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Abstract—Multimodal large language models (MLLMs) have
emerged as a dominant paradigm for visually grounded language
tasks. However, multimodal machine translation (MMT) remains
constrained by the scarcity of multimodal data for low-resource
languages (LRLs). Previously proposed approaches have also
explored some strategies for machine translation with MLLMs
under low-resource scenarios; however, they still face the critical
bottleneck of a lack of high-quality multimodal datasets for
extremely low-resource languages. To this end, we propose a
novel and straightforward method for constructing a high-quality
benchmark for MMT in extremely low-resource languages by
harnessing LLMs and leveraging a human evaluation strat-
egy. The presented approach for building the multimodal low-
resource benchmark consists of three phases. First, we select
an optimal visual captioner via metric-driven evaluation to
ensure reliable grounding; second, we use a hybrid ensemble
of diverse translation models to reduce bias and improve the flu-
ency–faithfulness balance; finally, we apply a triangular quality
estimation scheme—reference-free quality, semantic consistency,
and visual alignment—to filter candidates. We conduct exten-
sive experiments on multiple corpora using various evaluation
metrics. The results show that strong baselines (e.g., Qwen3-
VL-8B and LLaVA-v1.6-7B), when fine-tuned on our proposed
benchmark, achieve substantial improvements not only on our
benchmark but also on well-known multimodal datasets such as
Visual Genome and Multi30K, with average gains of +7.67, +8.50,
and +9.67 on COMET-Kiwi, CLIP, and BERTScore, respectively.
The corresponding code and constructed high-quality multimodal
low-resource languages benchmark are publicly available1.

Index Terms—Multimodal Corpus Construction, Low-
Resource Languages, Synthetic Data Generation, Quality
Estimation, Visual Grounding

*Corresponding author.
1https://huggingface.co/datasets/yumoya/SilkRoad-VL
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Fig. 1. Paradigm Comparison. Unlike traditional methods (top), prone to
ungrounded hallucinations, SilkRoad-VL (bottom) leverages visual grounding
to ensure semantic and script fidelity.

I. INTRODUCTION

Multimodal large language models (MLLMs) have emerged
as powerful foundation models for vision-language applica-
tions. In machine translation, they leverage visual context to
ground meaning and resolve ambiguities such as polysemy
and gender, which is especially beneficial for low-resource
languages with scarce parallel data [1], [2]. However, despite
recent scaling in MT, many underrepresented languages, espe-
cially in Central and South Asia, still suffer from a persistent
performance gap [3]. Progress is limited by the scarcity
of high-quality, image-aligned multilingual corpora: existing
datasets are concentrated in a few high-resource languages
and provide limited coverage for diverse scripts and regions
in Central and South Asia.



To address this scarcity, large-scale image-caption-
translation corpora are needed, yet high-quality resources
remain largely human-curated and limited to a few high-
resource pairs (e.g., Multi30K) [4]. Consequently, scaling
with mined or synthetic data (e.g., CCMatrix [5]) has
become necessary. However, such data often produce
“translationese” [6] and, under data scarcity, can amplify
language confusion and hallucinations [7]. These issues
necessitate a scalable construction paradigm in which visual
grounding serves as an explicit constraint for filtering artifacts
and enhancing the quality of the low-resource MMT data.

Recent scalable pipelines increasingly replace costly human
annotation with synthetic generation. A common strategy is
to generate English captions using strong VLMs such as
Qwen3-VL [8] or LLaVA-style models [9], followed by trans-
lation with multilingual NMT systems, including NLLB [3],
MADLAD-400 [10], or LLM translators [11]. Although
many pipelines apply vision–language alignment scorers (e.g.,
CLIP [12] or SigLIP [13]) to filter noise, they often treat
translation and grounding as separate steps. Despite improved
coverage, these pipelines remain vulnerable to model-specific
biases and imperfect grounding, leaving quality control and
robustness in low-resource settings unresolved.

