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Abstract

Video-guided Machine Translation (VMT)
seeks to enhance translation quality by incor-
porating contextual information derived from
paired short video clips. However, many
VMT samples are text-sufficient; even when
visual information is needed, only minimal
cues are required. Aiming to tackle these is-
sues, we propose a novel framework DART
(Disambiguation-Aware Reasoning for Video-
guided Machine Translation). Reinforcement
learning is used to incorporate multimodal large
language models’ multimodal reasoning into
VMT. The model dynamically switches be-
tween text-only processing and multimodal in-
tegration, contingent on the necessity of vi-
sual disambiguation. Furthermore, we present
TVRF (Translation-oriented Video Relevance
Filtering), a systematic pipeline for construct-
ing training data based on multimodal rele-
vance to translation. This pipeline filters sam-
ples where video information is translation-
relevant, mitigating training collapse caused
by video-irrelevant data in conventional VMT.
Experimental results show that our approach
improves multimodal information utilization in
VMT, yielding gains in both translation quality
and computational efficiency.

1 Introduction

Video-guided Machine Translation (VMT) is a
rapidly emerging task at the intersection of mul-
timodality and machine translation (Shen et al.,
2024; Feng et al., 2025b). The VMT task takes
as input an 8-10 second video clip paired with a
text segment, typically from subtitles or video de-
scriptions. Its goal is to leverage video context to
improve translation quality, especially for ambigu-
ous source text (Wang et al., 2019).

Multimodal Large Language Models (MLLMs)
have rapidly advanced in cross-modal understand-
ing (OpenAI, 2024a). Building on this, test-time

*Equal corresponding authors.

Reasoning: Okay, I need to translate 
the input sentence ... So the answer is 
“哦！”.   (809 tokens in total)

DA  T

Existing 
LMRMs…

“It's hitting his yacht.”

Translation: 哦！(Oh!)

Reasoning: Okay, so I need to translate 
the sentence ... I think that's the right 
translation.  (724 tokens in total)

(It's colliding with his yacht.)
Translation:它正在撞他的游艇。

…

“oHHHH!”

…

“It's hitting his yacht.”

Reasoning: This text can be translated 
without video information. The 
translation is: (13 tokens in total)
Translation: 哦！(Oh!)
Reasoning: To translate this text, video 
information objects are required. It is: 
fireworks, boat, wharf. So the 
translation is:  (26 tokens in total)

(Fireworks are impacting his yacht.)
Translation:烟花正击中他的游艇。

…

“oHHHH!”

Figure 1: Comparison of existing LMRMs (top) and
DART (bottom) for VMT. LMRMs apply verbose and
inefficient reasoning to all samples, whereas DART
adapts to input ambiguity, translating directly when un-
ambiguous and selectively using multimodal cues for
disambiguation. Green and red indicate correct and
incorrect translations, respectively.

scaling enables Large Multimodal Reasoning Mod-
els (LMRMs) to leverage increased inference com-
putation for improved downstream performance
(OpenAI, 2024b; Li et al., 2025). Human trans-
lation in VMT is inherently a reasoning process.
Translators first determine whether the source sen-
tence contains ambiguities that require video con-
text. If not, text-only translation suffices; otherwise,
multimodal video information is used to disam-
biguate and produce the final translation.

However, as illustrated in Figure 1, directly ap-
plying LMRMs to the VMT task leads to three
critical issues. (i) Inefficient and counterproduc-
tive reasoning traces. LMRMs adopt a uniform
step-by-step reasoning strategy across VMT inputs
of varying ambiguity, from text-clear utterances
(e.g., "oHHHHH!") to video-dependent cases (e.g.,
"It’s hitting his yacht"). This mechanical reasoning
paradigm has been shown to incur 40× inference
overhead and to harm translation quality (Wu et al.,
2025b; Zebaze et al., 2025). (ii) Neglect of visual
context in disambiguation. Experiments in Sec-
tion 5 and Appendix E demonstrate that the lengthy
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reasoning trajectories of these LMRMs are heav-
ily biased toward text-only decomposition, rarely
prompting the model to reason about or attend to
the video information when it is actually required.
(iii) Dataset bias induced visual underutilization.
Moreover, our empirical analysis in Section 5.3
shows that approximately 69% of samples in exist-
ing VMT datasets are text-sufficient. This dataset
bias encourages models to underutilize video in-
formation, which in turn degrades performance on
cases where visual context is essential (Yang et al.,
2022; Kang et al., 2023).

