and Qwen3-VL (Bai et al.,
2025b), have further optimized training strate-
gies. However, most open-source MLLMs heav-
ily rely on large-scale text-image pair datasets for
instruction tuning. Consequently, although the
language backbones of these MLLMs possess in-
herent multilingual capabilities, the models often
suffer from performance degradation or hallucina-
tions in non-English tasks due to the scarcity of
visually aligned multilingual data.

Multilingual MLLMs Although recent re-
search tries to improve MLLMs’ multilingual
language ability by expanding data scale, the lack
of high-quality image-text data and high training
costs pose a significant challenge (Chen et al.,
2023a; Ruan et al., 2025). For instance, Yue
et al. (2024) introduces Pangea, a series of fully
open-source multilingual multimodal models. By
releasing the 39-language Pangealnstruct dataset,
they demonstrate that broader language coverage
is key to boosting cross-cultural capabilities
in MLLMs. Aya Vision (Dash et al., 2025)
utilizes high-quality synthetic data to tackle
the non-English instruction following gap by
capitalizing on massive text generation. However,
these resource-intensive, data-driven approaches
are hindered by the scarcity of high-quality
non-English image-text pairs. In contrast, we ad-
dress these challenges by utilizing pure text data,
thereby significantly improving the multilingual
performance of MLLMs.

'Code is available at
sustech-nlp/VFA.

https://github.com/
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Figure 2: Overall Architecture of VFA. Traditional multilingual MLLM tuning depends on scarce, costly non-
English image—text supervision and expensive end-to-end training. VFA leverages rich multilingual fext-only data,
fine-tunes the base LLM to obtain a multilingual task vector, and merges it into a vision-aligned MLLM to enhance
multilinguality while preserving vision—language alignment.

Model Merging for MLLM Model merging of-
fers a cost-efficient way to expand model capabil-
ities without increasing inference overhead (Yang
et al., 2024; Zhang et al., 2025a; Du et al., 2025).
However, its potential for multilingual enhance-
ment in MLLMs remains underexplored. At
present, although several studies have explored en-
hancing MLLMs with mathematical (Chen et al.,
2025) or coding (Jiang et al., 2025) capabilities
via model merging, there is limited research on its
application to multilingual adaptation. To address
this gap, we propose a method that combines fine-
tuning with model merging, enabling the efficient
construction of multilingual MLLMs without rely-
ing on large-scale imagetext datasets.

3 Methodology

3.1 Vision-Free Adaptation (VFA)

Directly fine-tuning an MLLM on multilingual
text often induces modal interference, as language-
only updates can disturb the vision-language
alignment learned during multimodal training and
weaken cross-lingual multimodal integration. As
a result, improvements in multilingual text under-
standing do not reliably translate into stronger mul-
tilingual multimodal performance. To address this
issue, VFA decouples multilingual learning from
visual grounding through a task-vector formula-
tion. Under this view, fine-tuning is treated as
a task-specific parameter update that can be com-
posed with the vision-aligned parameters of an ex-
isting MLLM.

Formally, VFA first fine-tunes the base LLM ini-
tialization 0,5 on multilingual text data Dy to
obtain Opr:

Orr + Tune(ebasm Dmulti)7 (1)

where Tune denotes either full-parameter fine-
tuning or parameter-efficient adaptation (Wang
et al., 2025a). The parameter difference (fpr —
Opase) is interpreted as a multilingual task vector
and is injected into the MLLM backbone Oy rm
via a scaling factor «:

emerged = QMLLM + a (GFT - ebase)a (2)

where Opperged 18 the resulting model parameterized
for downstream tasks.

In comparison, conventional multimodal adap-
tation directly updates the MLLM parameters
OmrMm using image—text supervision data Dyjgya:

Otuned = Tune(aMLLMv Dyisual ) ) 3)

where Oyneq represents the parameters of the con-
ventionally fine-tuned model.

As illustrated in Figure 2, VFA enhances mul-
tilingual capability by leveraging large-scale text-
only data, while preserving visual grounding by
keeping the vision encoder and projection mod-
ules frozen. Multilingual knowledge is acquired
independently of visual supervision and subse-
quently composed with the vision-aligned MLLM,
thereby mitigating interference between linguistic
and visual adaptation. This design substantially re-
duces reliance on scarce multilingual image—text
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supervision, offering a more resource-efficient al-
ternative to joint multimodal fine-tuning. More-
over, when multiple MLLMs share the same un-
derlying LLM, the multilingual task vector can
be trained once and reused across models via
lightweight merging, whereas end-to-end multi-
modal adaptation must be performed separately
for each MLLM, incurring significantly higher
training costs.

3.2 Merging Methods

We consider three representative merging opera-
tors for composing the multilingual update with
the vision-aligned MLLM, each offering a distinct
trade-off between multilingual capability injection
and preservation of vision—language alignment.

Weight Averaging (WA). Weight averag-
ing (Wortsman et al., 2022) linearly interpolates
between the pre-trained backbone and the
fine-tuned parameters:

Afr = OpT — Obase;

AmLLm = OmLiM — Obase,

emerged = Obase + @ - AmrLLMm + (1 - 04) : AFT;

“4)

where Oy and 0y, denote the fine-tuned LLM
and the original LLM backbone within the VLM,
respectively. The mixing coefficient a € [0, 1] bal-
ances the trade-off between general multimodal ca-
pabilities and task-specific expertise.

Task Arithmetic (TA). Task arithmetic (Ilharco
etal., 2023) constructs a task vector 7 that captures
the learned update and adds it to the backbone:

Hmerged = ‘gbase + - (AFT + AMLLM)7 (5)

where « is a scaling factor used to control the
strength of the injected capabilities.

TIES-Merging. To mitigate parameter interfer-
ence, TIES (Yadav et al., 2023) applies Trimming,
Electing, and Sign-merging on the task vector.
The merged parameters are derived as:

Gmerged = Opase + - TIES(AFT + AMLLM)a (6)

where the function TIES(-) represents the sequen-
tial process of: (i) Trimming to retain only the top-
k% parameters by magnitude, (ii) Electing to de-
termine the dominant sign of each parameter, and
(iii) Sign-merging to aggregate values that align
with the elected sign. The scaling factor o con-
trols the intensity of the combined multimodal and
task-specific updates.

Benchmarks
MaXM, xGQA, xMMMU, XM100,

Dimension
MULTILINGUAL

MULTIMODAL MaRVL, M3Exam

GENERAL OCRBench, MMBench, MMMU,
MULTIMODAL MathVista

TEXT-ONLY TyDiQA, MMMLU, XNLI, HellaSwag,
MULTILINGUAL  MLogiQA, M-IFEval, FLORES

Table 1: Benchmark suite grouped by evaluation axis.