To address this gap, as illustrated in Figure 1, we propose
SilkRoad-VL, a fully automated pipeline for the construction
of a low-resource multimodal corpus. The pipeline follows
a three-stage metric-driven and ensemble-based workflow.
First, it improves source fidelity by selecting the best caption
generator from several state-of-the-art VLMs. Second, it intro-
duces a Hybrid Ensemble Generation module that combines
four complementary architectures (e.g., NLLB, SeamlessM4T,
and Qwen) to balance lexical precision and fluency. Third,
it applies a triangular quality estimation (Tri-QE) protocol
to filter candidates from three complementary perspectives:
quality, consistency, and visual grounding.

Our main contributions are as follows:
• We establish a pipeline that integrates metric-driven VLM

selection and a four-model ensemble, enhancing the ro-
bustness of translation and accuracy of the script.

• We propose the Tri-QE protocol, which jointly evaluates
reference-free quality, semantic consistency, and visual
grounding to filter hallucinated and low-fidelity samples.

• We release SilkRoad-VL and validate its effectiveness via
instruction tuning, demonstrating significant gains over
baselines for six languages.

II. RELATED WORK

A. Multimodal Resources

High-quality, image-aligned parallel corpora are fundamen-
tal to multimodal research. Multi30K [4] remains the most
widely used benchmark, and subsequent efforts have extended
coverage to languages such as Japanese [14] and Hindi [15].
However, existing resources remain concentrated in high-
resource European and East Asian languages.

Low-resource languages in Central and South Asia (e.g.,
Uyghur, Kazakh, and Urdu) remain severely underrepresented.

As a result, research on these languages often relies on noisy
text-only corpora such as CCMatrix [5], which suffer from
misalignment and lack visual grounding. Our work addresses
this gap by constructing a large-scale, visually grounded par-
allel corpus for six under-resourced languages in this region.

B. Synthetic Data Paradigms

Given the prohibitive cost of manual annotation, synthetic
corpus construction has become a standard paradigm. Tra-
ditional approaches utilize pivot-based architectures, such as
NLLB [3] or Flores-101 [16]. While providing broad coverage,
these models often yield “translationese”—outputs that are
grammatically correct but lack lexical diversity and natural
flow [17].

LLMs have also shown strong few-shot multilingual abil-
ity. In the visual domain, works such as LLaVA [18] and
ShareGPT4V [19] show that high-quality synthetic captions
can improve VLM alignment, although these efforts mainly
focus on English. Meanwhile, multilingual LLMs such as
ALMA [20] and Qwen [21] can outperform supervised base-
lines, but in low-resource settings they remain prone to hallu-
cinations and script inconsistencies. Unlike prior work relying
on a single model family, we adopt a hybrid ensemble strategy
that combines the lexical precision of supervised systems with
the fluency of LLMs.

C. Quality Estimation and Filtering

Ensuring the quality of synthetic data is paramount. Tradi-
tional filtering relies on heuristic rules or round-trip consis-
tency metrics [22], which often correlate poorly with human
judgment. Recently, reference-free Quality Estimation (QE)
metrics like COMET-Kiwi [23] have become the gold standard
for assessing textual adequacy.

However, text-only metrics are insufficient in multimodal
settings because they ignore visual grounding. Although re-
cent studies use CLIP [24] to measure image-text alignment
[12], such metrics are often applied independently. Our work
instead introduces a unified Triangular Quality Estimation
(Tri-QE) protocol that jointly evaluates reference-free quality
(COMET), semantic consistency (BERTScore), and visual
grounding (CLIP).

III. METHOD

We propose a fully automated pipeline to construct
SilkRoad-VL, prioritizing semantic fidelity, linguistic diver-
sity, and visual grounding. As illustrated in Figure 2 and
formalized in Algorithm 1, the workflow consists of three
sequential stages: metric-driven visual captioning, hybrid en-
semble generation, and a triangular quality estimation (Tri-QE)
filtering protocol.

