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Abstract

Ambiguity resolution is a key challenge in mul-
timodal machine translation (MMT), where
models must genuinely leverage visual input to
map an ambiguous expression to its intended
meaning. Although prior work has proposed
disambiguation-oriented benchmarks probing
the role of vision, we observe that existing
benchmarks remain limited by task-format mis-
match, narrow ambiguity coverage, or insuf-
ficient visual-dependency validation. More-
over, existing ambiguity evaluations are not
well suited to diverse ambiguity types in open-
ended translation. To address these limita-
tions, we present VIDA (Visually-Dependent
Ambiguity), a dataset of 2,500 carefully cu-
rated instances in which resolving an anno-
tated source span requires visual evidence. We
further propose Disambiguation-Centric Met-
rics that use an LLM-as-a-judge classifier to
verify whether annotated ambiguous expres-
sions are resolved correctly at the span level.
Evaluations with stronger recent LVLMs show
that visual disambiguation remains challenging.
Using chain-of-thought supervised fine-tuning
as a diagnostic setting, we observe stronger out-
of-distribution disambiguation than with SFT,
with robust gains on collective-noun ambigu-
ities and model-dependent gains on sentence-
level ambiguities.

1 Introduction

Multimodal machine translation (MMT) extends
neural machine translation by incorporating visual
context to improve translation quality (Lala and
Specia, 2018; Yao and Wan, 2020). Recent Large
Vision Language Models (LVLMs) show impres-
sive performance on MMT benchmarks (Bai et al.,
2025; Zhu et al., 2025). However, it remains un-
clear whether LVLMs truly leverage visual infor-
mation during MMT. Earlier studies (Elliott, 2018;
Wau et al., 2021) showed that replacing or perturb-
ing images often leads to only minor degradations,
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raising questions about the actual contribution of
the visual modality. This concern remains relevant
in the LVLM era: stronger visual perception does
not necessarily guarantee reliable use of visual evi-
dence during translation.

Ambiguity resolution provides a direct probe
of visual dependence in MMT, and existing work
has made progress in this direction by introduc-
ing multimodal disambiguation benchmarks (Ma
etal., 2024; Wang et al., 2024a; Futeral et al., 2023).
Yet no existing benchmark combines open-ended
MMT generation with broad ambiguity coverage
and visual-dependency validation. CoMMuTE
(Futeral et al., 2023) is a contrastive benchmark
for word-level and gender ambiguity that scores
candidate translations rather than requiring models
to generate translations freely. 3AM (Ma et al,,
2024) targets English—Chinese MMT and primar-
ily focuses on word-level ambiguity, but includes
many instances resolvable from text alone. MMA
(Wang et al., 2024a) covers sentence-level ambigu-
ity in a VQA-style format rather than translation
generation. Additionally, prior work on MMT am-
biguity evaluation spans several paradigms, includ-
ing contrastive evaluation with predefined transla-
tion candidates (Futeral et al., 2023) and rule-based
matching with lexical variants (Lala and Specia,
2018; Li et al., 2021). While these settings provide
ambiguity-oriented evaluation, they are less suit-
able for open-ended MMT generation with broader
ambiguity types and valid paraphrases. General
MT metrics such as BLEU and COMET assess
overall translation quality, but do not directly indi-
cate whether a particular ambiguous span has been
resolved correctly.

Reliable evaluation of visual disambiguation in
MMT requires both an MMT dataset with visually-
dependent ambiguities and an evaluation method
that directly measures disambiguation accuracy.
We therefore introduce VIDA (Visually-Dependent
Ambiguity), an MMT dataset of 2,500 instances
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capturing visually-dependent translation ambigu-
ities at the word and sentence levels, as well as
collective-noun phenomena. We further propose
Disambiguation-Centric Metrics based on an
LLM-as-a-judge classifier. These metrics comple-
ment standard translation metrics by explicitly tar-
geting span-level disambiguation accuracy. Even
recent LVLMSs such as Qwen3.5-27B (Qwen Team,
2026a) resolve all annotated ambiguities in fewer
than half of the test instances.

Beyond dataset and evaluation, we use chain-of-
thought supervised fine-tuning (CoT-SFT) (Muen-
nighoff et al., 2025) with a manually designed tem-
plate as a diagnostic setting to test whether explicit
visual reasoning supervision improves disambigua-
tion beyond standard SFT. Experiments show ro-
bust gains on VIDA-ColIN across models, while
the effect on VIDA-Sent is model-dependent. The
main contributions of this paper are:

¢ We introduce VIDA, an MMT dataset fea-
turing visually-dependent ambiguities at both
word and sentence levels.

* We propose Disambiguation-Centric Met-
rics to directly measure disambiguation ac-
curacy, complementing standard translation
metrics for MMT disambiguation.

* We use CoT-SFT as a diagnostic setting to
examine whether explicit visual-reasoning su-
pervision improves disambiguation beyond
standard SFT.

2 Related Work

Multimodal Disambiguation Datasets. Prior
work has studied visual disambiguation through
translation-based benchmarks (Lala and Specia,
2018; Li et al., 2021; Ma et al., 2024), contrastive
MMT benchmarks (Futeral et al., 2023), and VQA-
style ambiguity benchmarks (Wang et al., 2024a).
Building on such benchmarks, DeDiT (Liu et al.,
2025) examines explicit visual reasoning in MMT
and evaluates cross-dataset transfer from Multi30K
to COMMUTE. In comparison, VIDA targets open-
ended MMT generation with broader ambiguity
coverage, retaining only cases whose correct in-
terpretation requires visual evidence. Sharing the
motivation of DeDiT, we use CoT-SFT as a diag-
nostic setting, but since VIDA separates ambiguity
types into subsets, we test whether visual reason-
ing transfers from word-level ambiguities to held-
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Figure 1: Three-stage VIDA curation pipeline

out sentence-level and collective-noun ambiguities
rather than across datasets.

Disambiguation Metrics for MMT. Prior work
has evaluated multimodal ambiguity with con-
trastive candidate ranking (Futeral et al., 2023),
rule-based matching over predefined lexical vari-
ants (Lala and Specia, 2018; Li et al., 2021), and
general MT metrics (Papineni et al., 2002; Rei et al.,
2020). These approaches are less suitable for open-
ended MMT generation with broader ambiguity
types, where correct disambiguation may be ex-
pressed through paraphrases or lexical variation.
We therefore propose Disambiguation-Centric Met-
rics using an LLM-as-a-judge classifier to directly
assess span-level disambiguation accuracy. A de-
tailed comparison is provided in Appendix A.

3 Dataset Curation

To construct an MMT dataset with visually-
dependent translation ambiguities, we adopt a
three-stage semi-automatic pipeline, as shown in
Figure 1. Our goal is to collect instances where
the disambiguating evidence is grounded in the
image, and to provide human-verified reference
translations. VIDA is built on two existing re-
sources: VIDA-Base and VIDA-ColIN are curated
from 3AM (Ma et al., 2024), and VIDA-Sent is
adapted from MMA (Wang et al., 2024a).

3.1 Stage 1: Data Preprocessing and Filtering

The goal of this stage is to curate image—text
aligned and textually clean source captions with
visually-dependent ambiguities. We use GPT-40
(Hurst et al., 2024) to filter mismatched image—text
pairs and normalize text. We then apply a dual-
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model consensus strategy with two state-of-the-
art commercial LLMs, Qwen-Max (Qwen Team,
2024) and DeepSeek-v3 (Liu et al., 2024): each
model independently assesses whether the caption
remains ambiguous without the image. We retain
only captions that both models judge as ambiguous,
and record an Ambiguous Caption and an Ambigu-
ity Rationale that points to the ambiguous span and
the disambiguation cue.