3.3 Merged MLLM

To ensure consistent token representations and
avoid disrupting vision—language alignment dur-
ing model merging, we follow the standard prac-
tice (Chen et al., 2025) and exclude the visual in-
put and output embeddings from the merging pro-
cess. The resulting VFA model is composed by
integrating the merged language backbone with
frozen visual modules:

:anmb’ glansv gkllnead}’ (7)

Merged Language Backbone

QVFA = {QV—CHC7 Hproja

Visual Backbone

where the superscript m denotes merged parame-
ters. Specifically, Oy.enc and 60 represent the vi-
sual encoder and vision language projector inher-
ited from the original MLLM, respectively. For
the language backbone, 0] ., 0., and 0L, cor-
respond to the merged token embeddings, trans-
former blocks, and output head. By keeping the
visual stream fixed, this design retains the mod-
els vision—language grounding while enabling the
seamless integration of multilingual knowledge
without additional training. Importantly, VFA pro-
duces a single unified model with no additional in-
ference latency or memory overhead compared to
the original MLLM.

4 Experiments

4.1 Experimental Setup

Multilingual Adaptation. (1) Data. For multi-
lingual adaptation, we fine-tune the base LLMs on
a 100K-example subset of the Multilingual-SFT
dataset,” which combines xP3mt (Muennighoff
et al., 2022), Bactrian-X (Li et al., 2023), the
text subset of Aya Vision (Singh et al., 2024),
and LLM-generated instruction data. (2) Mod-
els. We evaluate VFA on five MLLMs span-
ning multiple model families and scales, includ-
ing Qwen2.5 (Team, 2024), Qwen3 (Team, 2025),
Llama3 (Al@Meta, 2024), and Llama3.1 (Meta

Zhttps://huggingface.co/datasets/agentlans/multilingual-
sft
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Model Method ‘ MaXM xGQA xMMMU XM100 MaRVL M3Exam Avg.
Base 5037 4781 4834 1574 5350 61.97 46.29
Direct Text ST | 4968  31.20 49.69 13.80 0.00 61.86 3437
Quen2.3-VL-TB |\ Gains ‘ 060 1661 +1.35 194 5350 011 | —11.92
e VFA (ours) 5169 4845 48.15 1543 65.83 62.55 48.68
A Gains | 4132 +0.64 -0.19 031 +12.33 +0.58 +2.39
Base 4640 4873 402383 13.80 2650 2793 3437
Direct Text SFT | 4656 44.95 36.45 14.06 38.00 4479 3747
Idefics3-8B A Gains +0.16  -3.78 -6.38 +026  +1150  +1686 | +3.10
VFA (ours) 5011 48.10 4327 16.20 62.67 4973 4501
A Gains | +3.71 -0.63 +0.44 +2.40 +36.17 +21.80 +10.64
Base 3026 43.60 3773 1.63 46.33 4548 34.17
Direct Text SFT | 4243 4401 3550 13.92 6.50 4224 30.77
LLaVA-Nex(-8B A Gains ‘ +12.17 4041 223 +1229  -39.83 324 -3.40
VFA (ours) 4280 4539 38.62 14.43 55.33 46.57 40.52
A Gains | +12.54 +1.79 +0.89 +12.80 +9.00 +1.09 +6.35
Base 5397 2985 5471 16,51 62.17 63.86 46.85
Direct Text SFT | 5292 28.73 55.80 15.07 61.83 64.08 46.41
LLaVA-OV-1.5-8B | 5 Ging ‘ -105  -1.12 +1.09 ~1.44 -0.34 +0.22 -0.44
) VFA (ours) 56.14  43.97 53.67 16.02 65.50 63.75 49.84
A Gains | 4207 41412 -1.04 -0.49 +3.33 0.1 +2.99
Base 4952 3649 53.44 14.86 60.50 59.79 4577
Direct Text SFT | 49.47  32.17 53.05 1432 6033 59.75 44.85
LLaVA-OV-1.5-4B | A Gains ‘ 005 432 -0.39 -0.54 —0.17 -0.04 -0.92
VFA (ours) 5164 3771 53.42 1434 60.67 60.26 4634
A Gains | 4212 4122 -0.02 -0.52 +0.17 +0.47 +0.57

Table 2: Multilingual Multimodal Results of VFA across Various MLLMs. Green and Red values in A Gains
rows denote relative changes compared to the base MLLM. —indicates the backbone of the MLLM.

Al, 2024) series (4B—8B). (3) Training. All ex-
periments are run on 4xA100 (80GB) GPUs us-
ing LlamaFactory (Zheng et al., 2024). Detailed
dataset descriptions, models, and hyperparameters
are provided in Appendix A.

Multimodal Model Merging. To incorporate
multilingual capability into MLLMs, we compare
three merging methods (WA, TA, and TIES). For
each model pair, we conduct experiments with
mixing coefficients « € {0.5,0.7,0.9,1.0} and
utilize CVQA (Mogrovejo et al., 2024) as a vali-
dation set to select the best combination.

Evaluation. For a comprehensive assessment,
we evaluate models along three axes: (i) multi-
lingual multimodal capability, (ii) general multi-
modal capability, and (iii) text-only multilingual
capability. Table 1 summarizes the benchmark
suite for each axis. We utilize OpenCompass (Con-
tributors, 2023) framework for text-only bench-
marks and Imms-eval (Zhang et al., 2024) frame-
work for multimodal benchmarks, using vLLM for
inference. We set the maximum sequence length
to 2048 and the batch size to 512. Additional de-
tails are provided in Appendix B.

4.2 Multilingual Multimodal Results

As shown in Table 2, we compare VFA with
the original MLLM (Base) and direct text-only

fine-tuning (Direct Text SFT). Across all evalu-
ated models, VFA consistently improves multi-
lingual multimodal performance under text-only
supervision, leading to higher overall averages
without degrading existing capabilities.  The
most pronounced gains are observed on cultur-
ally grounded visual reasoning tasks (MaRVL),
with improvements of +12.33 on Qwen2.5-VL-7B
and +36.17 on Idefics3-8B. This pattern indicates
that VFA is particularly effective for language-
intensive cross-cultural grounding, where accu-
rate linguistic interpretation plays a central role
in visual reasoning. Similar trends hold across
model families and scales, yielding average gains
of +2.39 (Qwen2.5-VL-7B), +10.64 (Idefics3-8B),
and +6.35 (LLaVA-Next-8B), as well as substan-
tial improvements on Qwen3-based LLaVA-OV
models (+2.99 for 8B and +0.57 for 4B), with no-
table gains on XGQA. Per-language breakdowns
for all benchmarks and qualitative examples are
provided in Appendix C and D, respectively.