A. Visual Captioning via VLM

High-quality English captions serve as the semantic anchor
of our multimodal parallel corpus. To ensure fidelity and diver-
sity, we adopt a metric-driven VLM selection stage followed
by SigLIP-based filtering.
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Fig. 2. Overview of the SilkRoad-VL construction pipeline. The process begins with metric-driven VLM selection for source captioning, followed by a hybrid
ensemble generation strategy, and concludes with a rigorous Tri-QE filtering protocol to ensure high-quality, visually grounded data.

1) Optimal VLM Selection: We first identified
the optimal generator from a candidate set of five
state-of-the-art Vision-Language Models (VLMs):
M = {Mqwen3,Mqwen2.5,Mintern3,Mllava1.6,Mllava1.5}. Rather
than relying on subjective manual evaluation, we formulated
the selection as a constrained optimization problem. For a
validation set Dval, we generate captions Cm,v using model
m given image v. We define an indicator function Ilen(C)
that strictly enforces general length compliance. The optimal
model M∗ is selected by maximizing the average visual
alignment score subject to these constraints:

M∗ = argmax
m∈M

1

|Dval|
∑

v∈Dval

Sclip(v, Cm,v) · Ilen(Cm,v), (1)

where Sclip(·) denotes CLIPScore. As shown in Sec-
tion IV-C, Qwen3-VL-8B achieves the best trade-off between
visual fidelity and length controllability, and is therefore used
as the backbone generator.

2) Dual-Granularity Generation: To increase linguistic di-
versity, we use two prompts to generate short captions cap-
turing global scene semantics and long captions describing
fine-grained attributes.

3) SigLIP Filtering: We then filter the generated captions
with SigLIP to suppress hallucinations and enforce structural
consistency. Let Rshort = [8, 20] and Rlong = [28, 45]. For a
caption c of type k ∈ {short, long} and image I , a sample is
kept only if its SigLIP score exceeds τsig = 0.9 and its length
falls within the target range:

Algorithm 1 SilkRoad-VL Construction Pipeline with Tri-QE
Filtering
Input: Image set I, VLMMvlm, Ensemble ModelsMgen, Thresh-

olds τ{c,b,v,sig}
Output: Multimodal Parallel Corpus D ← ∅

1: for all image I ∈ I do
2: Step 1: Generate & Filter Captions:
3: Craw ←Mvlm(I)
4: Cvalid ← {c ∈ Craw | SigLIP(I, c) > τsig}
5: for all Cen ∈ Cvalid and l ∈ Ltgt do
6: Step 2: Ensemble Generation:
7: T ← {m(Cen) | m ∈MPivot

gen} ∪ {L(Cen)}
8: Step 3: Tri-QE:
9: Tbt ← BackTranslate(T )

10: Calculate scores: Scomet ← Kiwi(T ), Sbert ← BS(Cen, Tbt),
Sclip ← CLIP(I, Tbt)

11: T ∗ ← argmaxT∈T {Scomet(T ) | Scomet > τc ∧ Sbert >
τb ∧ Sclip > τv}

12: if T ∗ ̸= None then
13: D ← D ∪ {(I, Cen, T

∗, l)}
14: end if
15: end for
16: end for
17: return D

Keep(c) ⇐⇒ Ssiglip(I, c) > τsig ∧ |c| ∈ Rk. (2)

This strict filtering ensures that our source dataset consists ex-
clusively of visually faithful and structurally precise captions.

B. Hybrid Ensemble Generation



To mitigate translationese and the limited coverage in
single-model generation, we adopt a Hybrid Ensemble Gen-
eration strategy. Given a source caption x, we construct a
diverse candidate set T (x) using four complementary models
for lexical fidelity, multimodal alignment, and fluency:

T (x) = {Mnllb(x),Mmadlad(x),

Mseamless(x),Mllm(x|P)},
(3)

where Mk denotes model k and P is the script-constrained
prompt for the LLM.