3.2 Stage 2: Disambiguated Translation

In this stage, we produce high-quality disam-
biguated translations for each retained caption. For
each caption from Stage 1, we generate a disam-
biguated translation using GPT-40 with a structured
input that includes the Ambiguous Caption, the
paired Image, and the Ambiguity Rationale from
the previous stage. The model outputs both a Dis-
ambiguated Translation that resolves the ambiguity
and a Resolution Rationale explaining how visual
information is used to support the decision.

3.3 Stage 3: Quality Assurance and Validation

This stage finalizes the dataset with an LL.M-as-a-
judge quality check followed by human verification,
ensuring both translation quality and correct visual
disambiguation. We employ Qwen-Max to evaluate
each disambiguated translation along two dimen-
sions: semantic preservation and fluency. For each
dimension, Qwen-Max outputs a score from 1 to
5 together with a brief justification. We flag cases
with scores below 4 as potentially problematic and
prioritize them for closer inspection.

To ensure translation correctness, we further con-
duct human verification with two native Chinese
speakers (one Ph.D. and one M.S. in Computer
Science). For each instance, annotators are shown
the image, the source caption, the ambiguity ratio-
nale, the candidate translation, and Qwen-Max’s
judgment. Each annotator independently reviews
the translation using three criteria: (i) whether
the annotated ambiguity is correctly resolved, (ii)
whether the translation is fluent, and (iii) whether
the meaning of the translation is preserved. If the
candidate fails any criterion, the annotator provides
a corrected translation based on the image and the
ambiguity rationale. During verification, we iden-
tified collective noun cases where underspecified
terms must be concretized based on the image con-
tent and group these cases into the Collective Noun
Subset. Finally, VIDA comprises 2,500 instances
across three subsets (VIDA-Base, VIDA-Sent, and

VIDA-ColIN). See Appendix C for details.

4 Evaluation Metrics for Disambiguation

In MMT disambiguation, the objective of evalua-
tion is to measure disambiguation accuracy rather
than overall translation quality. We use an LLM-
as-a-judge to classify span-level correctness and
compute accuracy from binary outputs. Specifi-
cally, we fine-tune Qwen3-8B (Yang et al., 2025)
on VIDA to determine whether annotated ambigu-
ous expressions are correctly resolved in transla-
tion. We train the classifier in a contrastive set-
ting. Gold disambiguated translations are used as
positive samples. Negative samples are candidate
translations from our curation pipeline that fail to
resolve the annotated ambiguity. Building on this,
we introduce two complementary Disambiguation-
Centric Metrics for a comprehensive evaluation
of disambiguation performance: Disambi-Term
measures term-level disambiguation accuracy by
evaluating each annotated ambiguous term in the
entire dataset. Disambi-Inst. reports instance-level
accuracy, counting a sentence as correct only if all
ambiguous expressions within it are correctly re-
solved. Judge reliability and training details are
provided in Appendix D.

S Experiments

5.1 Experimental Settings

Dataset We conduct experiments on the VIDA
dataset. VIDA-Base is split 7:3 into 1,352 training
and 580 test samples. VIDA-Sent and VIDA-ColIN
are held out from training as out-of-distribution
(O0OD) test sets due to limited size, which also
allows evaluation on unseen ambiguity types.

Metrics We report standard MT metrics (BLEU,
chrF/chrF++ (Popovi¢, 2015, 2017), METEOR
(Banerjee and Lavie, 2005), TER (Snover et al.,
2006), BERT-F1 (Devlin et al., 2019), and
COMET) to assess overall translation quality, to-
gether with Disambi-Term and Disambi-Inst. for
disambiguation accuracy. To assess the reliability
of gains on the small OOD subsets, we estimate
95% Cls using paired bootstrap for Disambi-Inst.
and instance-level cluster bootstrap for Disambi-
Term, and test instance-level significance with ex-
act McNemar tests (Appendix E).

Models and Baselines We evaluate Qwen2.5-
VL-7B (Bai et al., 2025) and InternVL3-8B (Zhu
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Model Dataset Model Setting BLEU chrF chrF++ TER BERT-F1 METEOR COMET Di bi-Term Di bi-Inst.
Vanilla 48.04 4195 3298  40.29 86.63 58.47 84.49 50.86 39.81
All-Test SFT 4920 4273 3282 4344 87.07 58.95 85.55 54.36 43.77
CoT-SFT 47.64 41.16 3299 4161 87.18 58.78 85.88 58.45 48.78
Vanilla 5351 4676  36.87  35.66 88.84 65.24 86.08 60.18 46.55
VIDA-Base-Test SFT 5531 4831 3713 34.28 89.61 66.55 87.30 62.67 50.17
InternVL3-8B CoT-SFT 51.10 4441 35.75 38.06 88.56 63.25 86.44 64.89 51.38
Vanilla 4251 36.85  33.01 44.76 84.31 52.54 84.21 50.00 50.00
VIDA-Sent SFT 3699 3569 3196 6793 83.93 51.67 84.70 55.45 55.45
CoT-SFT 44.22 3819 3428 4527 85.70 55.32 86.39 58.97 58.97
Vanilla 36.56  31.66  27.14 4924 84.63 48.79 81.39 18.36 12.16
VIDA-ColIN SFT 3797 3292 2822 49.11 85.11 50.56 82.60 22.62 14.90
CoT-SFT 3926 33.89 2570 48.52 85.70 51.05 83.96 38.36 32.55
Vanilla 4785 41.67 3412 4274 86.56 58.88 84.83 50.08 39.81
All-Test SFT 49.13 42.85 34.58 40.34 87.38 59.51 85.82 52.81 42.46
CoT-SFT 4759 4139 3326 4249 87.06 58.60 85.84 55.51 46.08
Vanilla 5238 4566  37.66  37.64 88.53 64.45 86.30 58.49 46.38
VIDA-Base-Test SFT 53.88 47.09 3835 36.17 89.11 65.48 87.07 61.42 49.31
Qwen2.5-VL-7B CoT-SFT 50.41 4457  36.00 3944 88.32 62.75 86.35 60.71 46.90
Vanilla 4446 3892 3497 5095 84.21 54.78 84.41 51.28 51.28
VIDA-Sent SFT 4512 3952 35.59  142.66 85.86 55.41 86.06 52.56 52.56
CoT-SFT 4554 3979 3543  45.17 85.66 55.02 86.41 60.26 60.26
Vanilla 38.06 3283  24.63 50.54 84.87 51.16 82.06 19.02 12.16
VIDA-ColIN SET 39.02 3371 25.28 49.24 85.30 50.96 82.69 21.31 14.51
CoT-SFT 3821 3249 2451 50.71 85.32 51.34 83.39 33.77 27.45

Table 1: Performance comparison of InternVL3-8B and Qwen2.5-VL-7B under Vanilla, SFT, and CoT-SFT
settings. Box highlights best standard metrics, Box highlights best disambiguation metrics.

et al., 2025) under three settings: vanilla infer-
ence, supervised fine-tuning (SFT), and chain-of-
thought supervised fine-tuning (CoT-SFT) with
manually synthesized ambiguity-resolution traces
(Appendix G). We additionally evaluate Qwen3.5-
27B and Gemma-4-26B-A4B (Google DeepMind,
2026) under vanilla inference and extend the
SFT/CoT-SFT comparison to InternVL3-14B to
examine CoT-SFT’s effectiveness at a larger model
scale.