In contrast, direct text-only fine-tuning fre-
quently leads to degraded multilingual multi-
modal performance, reflecting interference be-
tween linguistic adaptation and pre-existing
vision—language alignment. For Qwen2.5-VL-7B,
Direct Text SFT reduces the overall average by
11.92 and causes a near-complete collapse on
MaRVL (from 53.50 to 0.00), despite remain-
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Model Method OCRBench MMBench MMMU MathVista | Avg.
Base 14.36 87.80 51.11 61.90 | 53.79
sy BTN s e s
—Qwen2.5-7B-base ' ' ' ' ’
VFA 14.47 87.20 51.78 65.70 | 54.79
A Gains +0.11 —0.60 +0.67 +3.80 | +1.00
Base 5.96 84.50 38.78 2400 | 3831
Direct Text SFT 6.90 83.70 38.11 3340 | 40.53
Mefies3-88 i | A Gains +0.94 —0.80 067 4940 |+2.22
VFA 4.50 82.50 39.89 31.80 | 39.67
A Gains —1.46 -2.00 +1.11 +7.80 | +1.36
Base 6.44 79.60 38.00 20.60 | 36.16
Direct Text SFT 6.13 78.90 38.67 2420 | 36.98
LLaVA-Next8B | A Gains 031 070 4067  +3.60 |+0.82
VFA 6.40 80.10 40.11 20.80 | 36.85
A Gains —0.04 +0.50 +2.11 +0.20 | +0.69
Base 12.50 88.60 55.33 3280 | 47.31
Direct Text SFT 5.26 98.00 55.00 38.33 | 49.15
LLgX’tlg\géiilj A Gains —7.24 +9.40 -0.33 +5.53 +1.84
VFA 12.34 88.10 56.22 31.80 | 47.12
A Gains -0.16 -0.50 +0.89 -1.00 | -0.19
Base 11.44 89.90 53.22 36.50 | 47.77
Direct Text SFT 5.14 99.00 53.00 3233 | 47.37
LLg\\ijtlg\iéiiE A Gains 630 +9.10 022 417 [-0.40
VFA 11.44 90.10 54.22 37.50 | 48.32
A Gains +0.00 +0.20 +1.00 +1.00 | +0.55

Table 3: General Multimodal Results of VFA across Various MLLMs. Green and Red values in A Gains rows
denote relative changes compared to the base MLLM. —indicates the backbone of the MLLM.

ing competitive on several other benchmarks. A
similar trend is observed for LLaVA-Next-8B: al-
though Direct Text SFT improves MaXM and
XM100, it substantially degrades performance on
MaRVL (-39.83), resulting in an overall average
drop of 3.40. Taken together, these results align
with the motivation of VFA: composing a multi-
lingual task vector with a vision-aligned MLLM
enables broad multilingual gains while mitigating
the alignment degradation that can arise when the
MLLM backbone is directly adapted using text-
only supervision.

4.3 General Multimodal Results

As shown in Table 3, VFA maintains or im-
proves general-purpose vision—language perfor-
mance. Overall, we observe no systematic degra-
dation: VFA remains close to neutral on aver-
age for most models and can be beneficial in
some cases, such as +1.36 on Idefics3-8B and
+1.00 on Qwen2.5-VL-7B, while staying nearly
unchanged on LLaVA-OV-1.5-8B (-0.19). This
pattern indicates that introducing multilingual ca-
pability through VFA does not inherently interfere
with the visual grounding learned during multi-

modal training.

The observed gains are not uniform across
benchmarks. Improvements are primarily con-
centrated on reasoning-centric evaluations such
as MMMU and MathVista, while MMBench
and OCRBench exhibit only modest, backbone-
dependent variations. For instance, the aver-
age improvement on Idefics3-8B is driven largely
by a marked gain on MathVista (+7.80), de-
spite minor declines on OCRBench and MM-
Bench. This pattern suggests that enhancing
the language backbone predominantly benefits
language-intensive multimodal reasoning, includ-
ing problem interpretation and multi-step infer-
ence, whereas perception-heavy skills such as
OCR are less directly affected. Incorporating
additional multimodal supervision may therefore
be necessary to further improve performance on
perception-focused benchmarks.

4.4 Text-only Multilingual Results

Table 4 presents text-only multilingual perfor-
mance after injecting multilingual knowledge into
MLLMs via VFA. Across both Qwen and Llama
model families, VFA preserves or improves per-
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Model Method | TYDIQA MMMLU XNLI HellaSwag MLogiQA M-IFEval FLORES | Avg.
Base | 24.89 4470 67.67 5902 4662 6656  37.04 |49.50
Quen2>VLTB |VFA | 3105 4885 6859 6031 4888 6667 3390 |51.18
AGans | +6.16 4415 4092  +129 4226  +0.11  -3.14 |+1.68
Base | 31.60 4535 6383 5273 2062 5386 33.66 |4438
Idefics3-8B = | vEA | 4295 4598 6075 5322 4100 5791 1972 4593
AGams | +1135  40.63  -3.08  +049  +1138  +4.05  —13.94 |+1.55
Base | 2547 4195 5375 4589 3600 5250 3057 |40.88
LLaVA-Next-8B | ypy | 4555 4255 6050  49.73 3662 6177 3333 |47.15
A Gains +20.08 +0.60 +6.75 +3.84 +0.62 +9.27 +2.76 | +6.27
Base | 28.85 5038 67.84 6804 4825 7021 3837 |53.13
LLaVA-OV-1.5-8B | o 3043 5152 6725  67.94 5000  67.81 3800 |53.28
AGams | +158  +L14 059 010  +175 240 037 |+0.15
Base | 30.68 4975 6542  63.10 4588 7323  36.88 |52.13
LLaVA-OV-1.5-4BIyEa | 3138 4985 6633 6455 4688  70.83 3681 |52.38
A Gains +0.70 +0.10 +0.91 +1.45 +1.00 -2.40 -0.07 |+0.25

Table 4: Multilingual Text-task Results of VFA across Various MLLMs. Green and Red values in A Gains

rows denote relative changes compared to the base MLLM. —indicates the backbone of the MLLM.

Qwen2.5-VL-7B Idefics3-8B LLaVA-Next-8B LLaVA-OV-1.5-8B LLaVA-OV-1.5-4B
J I — N y 56/—
%45 45 .6 54 48
00— | u 52 40/
05 07 09 10 05 07 09 10 05 07 09 10 05 07 09 10 05 07 09 10
— WA — TA —— TIES Base

Figure 3: Effect of Merging Operators and Mixing Coefficient. Validation performance on CVQA under differ-
ent merging operators (WA, TA, and TIES) and mixing coefficients c.

formance on the vast majority of benchmarks. In
particular, it brings modest gains to Qwen-based
models and delivers substantial improvements
for LLaVA-Next-8B (46.27 on average). The
main outlier is Idefics3-8B, which achieves strong
gains on reasoning and knowledge-intensive tasks
but exhibits a pronounced decline on FLORES
(—13.94) and a smaller drop on XNLI (—3.08).