Precision-Oriented Architectures: We employ NLLB-200
(3.3B) and MADLAD-400 (7B) as text translation backbones,
which provide strong grammaticality and lexical fidelity, es-
pecially for morphologically rich languages.

Multimodal-Native Alignment: We incorporate
SeamlessM4T-v2 (Large), whose multimodal pretraining
helps reduce semantic ambiguity and improves alignment
with visually grounded concepts.

Fluency-Oriented LLM: We leverage Qwen3-32B-Instruct
to improve naturalness. To reduce script hallucinations in low-
resource settings, we apply a Script-Constrained Prompting
mechanism P that enforces the official target script and forbids
transliteration. The LLM output is defined as TLLM = L(x,P).

C. Tri-QE Filtering Protocol

To rigorously filter the synthetic candidate pool, we in-
troduce the Triangular Quality Estimation (Tri-QE) protocol,
which evaluates each candidate translation T from three com-
plementary perspectives. We measure reference-free quality
(Scomet) using COMET-Kiwi as the primary proxy for fluency
and adequacy, semantic consistency (Sbert) using BERTScore
between the English source S and its back-translation S′

(generated by NLLB-200), and visual grounding (Sclip) using
CLIPScore between the original image and the back-translated
text S′.

Constrained Maximization: For each source instance in
language l, we construct a language-specific candidate set Cl
and select the final translation via constrained maximization.
We first define a validity indicator Ivalid(T ):

Ivalid(T ) = I(Scomet > τc) · I(Sbert > τb) · I(Sclip > τv), (4)

where τc, τb, τv are empirical thresholds. Based on a sensitivity
analysis balancing data quality and corpus scale, we set τc =
78.0, τb = 0.90, and τv = 0.27.

The final selection is given by:

T ∗ = argmax
T∈Cl

(Scomet(T ) · Ivalid(T )) . (5)

If no candidate satisfies the constraints, the sample is dis-
carded. This filtering removes hallucinated and low-fidelity
translations, yielding a cleaner corpus for downstream fine-
tuning.

IV. EXPERIMENTS

A. Setup
Datasets We constructed SilkRoad-VL, a large-scale multi-
modal corpus for six low-resource languages, namely Uyghur
(ug), Kazakh (kk), Kyrgyz (ky), Tajik (tg), Uzbek (uz), and
Urdu (ur). As summarized in Table I, our dataset comprises
82.7k training, 0.4k validation, and 1.8k test samples, signifi-
cantly exceeding the scale of existing benchmarks. To assess
generalization, we strictly follow standard protocols on Visual
Genome2 (VG) and Multi30k3, utilizing their established par-
titions for evaluation.

TABLE I
STATISTICS OF SILKROAD-VL AND BENCHMARKS

Dataset Train Dev Test

Visual Genome 29k 1k 1.6k
Multi30k 29k – 1k
SilkRoad-VL 82.7k 0.4k 1.8k

To ensure a holistic assessment, we employ three orthog-
onal reference-free metrics: COMET-Kiwi4 [23] for textual
adequacy, CLIPScore5 [12] for visual grounding assessment,
and BERTScore6 [25] for semantic consistency via back-
translation.
Corpus Statistics Table II summarizes the fundamental statis-
tics of the dataset. After applying the rigorous Tri-QE filtering
protocol, the final corpus contains 84,902 high-quality image-
text pairs across six languages.