5.2 Experimental Results

Analysis on In-Domain Dataset. Evaluation on
the in-domain test set (VIDA-Base-Test) in Ta-
ble 1 examines how well the models fit the training
distribution (VIDA-Base-Train). The SFT setting
achieves the strongest overall translation quality
for both models across most standard translation
metrics. CoT-SFT remains competitive on seman-
tic metrics (e.g., COMET) for both models, but
can slightly underperform SFT on surface-overlap
metrics such as BLEU, likely because ambiguity
resolution often requires paraphrasing or structural
reformulation that deviates from reference wording.
To further assess whether these surface-metric gaps
indicate an overall quality loss, we use an LVLM
judge (Qwen3.6-Plus; Qwen Team, 2026b) and
find CoT-SFT comparable to SFT (Appendix B).
Under Disambiguation-Centric evaluation, CoT-

SFT yields the best performance for InternVL3-8B
(Disambi-Term/Inst. 64.89/51.38), surpassing both
SFT and Vanilla. In contrast, for Qwen2.5-VL-
7B, CoT-SFT improves over Vanilla but remains
slightly below SFT (60.71/46.90 vs. 61.42/49.31),
suggesting that in-domain gains from reasoning su-
pervision are model-dependent. We attribute part of
the CoT-SFT disambiguation gap to overthinking
behaviors and provide quantitative and qualitative
analyses in Appendix H.

Analysis on Out-of-Distribution Dataset. Eval-
uation on the out-of-distribution (OOD) datasets
(VIDA-Sent and VIDA-ColIN) examines whether
models can generalize to unseen ambiguity types.
Compared to in-domain results, CoT-SFT shows
clearer advantages under distribution shift. On
standard translation metrics, CoT-SFT achieves
the highest COMET on both OOD subsets for
both models, indicating stronger semantic ade-
quacy. Disambiguation-centric metrics make the
advantage more explicit. On VIDA-Sent, CoT-SFT
achieves consistent gains over SFT (approximately
+3.5 points for InternVL3-8B and +7.7 points
for Qwen2.5-VL-7B on both Disambi-Term and
Disambi-Inst.). The gains are substantially larger
on VIDA-ColIN (over +15 points for InternVL3-8B
and +12 points for Qwen2.5-VL-7B), suggesting
that CoT-SFT demonstrates stronger generalization
beyond the training distribution.
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Subset A Inst. [95% CI] McNemar p A Term [95% CI] Model Setting BLEU COMET Disambi- Disambi-
Qwen2.5-VL-7B Term Inst.
VIDA-Sent +7.69 [3.21, 12.18] 0.0012 +7.69 [3.21, 12.18] Qwen3.5-27B Vanilla 48.14 86.38 57.25 46.47
VIDA-ColIN  +12.94 [7.84, 18.04] <0.00001 +12.46 [7.33, 17.78] Gemma-4-26B-A4B  Vanilla 45.82 85.53 54.86 44.46
InternVL3-8B Vanilla 49.93 84.90 50.28 39.67
VIDA-Sent +3.53 [—0.64, 8.01] 0.1352 +3.53 [-0.64, 8.01] InternVL3-14B SFT 51.23 85.75 52.97 42.63
VIDA-ColIN  +17.65 [12.16, 23.14]  <0.00001  +15.74 [10.36, 21.38] CoT-SFT  49.55 86.20 58.47 50.04

Table 2: CoT-SFT vs. SFT on the OOD subsets. A:
CoT-SFT minus SFT; p: exact McNemar test. Bold:
95% CI excludes zero.

Statistical Significance of OOD Gains. Because
the OOD subsets are small, we further test whether
these gains are statistically reliable (Table 2). Three
of the four instance-level gains are significant at
a = 0.05 and remain significant after Bonferroni
correction (« 0.0125): Qwen2.5-VL-7B on
VIDA-Sent and both models on VIDA-ColIN, and
the term-level CIs lead to the same conclusion. The
gain for InternVL3-8B on VIDA-Sent is positive
but not significant (p = 0.1352). These results in-
dicate that the benefit of CoT-SFT on VIDA-ColIN
is significant for both models and consistent at the
term and instance levels. In contrast, the benefit
on VIDA-Sent is model-dependent, possibly be-
cause sentence-level ambiguities such as idioms
and pragmatic interpretations differ more from the
word-level training instances, so the learned reason-
ing patterns transfer less uniformly across models.

Analysis on All-Test Dataset. All-Test pools all
subsets into a single evaluation rather than aver-
aging per-subset scores, yielding an overall score
weighted by subset size. On standard translation
metrics, SFT generally improves over Vanilla for
both models, indicating better overall translation
quality on the mixed test distribution. In con-
trast, CoT-SFT consistently yields higher seman-
tic adequacy and disambiguation accuracy than
SFT: it achieves the highest COMET and im-
proves Disambi-Term/Inst. by about +4.1/+5.0 for
InternVL3-8B and +2.7/+3.6 for Qwen2.5-VL-7B.
Overall, CoT-SFT trades a small loss in surface
overlap for higher semantic adequacy and disam-
biguation accuracy, with most of the disambigua-
tion gain coming from the OOD subsets.

5.3 Stronger LVLMs and Larger-Scale
CoT-SFT

Evaluation with Stronger LVLMs. As shown
in Table 3, Qwen3.5-27B and Gemma-4-26B-A4B
achieve higher disambiguation accuracy than the
vanilla 7B/8B models in Table 1 (up to 57.25/46.47
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Table 3: All-Test results of stronger LVLMs (top) and
InternVL3-14B (bottom). Highlighting follows Table 1;
full results are in Appendix F.

vs. 50.86/39.81 Disambi-Term/Inst.). Nevertheless,
fewer than half of the All-Test instances have all an-
notated ambiguities correctly resolved, indicating
that visual disambiguation on VIDA is not solved
by stronger recent LVLMs. Notably, InternVL3-
8B with CoT-SFT (48.78 Disambi-Inst.) already
exceeds both, although it is trained on VIDA-Base.
The subset-level results (Appendix F) show that the
remaining difficulty is most pronounced on VIDA-
ColIN, where both models reach at most 16.02
Disambi-Inst., close to the vanilla 7B/8B models
(12.16) and far below CoT-SFT (27.45-32.55).

Larger-Scale = CoT-SFT  Evaluation. On
InternVL3-14B, CoT-SFT improves Disambi-
Term/Inst. by 5.50/7.41 points over SFT and
achieves the highest COMET, while SFT retains
the highest BLEU. This reproduces the pattern
observed at the 7B/8B scale: SFT better fits the
surface form of the references, whereas CoT-SFT
improves semantic adequacy and disambiguation.
As at the smaller scale, the gains come mainly from
the OOD subsets (+9.30 and +20.00 Disambi-Inst.
on VIDA-Sent and VIDA-ColIN; Appendix F),
indicating that the benefit of CoT-SFT extends
beyond the 7B/8B scale.

6 Conclusion

We introduce VIDA, an MMT dataset for visually-
dependent word- and sentence-level ambiguities,
and propose Disambiguation-Centric Metrics that
directly measure disambiguation accuracy based
on an LL.M-as-a-judge classifier. Evaluations
with stronger recent LVLMs show that VIDA re-
mains challenging, especially for collective nouns.
Our comparison of SFT and CoT-SFT shows that
SFT better fits the surface patterns of the training
references, whereas CoT-SFT improves visually
grounded disambiguation. The gains are robust
on VIDA-ColIN across both models, while the ef-
fect on VIDA-Sent is model-dependent; the disam-
biguation benefit also holds for InternVL3-14B.



Limitations

Although VIDA targets highly visually dependent
ambiguities, the dataset remains modest in scale
compared to large-scale translation corpora and is
currently limited to English—Chinese translation.
In addition, the reasoning traces used to supervise
CoT-SFT are synthetically constructed based on
manually designed patterns, which may not reflect
natural model reasoning. Although we include
stronger vanilla baselines and a 14B experiment,
the CoT-SFT evaluation still covers a limited num-
ber of open-weight model families. Future work
includes expanding the dataset to additional lan-
guage pairs, validating the CoT-SFT findings on
a broader range of LVLMs, and moving beyond
fixed templates toward dynamic or adaptive reason-
ing generation, for instance through reinforcement
learning or preference-based optimization methods
that let the model adapt its reasoning depth to the
difficulty of the ambiguity.