Inspecting outputs on the FLORES translation
task reveals that this regression is primarily an
artifact of generation behavior rather than a fun-
damental loss of translation ability. The merged
Idefics3 model typically translates the first sen-
tence correctly but fails to emit the EOS token,
over-generating hallucinated text until the length
limit. Since FLORES uses single-sentence ref-
erences, BLEU heavily penalizes this via preci-
sion dilution, drastically suppressing the score de-
spite the accurate initial translation. This issue is
most pronounced in languages with concise refer-
ences (e.g., Chinese) and is absent in LLaVA-Next-
8B, suggesting that the EOS-control mechanisms

of underlying instruction-tuned LLMs react differ-
ently to weight merging across MLLM families.
Representative examples of this EOS-failure pat-
tern are in Appendix E.

5 Analysis

5.1 Merging Strategies

We analyze how merging choices affect the
merged MLLM. Figure 3 compares the validation
performance (CVQA) of three operators (WA, TA,
and TIES) across different mixing coefficients o.
The results indicate that the performance trends
are highly dependent on architecture. Specifically,
for Qwen2.5-VL-7B and LLaVA-OV-1.5-4B, WA
and TA perform similarly and significantly out-
perform TIES. In contrast, for Idefics3-8B, TIES
demonstrates stronger overall performance, while
WA and TA experience substantial degradation
at higher coefficients. For LLaVA-Next-8B and
LLaVA-OV-1.5-8B, the optimal operator varies
with a, showing no single dominant method across
the range. Consequently, rather than applying a
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Model Method Training Dataset MaXM xGQA xMMMU XM100 MaRVL M3Exam | Avg.
Pangea-7B - 6M Multimodal Samples | 51.27  62.58 44.00 16.72 78.33 49.15 |50.34
Base - 45.03 42.64 47.97 2.05 57.83 5743 | 42.16
Qwen2-VL-7B | VFA 100K Text-Only Samples | 48.68  51.64 48.45 13.86  66.67 57.76 | 47.84
A Gains - +3.65 +49.00 +048  +11.81 +8.84 +0.33 | +5.68

Table 5: Comparison with Multimodal Fine-tuning on Multilingual Multimodal Benchmarks. We compare
VFA (trained on limited text-only data) against a baseline MLLM trained with large-scale image-text supervision,
highlighting the trade-off between performance and training efficiency.

Model Method \ CodeVision HumanEval-V | Avg. 5.3 Beyond Mu]ti]ingua]; VFA on Visual
Base 39.96 18.28 20.12 Coding Task
InternVL3-8B VEA 47.49 19.93 33.71 oding lasks
A Gains +7.53 +1.65 +4.59 . . . .
Base | 335 6.04 750 While we primarily focus on multilingual adap-
Llama3-LLaVA-8B | VFA 8.43 6.61 7.52 tation, VFA is inherently a versatile vision-free
A Gains ‘ +0.08 +0.57 +0.32 f k . . 1 1
Base 367 9.69 6.68 ramework. To illustrate its broader applicabil-
Idefics3-8B VFA 15.58 11.01 13.30 ity, we present an additional case study apply-
AGains | +11.91 +1.32 +6.62 . .. R . .
ing the vision-free injection paradigm to multi-

Table 6: VFA on Multimodal Visual Coding Tasks.

universal setting, our final configuration for each
backbone is determined by selecting the specific
combination of operator and coefficient « that
yields the highest absolute validation score. De-
tailed parameter choices and recommended de-
faults are summarized in Appendix F.

5.2 Comparison with Multimodal
Fine-tuning

We compare VFA to conventional multimodal
training that relies on large-scale paired image—
text supervision. As shown in Table 5, Pangea-
7B is trained with 6M multimodal samples on
Qwen2-7B-Instruct and achieves 50.34 on aver-
age, whereas VFA starts from Qwen2-VL-7B and
uses only 100K text-only samples (about 2% of
Pangea’s training size) to reach 47.84, leaving a
2.50-point gap. From an efficiency-frontier per-
spective, VFA shifts the performance vs. data-cost
trade-off leftward by replacing expensive multi-
lingual image—text curation with rich multilingual
text. The remaining gap is plausibly attributable
to capabilities that benefit from paired supervision,
such as stronger visual grounding and broader
multilingual vision—-language alignment coverage;
closing it may require higher-quality multilingual
text, stronger language backbones, or lightweight
hybrid objectives that reintroduce limited multi-
modal signals.

modal visual coding. As shown in Table 6, VFA
achieves consistent performance improvements
across all three evaluated backbones, yielding the
most significant gains on InternVL3-8B (+4.59)
and Idefics3-8B (+6.62). These findings under-
score VFA’s potential as a lightweight, reusable
mechanism for expanding MLLM capabilities be-
yond multilingual contexts.

6 Conclusion

In this paper, we introduce VFA, an efficient
framework designed to enhance the multilingual
capabilities of MLLMs without relying on ad-
ditional text-image paired datasets. Addition-
ally, VFA decouples linguistic knowledge injec-
tion from visual representation learning, effec-
tively circumventing the catastrophic forgetting of
visual alignment that often plagues direct text fine-
tuning methods. Extensive evaluations across five
diverse architectures and six multilingual multi-
modal benchmarks show that VFA not only pre-
serves generic multimodal robustness but also
surpasses models trained on massive multimodal
datasets in some tasks. Overall, this work provides
a practical and efficient pathway to broaden the lin-
guistic capabilities of MLLMs.

Limitations

The multilingual data used for adaptation does
not yet incorporate explicit quality filtering, and
its scale is intentionally kept modest to highlight
the efficiency of VFA. In addition, as a text-
only approach, VFA primarily enhances language-
intensive reasoning, while perception-heavy tasks
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such as OCR may still benefit from supplemen-
tary imagetext supervision. Our empirical evalu-
ation mainly focuses on models in the 4B-8B pa-
rameter range. Exploring larger model and data
scales, adopting stricter data curation, and devel-
oping more advanced merging algorithms to more
consistently mitigate this interference remain im-
portant directions for future work.
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A Training Settings

A.1 Datasets

Data Construction. The 100K multilingual
text subset is constructed deterministically from
the train split of the HuggingFace dataset
agentlans/multilingual-sft (configuration:
clustered_k100000), traversed in its default
order without random sampling. We apply the
following fixed filtering rules: (1) Field validation:
samples are excluded if the input or source fields
are not valid strings; (2) Multimodal token filter-
ing: instances containing <audio>, <image>, or
<video> tags are removed to ensure pure text-only
supervision. The resulting dataset is summarized
in Table 7, and Table 8 further lists the ISO 639-1
language codes represented.

xP3mt. xP3mt (Muennighoff et al., 2022) is a
large-scale multilingual instruction tuning dataset.
Derived from the xP3 dataset, xP3mt aims to
address the scarcity of non-English prompts by
utilizing machine translation to translate English
prompts into 20 diverse languages. The dataset in-
cludes 46 languages and 13 training tasks, includ-
ing QA, Summarization, and Program Synthesis.