Dual-Granularity Distribution: A key structural innovation
of SilkRoad-VL is the balanced inclusion of both concise
global summaries and detailed attribute descriptions. As vi-
sualized in Figure 3, the sentence length distribution exhibits
a distinct bimodal pattern. The first peak (∼16 tokens) corre-
sponds to Short Captions providing high-level context, while
the second peak (∼35 tokens) captures fine-grained visual
details. This balanced distribution ensures the dataset supports
diverse multimodal tasks, addressing the limitations of existing
corpora that favor simplistic descriptions.
Baselines To comprehensively evaluate the quality and effec-
tiveness of SilkRoad-VL, we compare our approach against
a diverse set of state-of-the-art Multimodal Large Language
Models (MLLMs). We select representative open-source mod-
els across different architectures:

• Qwen Series: We include Qwen3-VL-8B [8] and
Qwen2.5-VL-7B [26], which currently represent the
strong recent baselines in multilingual visual understand-
ing and generation.

• LLaVA Series: We employ LLaVA-v1.6-7B [27] and the
classic LLaVA-1.5-7B [9], serving as robust baselines for
instruction-tuned visual capabilities.

2https://visualgenome.org/
3https://github.com/multi30k/dataset
4https://github.com/Unbabel/COMET
5https://github.com/jmhessel/clipscore
6https://github.com/Tiiiger/bert score



TABLE II
STATISTICS OF SILKROAD-VL DATASET

Language Total
Short Long

Count Length Count Length

ug 8.7k 3.7k 15.7 5.0k 34.7
kk 26.1k 13.0k 14.8 13.2k 31.6
ky 23.2k 12.8k 15.4 10.3k 33.0
tg 2.4k 1.8k 17.0 0.6k 40.0
uz 14.9k 8.2k 15.2 6.7k 33.0
ur 9.6k 5.1k 23.3 4.5k 56.6

Total / Avg. 84.9k 44.6k 16.9 40.3k 38.2
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Fig. 3. Sentence length distribution of the SilkRoad-VL dataset. The distinct
bimodal pattern validates the effectiveness of our Dual-Granularity strategy,
with the first peak (∼16 tokens) capturing concise global context and the
second peak (∼35 tokens) providing detailed attribute descriptions.

• InternVL Series: We also compare against InternVL3-
8B [28], a strong competitor known for its powerful
visual encoder.

Implementation Details We present the comprehensive hy-
perparameter settings for our implementation in Table III.
The pipeline was built using PyTorch [29] and HuggingFace
Transformers [30], executed on a cluster of 8× NVIDIA
H100 (80GB) GPUs. To balance computational efficiency
with model expressivity, we adopted the Weight-Decomposed
Low-Rank Adaptation (DoRA) [31] strategy rather than full-
parameter fine-tuning. DoRA enhances the standard LoRA
approach by decomposing pre-trained weights into magnitude
and direction components, ensuring more stable updates during
the adaptation of the LLM backbone’s linear projection layers
(q_proj, k_proj, v_proj, o_proj). The training process
utilized the AdamW optimizer with a cosine learning rate
schedule and gradient accumulation to optimize performance
within the specified compute budget.

B. Main Results

As detailed in Table IV, fine-tuning on SilkRoad-VL yields
consistent and substantial gains. In this and subsequent tables,
”Ours” refers to the model initialized with the Qwen3-VL

TABLE III
IMPLEMENTATION HYPERPARAMETERS

Stage Parameter Value

Visual
Captioning

Temperature 0.8
Repetition Penalty 1.1
Short Prompt Limit ≤ 20 words
Long Prompt Limit ≤ 45 words

Ensemble
Generation

Beam Size (Pivot) 5
Top-p Sampling (LLM) 0.9
LLM Quantization 4-bit

Tri-QE
Filtering

COMET Thresh. (τc) 78.0
BERTScore Thresh. (τb) 0.90
CLIPScore Thresh. (τv) 0.27

Training
(DoRA)

Rank (r) 64
Alpha (α) 128
Learning Rate 2e−5

Batch Size 128
Epochs 3

TABLE IV
COMPARISON WITH STRONG BASELINES ON THE SILKROAD TESTSET

USING THE AVERAGE OF COMET-KIWI, BERTSCORE, AND CLIP.
UNDERLINED VALUES INDICATE THE BEST BASELINE PERFORMANCE.