Ethics Statement

The proposed VIDA dataset is curated from pub-
licly available data sources and inherits their
research-use license; the images do not introduce
additional personally identifying information be-
yond the underlying datasets. Annotators were
informed of the task goals before annotation. The
dataset is publicly released with usage guidelines
to support research on multimodal machine transla-
tion and ambiguity resolution.
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Resource Generation format

Ambiguity focus

Ambiguity evaluation

MLT (Lala and Specia, 2018)
AmbigCaps / M3-AmbigCaps
(Li et al., 2021; Guo et al., 2022)
CoMMUuTE (Futeral et al., 2023)
3AM (Ma et al., 2024)

MMA (Wang et al., 2024a)
VIDA

localized lexical translation
open-ended caption translation
contrastive candidate ranking
open-ended MMT generation

VQA-style disambiguation
open-ended MMT generation

lexical choice

primarily gender/pronoun ambiguity
lexical/gender ambiguity

mainly word-level ambiguity
sentence-level ambiguity

lexical, sentence, pragmatic, collective noun

rule-based lexical matching

rule-based matching over lexical variants
contrastive accuracy over predefined candidates
general MT and ambiguity-oriented evaluation

VQA-style answer accuracy

LLM-judge semantic span accuracy

Table 4: Positioning of VIDA relative to prior multimodal disambiguation resources.

asking models to rank predefined translation can-
didates, which is useful for isolating visual cues
but does not evaluate free-form generation. 3AM
targets English—Chinese MMT but primarily fo-
cuses on word-level ambiguity and includes many
instances resolvable from text alone. MMA broad-
ens the phenomenon to sentence-level ambiguity,
but is formulated as a VQA task rather than transla-
tion. In contrast, VIDA targets open-ended MMT
generation, covers word-, sentence-, pragmatic-,
and collective-noun ambiguity, and retains only in-
stances whose intended interpretation is verified to
require visual evidence.

The evaluation protocols also differ in what they
can verify. Contrastive accuracy measures whether
a model ranks a predefined correct candidate above
distractors, while rule-based matching over lexical
variants is tied to expected surface forms. These
designs are less suitable for open-ended translation,
where correct disambiguation may be expressed
through paraphrases or different lexical choices.
General MT metrics such as BLEU and COMET
remain useful for overall translation quality, but
they do not directly verify whether an annotated
ambiguous span is resolved correctly, since surface-
overlap metrics may penalize valid paraphrases
or lexical variation and sentence-level metrics are
too coarse-grained for span-level disambiguation.
VIDA therefore uses Disambiguation-Centric Met-
rics to judge span-level semantic resolution while
allowing valid paraphrases. Table 4 summarizes
the comparison.

Concrete Examples. Table 5 illustrates these dif-
ferences with examples from each resource. In
3AM, some captions can be translated correctly
without the image, while others are paired with
an unrelated image. CoMMuUTE asks the model
to rank two predefined translations rather than
generate one, and MMA evaluates visual ques-
tion answering rather than translation. In con-
trast, VIDA manually ensures both visual depen-
dency and image—text consistency for every re-

tained instance, requires the model to generate a
complete translation, and evaluates whether the
image-supported sense is expressed (see Figure 3
for VIDA examples).

B Auxiliary Overall Quality Evaluation

To complement standard MT metrics, we evalu-
ate overall translation quality with Qwen3.6-Plus
(Qwen Team, 2026b), a commercial LVLM, as the
judge on a 0-100 scale. Table 6 shows that SFT
and CoT-SFT are close in overall quality, and CoT-
SFT is often comparable or higher despite stronger
disambiguation performance. This supports our
main interpretation that CoT-SFT’s gains reflect
improved ambiguity resolution rather than a severe
loss in general translation quality.

C Dataset Statistics

C.1 Definition and Detection of Ambiguous
Terms

We define an ambiguous term as a word or phrase
whose translation admits multiple valid candidates
when given only the pure text context. Crucially,
its true meaning can only be uniquely determined
by referencing the paired visual evidence. Such
terms are detected during Stage 1 of our curation
pipeline (section 3): Qwen-Max and DeepSeek-
v3 independently evaluate the text-only source for
translation uncertainty, and an instance is retained
only when both models reach a consensus that am-
biguity exists. The two models then extract the
specific ambiguous span and produce an Ambiguity
Rationale that describes the alternative interpre-
tations and identifies the visual cue required for
disambiguation. Concrete examples are illustrated
in Figure 3.

C.2 Pipeline Filtering Statistics

The large reduction from the raw candidate pool
to the final benchmark reflects the strict quality
control in our curation pipeline. We begin with
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Resource

Example

Limitation for evaluating visual disam-
biguation

3AM

3AM

CoMMuTE

MMA

“A lot of rolls of toilet paper.”
“A praying mantis perched on a branch at reserve.”

“We’ll have to get rid of that mole.” with two predefined French
translations: “Il va falloir enlever ce grain de beauté” (beauty
mark) and “Il va falloir se débarrasser de cette taupe” (animal).
Caption “Crying” with an image and a multiple-choice question
about why the person is crying (gold answer: “Feeling sad”).

Correctly translatable from text alone; no vi-
sual evidence is needed.

Paired with an unrelated image (image—text
mismatch).

The model ranks the two given translations by
probability instead of generating a translation.

Evaluates visual question answering; the cap-
tion is not a complete translation input.

Table 5: Examples illustrating the limitations of prior resources for evaluating visual disambiguation in open-ended

MMT.

Model Dataset Vanilla SFT CoT-SFT
All-Test 8382 8476  86.35
VIDA-Base-Test  86.06 8724  87.25

InternVL3-88B  {/1pA-Sent 7931  78.86  83.57
VIDA-ColIN 8426 8634 8770
All-Test 8392 8570  85.87
VIDA-Base-Test 86.07 87.33 87.33

Qwen23-VL-7B (1D A Sent 7910 8224 8248
VIDA-ColIN 8491 8624  86.69

Table 6: Auxiliary overall translation quality judged
by Qwen3.6-Plus. Scores are on a 0-100 scale and
supplement the main metrics in Table 1.

26,452 raw image—text pairs, retain 14,993 after
image—text matching and text normalization, and
then keep only 2,500 instances after ambiguity de-
tection and dual-LLM verification. The two models
show strong bidirectional agreement on the ambi-
guity decision: 94.38% of ambiguous candidates
flagged by Qwen-Max are independently confirmed
by DeepSeek-v3, and 87.50% in the reverse direc-
tion, indicating that the detected ambiguities are
robust rather than model-specific artifacts. Sub-
sequent stages refine translations and annotations
without discarding additional instances. All 2,500
retained instances are then human-verified by two

Stage Remaining  Filtered Out
Initial raw pairs 26,452 -
After image—text filtering 14,993 11,459
After ambiguity verification 2,500 12,493
Human verification coverage 2,500 (100%) 0

Table 7: Filtering funnel for constructing VIDA.

Criterion Cohen’s k
Disambiguation 0.8033
Fluency 0.7938
Preservation 0.8102
Average 0.8024

Table 8: Inter-annotator agreement for human verifica-
tion.

native Chinese annotators, with substantial inter-
annotator agreement across the three review criteria
(average Cohen’s k = 0.8024; Table 8). The filter-
ing funnel is summarized in Table 7.