Bactrian-X. Bactrian-X (Li et al., 2023) is a
comprehensive multilingual instruction dataset de-
signed to democratize instruction following capa-
bilities across 52 languages. It includes approxi-
mately 3.4 million instruction-response pairs. The
dataset was constructed by translating English in-
structions from Alpaca and Dolly-15k into 51 tar-
get languages, followed by feeding these trans-
lated prompts into gpt-3.5-turbo to generate au-
thentic, native-like responses.

Aya Dataset. The Aya Dataset (Singh et al.,
2024) is a large-scale human-curated multilin-
gual instruction tuning dataset, comprising approx-
imately 204K instruction-response pairs covering
65 languages. Its human-centric curation helps
mitigate the biases and artifacts commonly found
in machine-translated corpora, particularly for un-
derrepresented low-resource languages.

Tagengo-GPT4. Tagengo-GPT4 (Devine, 2024)
is a high-quality multilingual instruction tuning
dataset developed by Lightblue, explicitly de-
signed to bridge the gap between English-centric
LLMs and global language accessibility. The
dataset includes approximately 76,000 diverse
prompt-response pairs covering 74 languages.

Multilingual-SIFT. Multilingual-SIFT  (Chen
et al., 2023b) is a comprehensive dataset col-
lection specifically constructed to enhance the
multilingual instruction-following capabilities of
LLMs. It is derived from high-quality English
instruction corpora, including Alpaca-GPT4,
Evol-Instruct, and ShareGPT. To ensure linguistic
diversity, the authors employed GPT-3.5 Turbo
to translate these datasets into multiple target
languages.

A.2 Models

Table 12 presents the MLLM models used in this
paper and their corresponding LLMs.

A.3 Hyperparameters

For the fine-tuning experiments, we set the total
batch size to 128, with a learning rate of 1e-5, and
train for 1 epoch.

A.4 Training Efficiency

Table 9 compares the training efficiency between
standard multimodal SFT and VFA. By relying
solely on text-only data and avoiding visual token
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Category Source #Sub Count Prop.
Primary large-scale Aya, Bactrian-X, xP3mt, Tagengo 4 92,907 92.91%
Multi. Alpaca FreedomlIntel. (Alpaca-GPT4) 11 4965 497%
Multi. Evol FreedomlIntel. (Evol-Instruct) 11 2,128 2.13%
Total 26 100,000 100%
Table 7: Composition of the 100K multilingual text subset.

Code Language Code Language Code Language

af Afrikaans it Italian su Sundanese

ar Arabic iw (he)  Hebrew SW Swahili

bn Bengali ja Japanese ta Tamil

de German jv Javanese th Thai

en English ko Korean tr Turkish

es Spanish mn Mongolian ur Urdu

fr French pt Portuguese vi Vietnamese

hi Hindi 1o Romanian zh Chinese

id Indonesian ru Russian min Minangkabau

™w Kinyarwanda - - - -

Table 8: Mapping between ISO 639-1 language codes and full names.

Method Training Data GPU Hours (8B) Throughput
Multimodal SFT ~ 760K image-text ~320 A100-h ~2.4K/GPU-h
VFA 100K text-only ~10 A100-h ~10K/GPU-h

Table 9: Comparison of training efficiency between standard multimodal SFT and VFA.

Task Benchmarks Metric
Machine Translation FLORES-200 (NLLB Team et al., 2022) BLEU
Natural Language Understanding XNLI (Conneau et al., 2018), M-HellaSwag (Lai et al., 2023) Accuracy
Code Generation HumanEval-XL (Peng et al., 2024) Pass@1
Mathematical Reasoning MGSM (Shi et al., 2023) Accuracy
Logical Reasoning M-LogiQA (Liu et al., 2021b) Accuracy
General Knowledge M-MMLU (Hendrycks et al., 2021) Accuracy
Instruction Following M-IFEval (Zhou et al., 2023) Accuracy

Table 10: Overview of the P-MMEval Benchmark. Summary of evaluation tasks, multilingual benchmarks, and
their corresponding metrics. This suite evaluates the core linguistic and reasoning capabilities of models across

diverse languages.

processing, VFA reduces training time, GPU mem-
ory consumption, and data requirements, making
it a practical and scalable alternative to conven-
tional multilingual multimodal fine-tuning.

B Evaluation

We compare VFA-enhanced MLLMs with base-
lines on the following benchmarks:

TyDiQA. TyDiQA (Clark et al., 2020) is a
benchmark for evaluating QA systems across 11
typologically diverse languages, comprising ap-
proximately 200K human-annotated QA pairs.

P-MMEval. P-MMEval (Zhang et al., 2025c)
is a large-scale parallel multilingual multitask
benchmark specifically designed to enable con-
sistent and fair evaluation of LLMs across di-
verse linguistic landscapes. It provides strictly
parallelized evaluation samples across 10 typolog-
ically distinct languages. As shown in Table 10,
the benchmark integrates fundamental NLP tasks
with capability-specialized challenges, serving as
a rigorous testbed for assessing a model’s cross-
lingual transferability and core reasoning profi-
ciency without the noise of dataset inconsistency.
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Tasks Datasets Forms Size Languages Metric

Multimodal xChatBench (Yue et al., 2024) Long 400 zh, en, hi, id, ja, rw, ko, es LLM-as-Judge
Chat M-LlavaBench (Rasheed et al., Long 600 ar, bn, zh, fr, hi, ja, ru, es, ur,en LLM-as-Judge
2025)
Captioning XMI100 (Yue et al., 2024) Long 3.6K 36 languages ROUGE-L
Cultural CVQA (Mogrovejo et al., 2024) MC 21K en, zh, ko, mn, ja, id, jv, min, Accuracy
Understanding su
MaRVL (Liu et al., 2021a) Short 6K id, sw, ta, tr, zh Accuracy
Multilingual xGQA (Pfeiffer et al., 2022) Short 77K en, de, pt, ru, id, bn, ko, zh Accuracy
VQA MaXM (Changpinyo et al., 2023) MC 2K  hi, th, zh, fr, en, iw, ro Accuracy
Reasoning xMMMU (Yue et al., 2024) Short/MC 3K en, ar, 1, hi, id, ja, pt Accuracy
(Multi-subject) M3Exam (Zhang et al., 2023) MC 3K en, zh, it, pt, vi, th, af Accuracy

Table 11: Summary of Evaluation Datasets. We select CVQA for model validation. MaRVL is utilized for
multilingual visual reasoning, serving as an extension of the NLVR2 task. The table lists task categories, dataset
forms, language coverage, and metrics.