Model kk ky tg ur ug uz

Qwen3-VL 52.69 49.93 46.61 55.11 47.14 54.53
Qwen2.5-VL 51.12 48.46 45.44 50.65 52.57 49.32
LLaVA-v1.6 41.12 42.55 41.75 41.40 41.28 44.91
LLaVA-1.5 49.93 48.18 44.82 43.49 42.38 47.06
InternVL3 46.21 44.59 44.94 46.60 44.62 45.85

Ours 62.47 61.24 58.25 60.12 60.87 62.33

backbone. Our approach significantly outperforms all strong
baselines across six languages, achieving a peak score of 62.47
in Kazakh. Notably, in the low-resource language of Tajik, our
method surpasses the best zero-shot baseline (46.61) by a re-
markable margin of 11.6 points. These universal improvements
confirm that our dataset provides a high-quality supervision
signal, effectively bridging the visual-linguistic alignment gap.
Comparison on Multi30k. As shown in Table V, our mod-
els demonstrate robust generalization capabilities, consistently
outperforming baselines across all languages. Our approach
achieves remarkable adaptability, reaching peak scores of
50.36 in Kazakh and 48.98 in Uyghur. Furthermore, in the
lowest-resource setting of Tajik, our method establishes a
new state-of-the-art at 40.20, exceeding the strongest baseline
(26.57) by a significant margin of 13.6 points, confirming the
efficacy of our alignment strategy.
Comparison on Visual Genome. As summarized in Table VI,
our strategy demonstrates exceptional zero-shot generalization
on the Visual Genome benchmark. We consistently outperform
strong baselines across all six languages. Notably, in Urdu, our
method achieves a striking improvement of +10.3 points over



TABLE V
COMPARISON WITH STRONG BASELINES ON THE MULTI30K TESTSET

USING THE AVERAGE OF COMET-KIWI AND CLIP. UNDERLINED VALUES
INDICATE THE BEST BASELINE PERFORMANCE.

Model kk ky tg ur ug uz

Qwen3-VL 41.12 34.17 26.23 30.89 42.79 41.64
Qwen2.5-VL 34.07 30.15 24.78 36.43 34.77 33.55
LLaVA-v1.6 22.92 23.88 24.48 23.38 23.43 28.30
LLaVA-1.5 32.87 29.25 26.57 25.67 25.98 29.13
InternVL3 29.16 27.23 24.36 30.81 28.49 28.38

Ours 50.36 49.35 40.20 48.41 48.98 49.06

TABLE VI
COMPARISON WITH STRONG BASELINES ON THE VISUAL GENOME

TESTSET USING THE AVERAGE OF COMET-KIWI AND CLIP.
UNDERLINED VALUES INDICATE THE BEST BASELINE PERFORMANCE.

Model kk ky tg ur ug uz

Qwen3-VL 41.57 38.87 33.62 34.04 41.85 41.32
Qwen2.5-VL 37.07 32.12 29.82 37.97 37.69 37.12
LLaVA-v1.6 26.07 26.72 28.64 28.89 26.48 30.27
LLaVA-1.5 32.29 31.17 28.31 27.39 26.55 30.68
InternVL3 29.94 31.58 30.75 33.53 29.80 32.74