C.3 Human Verification Protocol

LLMs are used to screen the source pairs and to
draft disambiguated translations, because process-
ing all candidates manually from scratch would be
prohibitively costly. The dual-LLM agreement in
Stage 1 reduces reliance on a single model, but
it does not determine the final ground truth. In
Stage 3, the two annotators do not merely accept
or reject LLM outputs; they actively rewrite trans-
lations that fail any of the three criteria. When one
annotator corrects a translation, the other annotator
re-verifies the correction. Disagreements are first
discussed between the two annotators, and cases
that remain unresolved are referred to an additional
native Chinese speaker for adjudication.

C.4 LLM Configurations

We use GPT-40 (gpt-40-2024-11-20) with
temperature 1.0 and top_p 1.0. Qwen-Max
(gqwen-max-2025-01-25) and DeepSeek-V3 are
accessed through DashScope with the default de-
coding parameters (temperature/top_p of 0.7/0.8
for Qwen-Max and 0.7/0.6 for DeepSeek-V3); no
dated snapshot is available for DeepSeek-V3. The
maximum number of output tokens is not set for
any of these models.

C.5 VIDA Subset Statistics

The rigorous pipeline outlined in section 3 results
in the construction of VIDA (Visually-Dependent
Ambiguity), comprising 2,500 visually dependent
instances across three subsets: VIDA-Base con-
tains 1,932 samples curated from 3AM and focuses
primarily on word-level ambiguities; VIDA-ColIN
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Model BLEU chrF chrF++ TER BERT-F1 METEOR COMET Disambi-Term Disambi-Inst.
InternVL3-8B vs. Qwen2.5-7B
LVLM 48.04 4195 3298  40.29 86.63 58.47 84.49 50.86 39.81
TvisionT  6.88 6.48 2.26 -5.83 2.03 6.63 2.51 8.03 8.54
LLM 41.16 3547 30.72  46.12 84.60 51.84 81.98 42.83 31.27
Qwen2.5-VL-7B vs. Qwen2.5-7B
LVLM 47.85 41.67 3412 4274 86.56 58.88 84.83 50.08 39.81
Tvision T  4.27 3.59 0.89 -1.76 1.76 5.97 1.73 7.25 12.18
LLM 41.16 3547 30.72 46.12 84.60 51.84 81.98 42.83 31.27

Table 9: Ablation results without images on All-Test. The middle row reports the gain from adding the correct

visual input over the text-only baseline.

Model Image Setting BLEU chrF chrF++ TER BERT-F1 METEOR COMET Disambi-Term Disambi-Inst.
InternVL3-8B Correct image  48.04 4195 3298  40.29 86.63 58.47 84.49 50.86 39.81
: Random image 44.51 38.79 32.12 41.89 85.53 54.67 82.49 42.39 30.51
Correctimage ~ 47.85 41.67 34.12 4274 86.56 58.88 84.83 50.08 39.81
Qwen2.53-VL-78 Random image 43.18 37.71 3230 43.82 85.18 53.83 82.26 42.81 32.08

Table 10: Ablation results with random images on All-Test. Replacing the paired image with a random one
substantially degrades both standard MT metrics and disambiguation-centric metrics.

contains 256 collective-noun cases, also curated
from 3AM, where visual context concretizes an
otherwise abstract group; and VIDA-Sent contains
312 samples adapted from MMA with sentence-
level semantic ambiguities. A complete statistical
summary is provided in Table 11.

Subset Ambiguity Size  Avg. Len. Avg. Ambi.
VIDA-Base ‘Word-level 1,932 11.12 1.78
VIDA-Sent Sentence-level 312 6.00 1.00
VIDA-ColIN Word-level 256 10.08 1.20

Table 11: Statistical summary of VIDA subsets.

Table 12 further reports the distribution of am-
biguity types in each subset. The types follow the
four categories used in Stage 1 ambiguity detection
(Prompt 1 in Appendix I) and describe the source
of ambiguity: lexical (multiple senses of a word
or phrase), syntactic (multiple possible structures),
pragmatic (context-dependent interpretations), and
cultural/background (reliance on external cultural
or background knowledge). Since an instance can
involve more than one type, the labels are multi-
label and their counts may exceed the number of
instances.

Subset Size Lexical Syntactic Pragmatic Cultural
VIDA-Base 1,932 1,309 755 858 163
VIDA-Sent 312 77 64 145 26
VIDA-ColIN 256 253 5 14 2

Table 12: Distribution of ambiguity types in VIDA sub-
sets (multi-label).

C.6 Visual Dependence

To further verify that VIDA instances require the
correct visual context, we evaluate models under
two ablated settings on All-Test: (i) Text-only,
where the paired image is removed and replaced by
the corresponding text-only backbone, and (ii) Ran-
dom Image, where the correct image is replaced
with a randomly sampled image from the test set.
Results are shown in Table 9 and Table 10. In both
cases, performance drops consistently on both stan-
dard MT metrics and the proposed disambiguation-
centric metrics. These degradations clearly demon-
strate the visual dependence of VIDA: the ambigu-
ous text in our dataset must rely on the correct im-
age information to be successfully disambiguated,
and performance drops markedly when the model
is given no image or a random image.

We further repeat both ablations with the
stronger LVLMs from Section 5.3. For these mod-
els, the text-only setting removes the image from
the same model. As shown in Table 13, removing
or replacing the image reduces All-Test Disambi-
Inst. by 8.3-10.4 points for both models. The drop
is particularly large on VIDA-Sent, e.g., from 57.05
to 35.58 Disambi-Inst. when the image is removed
for Qwen3.5-27B. This confirms that the visual de-
pendence of VIDA is not specific to smaller mod-
els.
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Model Image COMET Disambi-Term Disambi-Inst.
Correct 86.38 57.25 46.47

Qwen3.5-27B None 84.61 49.60 38.10
Random 84.61 47.95 36.09
Correct 85.53 54.86 44.46

Gemma-4-26B-A4B  None 83.96 48.38 36.18
Random 83.57 46.48 34.35

Table 13: Visual-dependence ablation with stronger
LVLMs on All-Test. None removes the image from
the same model; Random replaces it with a randomly
sampled image.

D Judge Reliability and Training Details

D.1 Judge Reliability

We further validate the reliability of the Judge
from two complementary perspectives. First, we
perform Cross-Model Judge Verification by re-
evaluating the exact same translation outputs from
Qwen2.5-VL-7B (CoT-SFT) on All-Test with a
second Judge based on LLaMA3.1-8B (Grattafiori
et al., 2024). As shown in Table 14, the scores
remain highly consistent across judge backbones.
Second, we measure Human-Judge Alignment
on a randomly sampled 20% subset of VIDA (500
instances) and compute Cohen’s Kappa between ex-
pert human judgments and the Qwen-based Judge.
Table 15 shows strong agreement across all subsets,
indicating that the Judge captures semantic dis-
ambiguation resolution rather than model-specific
preferences.

Judge Disambi-Term Disambi-Inst.
Qwen-Judge 55.51 46.08
LLaMA-Judge 55.72 47.69

Table 14: Cross-model judge verification on the same
Qwen2.5-VL-7B (CoT-SFT) predictions.

Dataset Cohen’s Kappa
VIDA-Base-Test 0.8828
VIDA-Sent 0.8932
VIDA-ColIN 0.9023
Average 0.8928

Table 15: Human-Judge alignment measured by Co-
hen’s Kappa on a 500-instance sample.

D.2 Judge Training Details

The Judge is fine-tuned from Qwen3-8B as a binary
classifier for span-level disambiguation verification.
Each training instance contains the source caption,
a candidate translation, the annotated ambiguous
span, and the gold interpretation of that span; the
model predicts whether the ambiguity is correctly

resolved in the translation. Gold disambiguated
translations are used as positive examples. Neg-
ative examples are drawn from candidate transla-
tions produced during the curation pipeline that
fail to resolve the annotated ambiguity. To reduce
false negatives, we further filter out semantically
equivalent candidates with an auxiliary LLM-based
screening step before training.