Qualitative Case Study: Multilingual Image Captioning (VFA vs. Base)

Prompt Provide a one-sentence caption for the provided image in English.

GT Two cameras on a table.

Base A black and white photo of a camera with the word Rolleiflex on it.
(Score: 0.3099)

VFA Two cameras sit on a table, one of which is a Rolleiflex. (Score: 0.5806)

Prompt Provide a one-sentence caption for the provided image in Chinese.

GT — AR B LR 6 S M A SR G

Base — R OIS H A ER A . (Score: 0.5214)

VFA RS AR I K 6 BB T AASTE AR S, RV Z MRSk, (Score:
0.8901)

Prompt Provide a one-sentence caption for the provided image in Swahili.

GT Mwanaume mzee kidogo anaucheza piano na kuna mwanaume mzee
kidogo nyuma yake ameshikilia chombo cha ngoma.

Base A man in a white shirt is playing a piano. (Score: 0.2295)

VFA Mwanamume linaweza kusaidia kufanya kazi zao kama vile kuchagua

chombo cha piano. (Score: 0.478)

Figure 4: Qualitative comparison between VFA and base MLLM on XM100.
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Qualitative Evidence: EOS-Failure on FLORES (Idefics3-8B, Base vs. VFA)

Case 1. EOS failure: faithful first sentence followed by hallucinated chronology.
Source (en) Dr. Ehud Ur, professor of medicine at Dalhousie University in Halifax, Nova Scotia and chair of the clinical and

scientific division of the Canadian Diabetes Association cautioned that the research is still in its early days.

Reference VIR - BRI IR e R so i o i RSP K2 B2 %, NSRRI & IR SRk 13002 ) $REE, X
TR FEAR AL AE R B -

Base IRIRBEV K2 B3R . IS ORI V23 I R AR 2430 3241 Ehud Ur fE-EFER FIE0, BB 3R, BF52l)
LERIWIBEE . (stops at EOS, 61 chars)

VFA BREEVGR: (Dalhousie University) WAFRIVETEHI /S (Halifax) PRz, I SO R b I RN RL 230 R

Ehud Ur #3058, ISR B . (faithful first sentence, 78 chars) 2011 4f 12 f, Ehud Ur f§--{Ef14
TSR A 1 R TG SR . 2012 4F 1 H, Ehud Ur T-HAEISE IO RIB M2 &2 T A IFSY

W, 20124 2 A, .

chars)

2012 4F 12 A, .. 2013 4F 1 H, .. (hallucinated continuation until maz-tokens; total 2722

Case 2. Counter-example: when VFA does emit EOS, its translation matches the baseline.

Source (en)
suitable for treating existing infection.

Although an experimental vaccine appears able to reduce Ebola mortality, no drugs have yet been clearly shown

Reference B RSB s B ARRIS AR RO B PE LR, (H2 S M1k, BRI AT 25938 ARy 7B (8.

Base B — RSB S v DT RS B AR MR R0 PE LR, (BRI EaiR L, W AAT (A0 25 ) 1 I B 767 A Y Jk
Ye, (stops at EOS, 56 chars)

VFA SR R ST R i DT RS BR AR RN T A SE T2, (HE B, MAH AT 25 B IBIE ]S Aia s T ILA 1 &

Y, (stops at EOS, 54 chars)

Figure 5: Comparison of Outputs from the Idefics3-8B Base MLLLM and VFA on FLORES Chinese. Case
1 illustrates the EOS failure driving the BLEU regression: VFA translates the first sentence accurately but halluci-
nates thereafter until the length limit. Case 2 shows proper EOS emission, yielding a translation comparable to the

base MLLM. Hallucinations are in red.

Family MLLM Base LLM
Qwen2-VL-7B-Instruct Qwen2-7B

Qwen Qwen2.5-VL-7B-Instruct  Qwen2.5-7B
LLaVA-OV-1.5-4B-Inst Qwen3-4B-Base
LLaVA-OV-1.5-8B-Inst Qwen3-8B-Base
llama3-1llava-next-8b-hf Meta-Llama-3-8B-Inst

Llama

Idefics3-8B-Llama3 Llama-3.1-8B-Inst

Table 12: Multimodal models and their corresponding
LLM backbones used in this paper.

Model Merge Operator «

Qwen2.5-VL-7B WA 0.9
Idefics3-8B TIES 0.9
LLaVA-Next-8B TA 0.5
LLaVA-OV-1.5-8B TIES 1.0
LLaVA-OV-1.5-4B WA 0.9

Table 13: Selected merge operator and mixing coeffi-
cient (o)) per model based on CVQA validation.

PangeaBench. PangeaBench (Yue et al., 2024)
is a comprehensive evaluation designed to assess
the multilingual and multicultural capabilities of
MLLMs. Including 47 languages across 14 di-
verse datasets, PangeaBench extends beyond stan-
dard translation-based metrics by incorporating
culturally specific tasks. As shown in Table 11, the
benchmark spans five primary categories, ranging

from multimodal chat to multi-subject reasoning.

C PangeaBench Results by Language

We present the performance of the VFA-enhanced
MLLM and the base MLLM on the MaXM,
xGQA, xMMMU, MaRVL, M3Exam, and
XM100 benchmarks in Tables 14-19.

D Qualitative Analysis

Furthermore, to offer a more intuitive perspective,
we present qualitative comparisons between VFA-
equipped MLLMs and standard base models, as
illustrated in Figure 4. Through various multilin-
gual visual question answering tasks, these exam-
ples vividly demonstrate how VFA practically en-
hances the precision and overall quality of non-
English generations. Notably, these gains avoid
the typical vision-language alignment tax.