Ours 49.43 47.56 37.05 48.31 48.19 46.34

the best baseline (37.97 → 48.31). Even in the challenging
Tajik subset, where prior models struggle, our approach estab-
lishes a new state-of-the-art at 37.05, significantly surpassing
the strongest competitor Qwen3-VL (33.62). This confirms
that our data provides robust visual-linguistic alignment that
transfers effectively to unseen domains.
Multi-dimensional Quality Analysis. To provide a holistic
view of the dataset’s quality, Figure 4 visualizes the per-
formance across three key dimensions, revealing a remark-
ably consistent ”high-quality profile” across all six languages.
Specifically, BERTScore (orange) consistently exceeds 93.5,
indicating strict preservation of core meaning, while stable
COMET scores around 82.0 (blue) demonstrate the ensemble
strategy’s robustness in handling linguistic nuances. Further-
more, CLIP scores (green, right axis) hold steady at 0.30, con-
firming that our Tri-QE filtering effectively maintains visual
alignment without compromising text fluency.
Human Evaluation. We further verify the quality of the
constructed corpora (i.e., SilkRoad-VL) by inviting 6 native
speakers to evaluate 250 sampled items for each of the 4
representative languages (Uyghur, Uzbek, Kazakh, and Urdu).
As shown in Table VII, the sampled short captions assessed on
a 1–5 Likert scale achieved generally favorable ratings, par-
ticularly an impressive average of 4.71 for Visual Relevance.
These results empirically validate that our Tri-QE pipeline
effectively ensures linguistic correctness and precise visual
grounding. We intend to extend this rigorous assessment to
Kyrgyz and Tajik in future work.
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Fig. 4. Visual-semantic analysis of the filtered SilkRoad-VL dataset. The left
axis represents linguistic quality (QE) and semantic consistency (BS), while
the right axis represents visual grounding (CLIP). The data confirms high
consistency across all languages.

TABLE VII
HUMAN EVALUATION OF SILKROAD-VL

Language Fluency Adequacy Visual Relevance

ug 4.61 4.70 4.73
uz 4.10 4.03 4.74
kk 4.33 4.33 4.67
ur 4.80 4.19 4.69

Average 4.46 4.31 4.71

C. Ablation Studies

VLM Backbone Selection. As illustrated in Figure 6, we
compare five state-of-the-art VLMs. The dual-axis evaluation
reveals a clear divergence between generation length and
visual grounding. Specifically, LLaVA-v1.6 exhibits signs of
generative degeneration, where a sharp increase in average
length (86.0 tokens) fails to yield proportional gains in CLIP
score, suggesting the presence of hallucination loops. In
contrast, Qwen3-VL-8B [8] demonstrates superior semantic
density, achieving the best performance among the evaluated
VLMs (36.48) with a concise token count (34.4). This fa-
vorable balance between informativeness and groundedness
justifies Qwen3-VL as our optimal backbone generator.
Effectiveness of Hybrid Ensemble Strategy. Figure 5 com-
pares our hybrid strategy with four individual baselines.
While single-model generators exhibit clear trade-offs—such
as Qwen’s decline in semantic consistency (BERTScore
∼93.8)—our ensemble effectively mitigates these biases. By
combining the complementary strengths of diverse architec-
tures, the Hybrid Ensemble consistently surpasses all single-
source counterparts across every metric. It attains the best
performance with 94.48 BERTScore, 82.95 COMET, and
29.71 CLIP, confirming that our ensemble-then-filter paradigm
provides a stronger and more reliable supervision signal than
any individual teacher.
Effectiveness of Tri-QE Filtering. To assess the reliability
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Fig. 5. Performance comparison: Individual Models vs. Hybrid Ensemble. The results demonstrate that our Hybrid Ensemble strategy consistently outperforms
all single-model baselines, effectively balancing semantic fidelity (i.e., BERTScore), translation quality (i.e., COMET-Kiwi), and visual-alignment (i.e., CLIP).

TABLE VIII
QUALITY STATISTICS OF RAW POOL VS. FINAL DATASET. IMPROVEMENTS

ACROSS QE, CLIP, AND BS VALIDATE THE EFFICACY OF OUR TRI-QE
FILTERING

Lang
Raw Pool Final Dataset

QE CLIP BS QE CLIP BS

ug 60.55 19.36 88.17 82.13 29.66 93.87
kk 71.83 23.29 91.04 83.25 29.57 93.85
ky 67.49 23.47 91.12 82.80 29.56 93.58
tg 51.70 21.56 90.52 80.49 29.93 95.49
uz 65.08 24.29 91.06 81.81 29.84 94.71
ur 66.40 25.93 94.18 80.31 29.67 95.84