We fine-tune the Judge for 10 epochs with learn-
ing rate 1 x 10~° and batch size 8. LoRA is used
with rank 8, alpha 32, and dropout 0.1. The judge
data contain 1,499 positive and 1,497 negative ex-
amples, which are sampled at a positive-to-negative
ratio of 2:1 during training. We use a random
seed of 42. This contrastive setup encourages the
Judge to focus on disambiguation correctness rather
than superficial lexical overlap, which is crucial for
handling valid paraphrases and lexical variation
in open-ended translation. All experiments were
conducted on one NVIDIA A100 GPU.

E Statistical Testing Details

The OOD subsets are relatively small (312 in-
stances in VIDA-Sent and 256 in VIDA-ColIN),
so differences in disambiguation accuracy between
training settings may partly reflect sampling varia-
tion. We therefore test whether the improvements
of CoT-SFT over SFT on these subsets are statisti-
cally reliable. Since both settings are evaluated on
the same instances, we use paired analyses.

Disambi-Inst. Under each setting, each instance
yields a binary correct/incorrect outcome, so the
two settings form paired binary observations. We
estimate the 95% confidence interval of the accu-
racy difference with a paired bootstrap over in-
stances (10,000 resamples), which resamples each
instance together with both of its outcomes and
makes no distributional assumption about the dif-
ference. To test significance, we use the McNemar
test, which is designed for paired binary outcomes:
instances on which both settings are correct or both
are incorrect carry no information about their dif-
ference, so the test relies only on the discordant
instances where exactly one setting is correct. We
use its exact (binomial) version because the number
of discordant instances on the small OOD subsets
is limited, in which case the chi-squared approxi-
mation can be inaccurate.

Disambi-Term. The annotated terms within the
same instance share the same source sentence, im-
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Model Dataset Setting BLEU chrF chrF++ TER BERT-F1 METEOR COMET Di bi-Term Di bi-Inst.
All-Test Vanilla 48.14  41.69 33.95 40.70 87.51 58.88 86.38 57.25 46.47
Qwen3.5-27B VIDA-Base-Test  Vanilla 50.84  44.85 36.89 37.60 89.01 63.32 87.32 68.53 55.79
i VIDA-Sent Vanilla 48.66  43.14 3895 39.53 86.66 57.39 87.32 57.05 57.05
VIDA-ColIN Vanilla 3795 32,69 2457  49.39 85.16 50.67 83.11 19.93 12.50
All-Test Vanilla 4582  39.74 3407 4239 86.86 57.31 85.53 54.86 44.46
Gemma-4-26B-A4B VIDA-Base-Test  Vanilla 4876 4320  37.88 38.97 88.44 61.98 86.63 65.19 52.33
VIDA-Sent Vanilla 4437 3894 3488  44.38 85.49 55.28 85.72 53.21 53.21
VIDA-ColIN Vanilla 3649 3132 2349 4961 84.95 49.23 82.84 22.22 16.02
Vanilla 4993 4384 3750  38.12 87.18 59.56 84.90 50.28 39.67
All-Test SFT 51.23 45.08 38.60 36.95 87.67 60.48 85.75 52.97 42.63
CoT-SFT  49.55  43.19 34.95 39.34 87.69 60.76 86.20 58.47 50.04
Vanilla 55.53  48.83 4255 33.28 89.38 66.06 86.35 60.71 47.59
VIDA-Base-Test SFT 5725 50.51 44.06 31.72 90.00 67.39 87.27 63.36 51.03
InternVL3-14B CoT-SFT 5331 4647 37.89 36.04 88.94 64.98 86.42 63.75 51.90
Vanilla 4493 39.57 3543 42.25 84.72 53.88 84.79 47.44 47.44
VIDA-Sent SFT 45.08  39.49 35.55 41.84 84.99 54.22 85.50 51.28 51.28
CoT-SFT 46.39 40.51 3628  42.28 86.46 57.95 87.12 60.58 60.58
Vanilla 38.78  33.55 2516  47.44 85.18 51.73 81.74 18.36 12.16
VIDA-ColIN SFT 39.76 3444 2583 46.68 85.62 52.42 82.61 20.00 12.94
CoT-SFT 4199 3636 27.59  45.62 86.36 54.58 84.59 38.69 32.94

Table 16: Full results of stronger recent LVLMs under vanilla inference (top) and of InternVL3-14B under Vanilla,
SFT, and CoT-SFT settings (bottom). In the bottom block, Box highlights the best standard metrics and Box
highlights the best disambiguation metrics within each dataset.

age, and model output, and are therefore not inde-
pendent. To account for this dependence, we use
an instance-level cluster bootstrap that resamples
instances together with all of their annotated terms.

Multiple Comparisons. Because we perform
four comparisons (two models x two OOD sub-
sets), we additionally apply a Bonferroni correc-
tion, giving an adjusted significance threshold of
a =0.05/4 = 0.0125.

Notes on Table 2. All differences A in Table 2
are computed from unrounded scores and may
therefore differ slightly from the differences of the
rounded values in Table 1. Since each VIDA-Sent
instance contains exactly one annotated span, its
term- and instance-level results coincide.

F Full Results of Stronger LVLMs and
InternVL3-14B

Table 16 reports subset-level results for the models
in Section 5.3. At the subset level, the stronger
LVLMs improve over the vanilla 7B/8B mod-
els mainly on VIDA-Base-Test and VIDA-Sent,
whereas VIDA-ColIN remains difficult (12.50 and
16.02 Disambi-Inst.). For InternVL3-14B, CoT-
SFT is comparable to SFT on the in-domain VIDA-
Base-Test (51.90 vs. 51.03 Disambi-Inst.), while
yielding large gains on VIDA-Sent (60.58 vs.
51.28) and VIDA-ColIN (32.94 vs. 12.94).

G Chain-of-Thought Supervised
Fine-Tuning

We define a task-specific six-step reasoning tem-
plate that guides models to articulate the align-
ment between ambiguous expressions and visual
evidence. Each synthetic trace is constructed ac-
cording to the following standardized reasoning
template:

1. Visual Grounding: Examine the image care-
fully and identify the visual elements that cor-
respond to key words or phrases in the source
sentence. Describe how these elements con-
nect to the text.

2. Initial Translation: Generate a preliminary
translation based on both the text and the
grounded visual evidence.

3. Ambiguity Check: Review the initial trans-
lation and highlight any terms that remain
ambiguous—those whose meanings are un-
clear or context-dependent when relying on
text alone.

4. Visual Disambiguation: This step is critical.
While visual grounding establishes a mapping
between the image and the text, the initial
translation can still leave some ambiguities un-
resolved. The model explicitly revisits the im-
age, not only to strengthen the connection be-
tween ambiguous terms and their correspond-
ing visual evidence, but also to refresh its ac-
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SRC: He watched the workers on the
bridge.

REF: ffifERT L WEZ T A (He is on the
bridge.)

Ambi. Rationale: “on the bridge” is
ambiguous, which could either describe
the workers’ location or the man’s

CoT Six-step Reasoning

Think: VISUAL GROUNDING In the image, a man in a suit stands on a
raised platform or bridge overlooking a construction site below. Many
workers wearing hard hats are working in an open trench, and the man is
visually above them from his vantage point on that bridge. INITIAL
TRANSLATION “fhEE# 9T A, AMBIGUITY CHECK The phrase
“on the bridge” can be ambiguous. It could mean: \ne He is on the
bridge watching the workers ® The workers are on the bridge, and he is
watching them. VISUAL DISAMBIGUATION From the image, we see that
the man is the one standing on the bridge-like platform. The workers are
below in a trench, not on the bridge. Therefore, “on the bridge” refers to
the man’s position, not the workers’. LOCALIZED REFINEMENT Update

Disambi. Rationale: The image clearly
shows that it is “He” on the bridge, not
workers.

the ambiguous part to make it clear that the man is the one on the

bridge: “fi7EAF LWET A, "
CHECK No further ambiguities remain.