E Generation Behavior on FLORES

As discussed in Section 4.4, Figure 5 provides raw
output examples illustrating the EOS-failure pat-
tern in Idefics3-8B. While both the base model and
VFA model successfully generate accurate first-
sentence translations, the VFA model frequently
fails to emit the EOS token. Consequently, it
over-generates hallucinated text until reaching the
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Model Method English Thai Chinese French Hindi Hebrew Romanian
Base 57.26 64.55 46.57 46.97 51.15 49.64 37.68
Qwen2.5-VL-7B VFA 56.42 65.30 49.82 50.00 51.15 49.29 40.85
A Gains -0.84 +0.75 +3.25 +3.03 +0.00 -0.35 +3.17
Base 55.25 44.78 36.46 43.56 61.54 46.43 38.38
Idefics3-8B VFA 52.14 56.72 39.71 44.32 63.08 54.29 41.55
A Gains -3.11 +11.94 +3.25 +0.76 +1.54 +7.86 +3.17
Base 49.81 33.58 29.60 33.33 19.62 20.71 26.41
LLaVA-Next-8B VFA 48.64 53.36 41.88 40.53 41.54 37.14 37.32
A Gains -1.17 +19.78 +12.28 +7.20 +21.92 +16.43 +10.91
Base 55.25 66.04 49.10 61.74 56.54 48.57 41.90
LLaVA-OV-1.5-8B VFA 60.70 68.28 50.90 62.88 58.85 46.79 46.13
A Gains +5.45 +2.24 +1.80 +1.14 +2.31 -1.78 +4.23
Base 57.59 61.94 41.52 56.82 49.23 40.36 40.85
LLaVA-OV-1.5-4B VFA 62.65 63.06 48.38 56.44 51.92 41.07 39.79
A Gains +5.06 +1.12 +6.86 -0.38 +2.69 +0.71 -1.06

Table 14: Performance on MAXM across multiple languages.

Model Method ‘ Bengali German English Indonesian Korean Portuguese Russian Chinese
Base 44.60 47.70 64.70 43.20 45.60 48.30 49.70 38.70
Qwen2.5-VL-7B VFA 45.10 49.50 63.00 44.30 46.40 48.60 50.80 39.90
A Gains ‘ +0.50 +1.80 -1.70 +1.10 +0.80 +0.30 +1.10 +1.20
Base 39.80 50.20 57.90 46.00 48.10 48.20 48.80 50.80
Idefics3-8B VFA 44.20 50.00 56.30 46.20 46.90 47.10 46.60 47.50
A Gains ‘ +4.40 -0.20 -1.60 +0.20 -1.20 -1.10 -2.20 -3.30
Base 12.20 43.30 68.20 40.00 43.20 47.00 45.20 49.70
LLaVA-Next-8B VFA 17.20 49.20 63.80 41.40 44.70 50.20 48.00 48.60
A Gains ‘ +5.00 +5.90 —4.40 +1.40 +1.50 +3.20 +2.80 -1.10
Base 40.60 30.70 64.50 28.10 17.60 27.80 29.50 0.00
LLaVA-OV-1.5-8B | VFA 45.50 52.40 62.20 49.40 42.20 52.20 47.10 0.80
A Gains ‘ +4.90 +21.70 -2.30 +21.30 +24.60 +24.40 +17.60 +0.80
Base 37.40 51.00 64.70 40.00 18.60 44.50 35.60 0.10
LLaVA-OV-1.5-4B | VFA 38.40 51.30 64.30 40.70 23.70 44.60 38.70 0.00
A Gains ‘ +1.00 +0.30 -0.40 +0.70 +5.10 +0.10 +3.10 -0.10

Table 15: Performance on XGQA across multiple languages.

length limit (as seen in Example 1). This qualita-
tive evidence confirms that the underlying trans-
lation capability is preserved, and the observed
BLEU regression is primarily a generation-length
artifact.

F Recommended Merge Defaults

As shown in Table 13, we establish practical guide-
lines for model merging based on our empirical
findings.

G Monolingual Adaptation

To demonstrate the versatility of our method, be-
yond the multilingual setting, we also evaluate
VFA under monolingual adaptation by individu-

ally fine-tuning on Hindi and Romaniantwo lan-
guages not included in our main multilingual
suite. Results are reported in Table 20, showing
that VFA remains effective for targeted, language-
specific adaptation.
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Model Method | Arabic English French Hindi Indonesian Japanese Portuguese
Base 42.60 50.20 50.70  44.00 49.20 46.10 51.50
Qwen2.5-VL-7B VFA 43.30 51.10 48.70  42.60 48.10 46.80 50.20
A Gains | +0.70 +0.90 -2.00 -1.40 -1.10 +0.70 -1.30
Base 37.20 42.70 44.60  42.60 43.40 46.10 43.80
Idefics3-8B VFA 38.60 44.40 44.00  43.60 39.70 43.50 46.80
A Gains | +1.40 +1.70 -0.60  +1.00 -3.70 -2.60 +3.00
Base 38.90 38.40 41.30 34.70 35.40 36.10 37.70
LLaVA-Next-8B VFA 35.90 41.70 39.60 34.00 36.40 35.70 40.40
A Gains | -3.00 +3.30 -1.70  -0.70 +1.00 -0.40 +2.70
Base 51.30 56.10 5540  49.80 58.60 52.40 56.20
LLaVA-OV-1.5-8B | VFA 53.00 55.60 53.70  47.40 57.60 50.90 53.20
A Gains | +1.70 -0.50 -1.70 =240 -1.00 -1.50 -3.00
Base 52.30 53.80 56.70  46.40 53.50 53.90 56.60
LLaVA-OV-1.5-4B | VFA 51.30 54.20 55.00  47.10 54.20 54.30 56.20
A Gains | -1.00 +0.40 -1.70  +0.70 +0.70 +0.40 -0.40

Table 16: Performance on xMMMU (validation set split) across multiple languages.