Avg. 63.98 22.98 91.14 82.35 29.71 94.20
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Fig. 6. Ablation on VLM Backbones. The dual-axis plot juxtaposes semantic
fidelity (CLIP, bars) against generative verbosity (Length, line). Qwen3-VL
achieves the optimal trade-off, securing the highest grounding scores without
the pathological length inflation observed in LLaVA-v1.6.

of SilkRoad-VL, we quantitatively compare the final corpus
with the raw synthetic pool. As shown in Table VIII, the raw
ensemble contains substantial noise, averaging only 63.98 in
COMET-Kiwi. In contrast, our Tri-QE protocol filters out low-
quality generations, raising the score to 82.35 (+18.37 points).
Furthermore, the gains in CLIPScore (22.98 →29.71) and
BERTScore (91.14 → 94.20) indicate that the final dataset

Qwen3: Ақ ат қызыл түсті қағаздан жасалған 
жүк арбаын жүгіртеді, арбаның ішінде қызғылт 
түсті кептік киген жүргізуші бар, арбаның 
артында көк түсті үй, уақыттың қалалық суреті.                         

Fine tuning: Сұр жылқы ағаш арбаны тартады, 
жүргізуші шапка киіп, артында көк ғимарат, 
көше көрінісі.                                                         

Source Caption: Gray horse pulls wooden cart 
with driver wearing hat, blue building behind, 
street scene.                                                 

LLaVA-v1.6: یک ںوچب کیا یک یاک چیگیو یک ںوچب کیا 
 چیگیو یک ںوچب کیا یک یاک چیگیو یک ںوچب کیا یک یاک چیگیو
                         یک یاک

Fine tuning: کیا ہںبب ےہ یتییھا ںیب یاک یک چیگیو ںوب کیا 
                                                        ےہہ میبتھا یمںک

Source Caption: A child plays in a Wiggles car 
while a man watches.                                        

SilkRoad Multi30k

Fig. 7. Qualitative comparison. Left: Our fine-tuning corrects Qwen3-VL’s
hallucinations in Kazakh. Right: It resolves LLaVA-v1.6’s repetition loops in
Urdu. Red text indicates zero-shot errors.

better preserves both visual grounding and semantic fidelity,
reducing hallucinations in synthetic data.

D. Case Study

Figure 7 provides a qualitative assessment of error correc-
tion capabilities across diverse architectures. As shown on the
left (SilkRoad), the strong baseline Qwen3-VL suffers from
severe object hallucination in Kazakh, fabricating non-existent
attributes by misidentifying a “gray horse” as an object made
of “red paper.” Similarly, in the Urdu example (Multi30k),
LLaVA-v1.6 exhibits characteristic generation collapse, de-
generating into infinite repetition loops. In stark contrast,
our fine-tuned models successfully rectify these pathologies.
By aligning visual features with high-quality native text, our
approach effectively suppresses hallucinations and restores
linguistic fluency, ensuring precise grounding even in complex
low-resource scenarios.

V. CONCLUSION AND FUTURE WORK

In this work, we bridge the digital divide for underrep-
resented Central and South Asian languages by introducing



SilkRoad-VL, a high-fidelity multimodal corpus constructed
via a novel, fully automated framework. Our pipeline syn-
ergizes metric-driven VLM captioning with hybrid ensemble
generation, employing the Tri-QE protocol to rigorously mit-
igate semantic hallucinations and visual-linguistic misalign-
ment. Extensive evaluations confirm that this meticulously
filtered data provides a new benchmark for extremely low-
resource multimodal translation, effectively unlocking cross-
lingual generation and visual grounding capabilities for lan-
guages that lack natural multimodal resources. Future work
will focus on scaling our pipeline to cover a broader spectrum
of low-resource languages and evolving our system into a
unified omni-modal framework by incorporating additional
modalities such as audio.
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