(The man on the bridge) REPEAT

Figure 2: Example of CoT six-step reasoning resolving the ambiguity.

cess to visual information while mitigating
the risk of visual token attention decay during
long-sequence generation (Xing et al., 2024;
Chu et al., 2025) and hallucination (Wang
et al., 2024b). Through this re-examination,
the model is better guided to ground its disam-
biguation decisions in the most relevant visual
cues.

5. Localized Refinement: Update only the am-
biguous parts of the initial translation while
keeping the rest unchanged. This constraint
prevents unnecessary modifications to the sen-
tence structure and helps maintain overall
translation fluency.

6. Repeat Check: Reassess the updated transla-
tion. If ambiguities remain, iterate steps 3-5
until the translation is fully disambiguated.

An example is provided in Figure 2.

H Error Analysis

H.1 Quantitative Analysis of In-Domain

Regressions
Model Cases Overthinking Refinement Grounding  Other
Qwen2.5-VL-7B 62 54 (87.1%) 5(8.1%) 2 (3.2%) 1(1.6%)
InternVL3-8B 64 55 (85.9%) 5(7.8%) 23.1%)  2(3.1%)
Total 126 109 (86.5%) 10 (7.9%) 4(32%) 3(2.4%)

Table 17: Error types of in-domain regression cases on
VIDA-Base-Test, i.e., instances where SFT resolves all
annotated ambiguities but CoT-SFT does not. Percent-
ages are computed within each row.

Unlike on the OOD subsets, CoT-SFT does not
consistently outperform SFT on the in-domain

VIDA-Base-Test (Table 1): it is better for
InternVL3-8B but slightly worse for Qwen2.5-VL-
7B. To understand this gap, we analyze where the
two settings disagree.

Instance-Level Disagreements. Among the 580
test instances, SFT resolves all annotated ambigu-
ities while CoT-SFT does not in 64 instances for
InternVL3-8B and 62 for Qwen2.5-VL-7B. Con-
versely, CoT-SFT is correct while SFT is not in
71 and 48 instances, respectively. The in-domain
difference between the two settings is therefore the
net result of both gains and regressions, and the
regressions are frequent enough to offset most of
the gains.

Error Taxonomy. To identify the causes of these
regressions, we manually analyze all 126 cases
where SFT is correct but CoT-SFT is not, inspect-
ing the CoT-SFT reasoning trace together with the
image and the source sentence. Following the order
of the reasoning template (Appendix G), we assign
each case to one of four mutually exclusive error

types:

* Overthinking: a correct initial interpretation
or translation is later overwritten by an unnec-
essary or unsupported inference.

* Refinement error: the interpretation and rea-
soning remain correct, but the final localized
refinement introduces an omission, unneces-
sary restructuring, or semantic change.

* Incorrect visual grounding: the model
misidentifies an object, action, attribute, or
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VIDA-CN N\

e VIDA-Adv I

e VIDA-Base-Test I\

« Src: A female has an object with her.

- Ref— R &M EE K (Paddle),

- Thinking: VISUAL GROUNDING: In the image, a
woman is holding a white paddle. INITIAL
TRANSLATION: “—ANM#iE— Mk, ~
AMBIGUITY CHECK: The word “object” could
mean many things... VISUAL DISAMBIGUATION:
From the image, we see she is holding a paddle...
LOCALIZED REFINEMENT: Replace “—/Mj{4"

- Src: She's got a green thumb.

- Ref: #iEKFEZ . (She is good at gardening)

« Thinking: VISUAL GROUNDING: In the image, a
woman in a garden... INITIAL TRANSLATION: {45 —¥%
FEHF. AMBIGUITY CHECK: “Green thumb” could
mean a literal green thumb or skill in gardening.
VISUAL DISAMBIGUATION: From the image, she is
gardening with purple gloves, so “green thumb” must
refer to her skill in gardening rather than any literal
color.. LOCALIZED REFINEMENT: Replace &€& ) F

- Src: A thermostat with an iPod's touch.
« Ref:— M FiPod =t (iPod-like) iR R AYEE 28

« Thinking: VISUAL GROUNDING: In the image, there is
around device... The phrase “with an iPod’s touch”
visually corresponds to someone physically touching...
INITIAL TRANSLATION: — /M iPod it 5 THEE B IE B A%
AMBIGUITY CHECK: with an iPod’s touch: Could mean
the thermostat has iPod-like functionality or someone is
literally touching it... VISUAL DISAMBIGUATION: From

with “—3E3" toreflect thatitis indeed a
paddle...

- COT-SFT: —fr X #iE—HX (Paddle),

with BZ&F.

- CoT-SFT: 2 7 5 F (Gardening expert),

KSFT: — L HHE— NI (Object), / K.SFI-: #H—WMEHIE, (Green thumb) / &SFT: HAiPodfiRIR TR Ay fEIR SR, /

the image, we see a hand physically touching the
thermostat... LOCALIZED REFINEMENT: Replace ##
iPodAEFRTIAE with F A ELERMRTE

- CoT-SFT: —/ME A IF 7 fitiE S8 8%

Figure 3: Case study of CoT-SFT vs. SFT

relation in the image, leading to an incorrect
interpretation or translation.

¢ Other translation errors: residual lexical,
grammatical, omission, or realization errors
that are not attributable to the preceding cate-
gories.

Results. As shown in Table 17, overthinking ac-
counts for 86.5% of the regressions (109/126),
with similar rates for Qwen2.5-VL-7B (87.1%) and
InternVL3-8B (85.9%). Refinement errors account
for 7.9%, while incorrect visual grounding (3.2%)
and other translation errors (2.4%) are rare. The
low proportion of grounding errors indicates that
the regressions are rarely caused by failing to per-
ceive the image. Instead, the model usually reaches
a correct interpretation at an early step but aban-
dons it later in the reasoning process.

Interpretation. This pattern explains why the
benefit of CoT-SFT is smaller in-domain than un-
der distribution shift. VIDA-Base-Test shares the
word-level ambiguity types of the training data,
and SFT already fits the reference translation pat-
terns for many of these instances, so a correct trans-
lation can often be produced directly. The fixed
six-step template nevertheless requires the model
to re-examine every instance, and each additional
step provides an opportunity to overwrite an ad-
equate initial translation with spurious evidence,
such as irrelevant visual details or an overly lit-
eral reading of an idiomatic expression (see the
example in Appendix H.2). On the OOD subsets,
where direct translation fails more often, the same
re-examination is more likely to correct errors than

to introduce them. These findings suggest that
adapting the reasoning depth to the difficulty of
the ambiguity, for example, by stopping after the
ambiguity check when no unresolved ambiguity
is detected, is a promising direction for reducing
overthinking.

H.2 Qualitative Examples

The OOD results in section 5 raise a key question:
how does explicit reliance on visual information
shape the model’s reasoning? Figure 3 (left and
middle) illustrates how CoT-SFT aligns ambiguous
terms with visual evidence in VIDA-ColIN and
VIDA-Sent.