Model Method | English Indonesian Swahili Tamil Turkish Chinese
Base 62.00 67.00 44.00  67.00 39.00 42.00
Qwen2.5-VL-7B VFA 75.00 71.00 54.00  67.00 61.00 67.00
A Gains | +13.00 +4.00 +10.00  +0.00 +22.00 +25.00
Base 49.00 18.00 25.00 19.00 23.00 25.00
Idefics3-8B VFA 71.00 59.00 58.00 61.00 70.00 57.00
A Gains | +22.00 +41.00 +33.00 +42.00 +47.00  +32.00
Base 31.00 54.00 52.00  45.00 42.00 54.00
LLaVA-Next-8B VFA 54.00 49.00 56.00  54.00 56.00 63.00
A Gains | +23.00 -5.00 +4.00  49.00  +14.00 +9.00
Base 67.00 54.00 51.00  60.00 74.00 67.00
LLaVA-OV-1.5-8B | VFA 69.00 65.00 52.00  63.00 73.00 71.00
A Gains +2.00 +11.00 +1.00 +3.00 -1.00 +4.00
Base 65.00 59.00 50.00  61.00 66.00 62.00
LLaVA-OV-1.5-4B | VFA 64.00 60.00 50.00 61.00 67.00 62.00
A Gains -1.00 +1.00 +0.00 +0.00 +1.00 +0.00
Table 17: Performance on MaRVL across multiple languages.
Model Method | Afrikaans Chinese English Italian Portuguese Thai Vietnamese
Base 60.74 86.37 67.09 67.00 50.44 40.40 39.66
Qwen2.5-VL-7B VFA 61.96 86.14 67.47  67.00 52.67 40.40 41.38
A Gains +1.22 -0.23 +0.38  +0.00 +2.23 +0.00 +1.72
Base 34.97 22.40 23.33  48.87 24.00 23.94 27.59
Idefics3-8B VFA 56.44 54.27 55.61 54.66 46.00 34.66 32.76
A Gains | +21.47 +31.87 +32.28 +5.79 +22.00 +10.72 +5.17
Base 42.94 48.04 5372  51.13 39.33 31.92 34.48
LLaVA-Next-8B VFA 41.10 48.27 55.61 52.64 42.00 31.17 36.21
A Gains -1.84 +0.23 +1.89  +1.51 +2.67 -0.75 +1.73
Base 69.94 73.67 69.86  70.78 54.22 45.39 55.17
LLaVA-OV-1.5-8B-Inst | VFA 69.33 74.83 69.99 70.53 54.67 44.14 51.72
A Gains -0.61 +1.16 +0.13  -0.25 +0.45 -1.25 -3.45
Base 63.80 66.28 66.71 67.00 51.56 43.14 47.41
LLaVA-OV-1.5-4B-Inst | VFA 66.26 66.51 67.34 65.24 52.44 45.14 45.69
A Gains +2.46 +0.23 +0.63  -1.76 +0.88 +2.00 -1.72

Table 18: Performance of different MLLMs on M3Exam across multiple languages.

9014



Table 20: Multilingual performance of VFA on Hindi (hi) and Romanian (ro) benchmarks.

9015

Model Method | Arabic Bengali Czech Danish German Greek English Spanish Persian
Base 11.04 12.74 16.65  22.24 17.69 12.07 25.30 23.94 20.57
Qwen2.5-VL-7B | VFA 11.38 10.49 1543  20.82 16.61 12.67 28.34 24.02 22.02
A Gains +0.34 -2.25 -122  -142 -1.08 +0.60 +3.04 +0.08 +1.45
Base 11.65 15.59 13.15  20.34 14.35 11.13 23.86 21.10 16.09
Idefics3-8B VFA 12.30 16.07 1294  22.99 17.87 13.66 30.37 2431 20.95
A Gains +0.65 +0.48  -0.21 +2.65 +3.52 +2.53 +6.51 +3.21 +4.86
Base 0.00 0.00 1.98 1.04 2.05 0.00 30.38 1.48 0.00
LLaVA-Next-8B | VFA 8.28 8.79 13.58  23.23 17.65 7.30 31.04 26.18 21.79
A Gains +8.28 +8.79  +11.60 +22.19 +15.60 +7.30 +0.66 +24.70 +21.79
Model Method | Finnish Filipino French Hebrew Hindi Croatian Hungarian Indonesian  Italian
Base 9.29 21.13 23.78 10.66 15.82 13.41 7.16 24.45 20.86
Qwen2.5-VL-7B | VFA 9.04 20.60  21.82 12.09 14.99 12.59 16.09 22.06 20.36
A Gains -0.25 -0.53 -1.96  +1.43 -0.83 —-0.82 +8.93 -2.39 -0.50
Base 6.26 20.11 19.03 8.76 12.94 9.93 13.02 22.97 17.28
Idefics3-8B VFA 8.84 23.71 23.45 13.97 15.72 11.64 15.38 25.84 22.11
A Gains +2.58 +3.60  +4.42  +5.21 +2.78 +1.71 +2.36 +2.87 +4.83
Base 0.00 0.39 0.91 1.71 0.00 0.00 0.07 3.25 0.67
LLaVA-Next-8B | VFA 9.56 1849  25.72 11.42 13.96 8.86 14.36 19.12 22.32
A Gains +9.56 +18.10 +24.81 +9.71 +13.96 +8.86 +14.29 +15.87 +21.65
Model Method | Japanese Korean Maori Dutch Norwegian Polish Portuguese Quechua Romanian
Base 1.29 5.65 12.71 24.38 21.24 16.52 23.76 0.63 16.11
Qwen2.5-VL-7B | VFA 1.39 6.52 1279  25.27 19.76 14.69 22.81 0.23 15.94
A Gains +0.10 +0.87  +0.08  +0.89 -1.48 -1.83 -0.95 -0.40 -0.17
Base 6.43 4.64 21.88 2223 17.55 11.15 18.70 1.49 13.14
Idefics3-8B VFA 6.11 6.61 16.76  25.51 20.29 16.30 24.02 1.56 17.18
A Gains -0.32 +1.97 512 +3.28 +2.74 +5.15 +5.32 +0.07 +4.04
Base 391 0.00 0.00 0.14 3.36 0.62 0.39 1.90 0.47
LLaVA-Next-8B | VFA 4.63 5.79 8.33 27.99 19.68 14.07 24.55 0.31 16.83
A Gains +0.72 +5.79  +833 +27.85 +16.32 +13.45 +24.16 -1.59 +16.36
Model Method | Russian Swedish Swahili Telugu Thai Turkish Ukrainian Vietnamese Chinese
Base 23.06 23.87 9.70 4.74 0.54 13.34 14.72 28.61 6.97
Qwen2.5-VL-7B | VFA 23.42 23.20 8.61 4.97 0.54 12.20 14.45 29.36 8.06
A Gains +0.36 -0.67 -1.09 +0.23 +0.00 -1.14 -0.27 +0.75 +1.09
Base 14.62 20.33 10.47 6.08 1.19 13.65 9.31 22.23 4.21
Idefics3-8B VFA 16.54 23.04 11.28 6.07 0.31 14.28 11.89 26.49 6.99
A Gains +1.92 +2.71 +0.81 -0.01 —-0.88 +0.63 +2.58 +4.26 +2.78
Base 1.51 0.34 1.43 0.08 0.00 0.19 0.20 0.23 0.00
LLaVA-Next-8B | VFA 15.42 21.89 9.56 2.76 0.00 10.32 12.44 18.99 443
A Gains | +1391  +21.55 +48.13  +2.68 +0.00 +10.13 +12.24 +18.76 +4.43
Table 19: Performance of different MLLMs on XM 100 across multiple languages.
Model Method MaXM (hi) XMMU (hi) MaXM (ro)
Base 19.23 34.70 26.41
LLaVA-Next-8B VFA 44.23 35.70 33.45
A Gains +25.00 +1.00 +7.04
Base 62.31 42.30 37.68
Idefics3-8B VFA 65.77 46.00 44.01
A Gains +3.46 +3.70 +6.33