The VIDA-ColIN example (left of Figure 3) il-
lustrates the collective noun ambiguity: the source
sentence contains the ambiguous noun "object",
which requires a concrete translation ("paddle").
The SFT model, without reasoning, outputs the lit-
eral "object," which fails to capture the intended
meaning. In contrast, the CoT-SFT shows that the
model first generates an initial translation k),
maintaining the literal meaning. During the am-
biguity check, the model detects that "object” is
ambiguous. In the subsequent visual disambigua-
tion step, it grounds the word to the image and
identifies that the woman is holding a paddle. Fi-
nally, in localized refinement, the model updates
the translation to "paddle", producing the correct
disambiguated output.

The VIDA-Sent example (middle of Figure 3)
demonstrates sentence-level ambiguity where an
idiomatic expression could be misunderstood liter-
ally. The phrase "got a green thumb" could be
interpreted literally or idiomatically. The SFT
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model again produces a literal Chinese render-
ing of the thumb color. In contrast, the CoT-SFT
first provides a literal initial translation (ERERITF).
Through visual disambiguation, it recognizes from
the image that the woman is gardening, and there-
fore refines the output to "gardening expert", cor-
rectly capturing the idiomatic meaning.

Although CoT-SFT can improve disambiguation
accuracy, we observe that it may also introduce
overthinking on relatively straightforward inputs,
which can degrade translation quality. In our rea-
soning template, this behavior often arises after
the model produces an adequate initial translation:
subsequent reasoning steps may overwrite the ini-
tial output by injecting unnecessary or spurious
reasoning, e.g., overusing irrelevant visual details
or interpreting idiomatic expressions too literally,
thereby leading to flawed revisions.

The right panel of Figure 3 illustrates an over-
thinking case. The phrase "iPod’s touch" should be
interpreted as "iPod-like touch screen”. The model
first provides a reasonable image description and
recognizes the intended interpretation during ambi-
guity checking. However, in the later disambigua-
tion step, it over-interprets the phrase by incorrectly
linking it to "someone physically touching" men-
tioned in the grounding step, rather than the rele-
vant cue about the product feature. As a result, the
model revises an initially adequate interpretation
into an incorrect final translation. This example
suggests that excessive reasoning can override cor-
rect early hypotheses and illustrates the dominant
in-domain error type quantified in Appendix H.1.
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I Prompts

This section lists the prompts used in VIDA construction and disambiguation evaluation.

( Prompt 1: Stage 1 Ambiguity Detection

You are a professional text analysis and disambiguation system specialized in English-to-Chinese translation.
Your task is to:
1. Determine whether a given English caption contains any ambiguity when interpreted without any additional
context or images.
2. If ambiguity exists, explain:
- The type of ambiguity (lexical, syntactic, pragmatic, or cultural/background).
- The reason it is ambiguous (how multiple interpretations can arise).
- Potential different Chinese translations reflecting these interpretations.
3. If no ambiguity exists, respond with that conclusion.

Ambiguity Definition:

- Lexical: a word or phrase has multiple meanings (e.g., "bank” = financial institution vs. river bank).
- Syntactic: the sentence structure permits multiple interpretations (e.g., "I saw the man with a telescope”).
- Pragmatic: the context or speaker's intention is unclear (e.g., "Don't put all your eggs in one basket” may

be literal or metaphorical).
- Cultural/Background: specialized or culturally dependent knowledge is required (e.g., "Break a leg!").

Input:
- A single English caption (no images, no external context).

Output Requirements:
Return a JSON object with the following structure:

"has_ambiguity”: <true | false>,
"ambiguities”: [
{
"type": "<lexical | syntactic | pragmatic | cultural-background>",
"explanation”: "<why it is ambiguous>",
"possible_chinese_translations”: [
"<translation option 1>",
"<translation option 2>"
]

"ambiguous_terms": ["<term1>"]
3
]

If the caption is unambiguous:
{ "has_ambiguity”: false, "ambiguities”: [] }

Important Notes:

- Only consider the caption's text itself (no external context or visual cues).

- If multiple ambiguity types exist, list them all.

- The "possible_chinese_translations” field should illustrate how each interpretation would be rendered
differently in Chinese.

- Be concise but clear.

Example:
Caption: "Jaguar is approaching rapidly.”

"has_ambiguity”: true,
"ambiguities”: [
{
"type": "lexical”,
"explanation”: "The word 'Jaguar' can refer to an animal or a car brand.”,
"possible_chinese_translations”: [
"A jaguar is approaching rapidly.”,
"A Jaguar car is approaching rapidly.”

1
"ambiguous_terms": ["Jaguar"]
3
]
}

Now, please analyze the next English caption according to these instructions.
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/ Prompt 2: Stage 1 Consensus Merging

You are a professional data processing assistant skilled in understanding English ambiguities and structuring
annotation data. Given ambiguity annotations from two independent models (Qwen-Max and DeepSeek-v3) for
the same English caption, merge them into a single structured record.

Processing Rules:
1. Merge ambiguities by type:
- Group ambiguity entries from both qwen_ambi and v3_ambi by their "type"” field (lexical, syntactic,
pragmatic, cultural/background).
- If two ambiguities from different models share the same type and describe the same underlying issue,
merge them.
- If ambiguities differ substantially even under the same type, keep them separate.
2. Merging Details:
- explanation: combine the explanations from both sources into a single concise paragraph.
- translations: union the translation candidates from both sources, removing exact duplicates.
3. Extract Ambiguous Terms:
- From the original English sentence (the "en" field), extract the literal word(s) or phrase(s) that cause
each ambiguity.
- Save them into a new field "ambiguous_terms"” (a list).
- Terms must be taken literally from the original English sentence.

Output Format:
L
{
"type": "lexical”,
"explanation”: "<combined explanation>",
"translations”: [
"<merged translation 1>",
"<merged translation 2>"
]

”

)
mbiguous_terms”: ["<term1>", "<term2>"]

"type": "syntactic",
"explanation”: "<combined explanation>",
"translations”: [...],
"ambiguous_terms": [...]
}
]

Begin processing based on these instructions.

’ Prompt 3: Stage 2 Disambiguation Translation

You are an English-to-Chinese multimodal translation expert.

Input:

1. A single English caption (text).

2. One image showing the real-world scene the caption describes.
3. A list of ambiguity notes generated by a previous model.

Your task:

- Look at BOTH the text and the image.

- Disambiguate the caption and produce the most accurate, fluent Chinese translation.
- Briefly state which ambiguity was resolved by the visual evidence.

Output JSON (Chinese UTF-8):

"translation_zh": "<final Chinese translation>",
"resolved_ambiguity”: "<brief explanation of which type of ambiguity was resolved and how the image
disambiguated it>"
}
Rules:

- If the caption is actually unambiguous even without the image, set "resolved_ambiguity” to "N/A".
- Do not describe the image; focus on producing the best translation.
- Use concise, standard-register Simplified Chinese with natural and fluent word order.

User-message template:

Caption: "<english_caption>"

Ambiguity notes:

<merged ambiguity records from Stage 1>

’ Prompt 4: Disambiguation Judge

You are an English-to-Chinese translation reviewer. Your task is to judge whether a given Chinese translation
correctly conveys a specified "gold sense” (the intended meaning of an ambiguous term in context).

153




Inputs:

1. The English source sentence.

2. The Chinese translation under evaluation.

3. The ambiguous term or phrase in the source (ambi_term).

4. The gold sense (gold_sense), expressed in Chinese, describing the meaning we expect the ambiguous term to
convey in the given context.

5. A reference Chinese translation.

Task:

Based on the gold sense (4) and the reference translation (5), judge whether the Chinese translation under
evaluation (2) accurately expresses this meaning.

- If yes, return "Correct”.

- If the meaning is missing or distorted, return "Incorrect”.

Output format (strictly two lines):
Correct/Incorrect, brief reason

English source: {en}

Chinese translation: {output}

Ambiguous term: {ambi_term}

Gold sense: {gold_sense}

Reference translation: {reference_translation}
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