Inspired by this observation, we propose DART
(Disambiguation-Aware Reasoning for Video-
guided Machine Translation) to mitigate overly
long reasoning trajectories and the neglect of dis-
ambiguating visual cues. After training with Super-
vised Fine-Tuning (SFT) and Reinforcement Learn-
ing (RL), DART adapts its translation strategy to
input semantic ambiguity. For unambiguous cases,
it explicitly determines that no video information is
required and translates directly from the source sen-
tence. For ambiguous or challenging cases, DART
first identifies the most relevant multimodal cue
from people, objects, actions, OCR, spatial rela-
tions, and pointing gaze. It then explicitly verbal-
izes this cue to ground the model’s attention in
the video before performing the translation. To ad-
dress visual underutilization caused by dataset bias,
we propose TVRF (Translation-oriented Video
Relevance Filtering), a robust pipeline for training
data construction. TVRF serves as an efficient filter
that allows DART to learn to distinguish between
different sample types during training, thereby op-
timizing its translation strategy based on the neces-
sity of visual context.

We conduct experimental evaluations on the
video-caption VMT dataset VATEX (Wang et al.,
2019) and the video-subtitle VMT dataset TriFine
(Guan et al., 2025b). The results demonstrate that
DART consistently outperforms existing VMT ap-
proaches across multiple translation evaluation met-
rics, while simultaneously achieving a substantial
improvement in inference efficiency.

Our main contributions are summarized as fol-
lows:

• We propose DART, the first approach to ap-
ply reasoning-aware MLLMs to VMT, which
adaptively leverages video information based
on sample ambiguity to jointly enhance trans-
lation quality and efficiency.

• We introduce TVRF, a video-helpfulness-

aware dataset construction pipeline that selec-
tively identifies VMT samples where visual
information genuinely contributes to transla-
tion, thereby mitigating long-standing data
bias in VMT.

• We evaluate DART on different benchmarks,
where the results consistently demonstrate its
strong efficiency and effectiveness in improv-
ing translation quality.

• All code for SHIFT has been publicly released
at https://github.com/BoyuGuan/DART.

2 Related Work

Video-guided Machine Translation. Incorporat-
ing visual context into machine translation has
proven effective for enhancing translation perfor-
mance (Wang and Xiong, 2021; Futeral et al., 2023;
Feng et al., 2025b; Liang et al., 2025c). Early stud-
ies were largely motivated by benchmarks such
as Multi30K (Elliott et al., 2016) and primarily
concentrated on image-guided machine translation
(Lin et al., 2020; Wu et al., 2021; Fang and Feng,
2022; Fei et al., 2023; ?; Zhang et al., 2025c; Yu
et al., 2025b; Zhang et al., 2025e; Xiong and Zhao,
2025). These methods leverage visual images to
resolve linguistic ambiguities in the source text,
thereby improving translation quality (Cheng et al.,
2024; Wang et al., 2024; Yang et al., 2024; Khan
et al., 2024; Liang et al., 2025b; Futeral et al., 2025;
Zhang et al., 2025d; Gao et al., 2025). Recent
research has increasingly shifted its attention to-
ward video-guided machine translation, as it al-
lows models to leverage the richer temporal and
dynamic multimodal information available in video
clips (Gu et al., 2021; Li et al., 2023; Kang et al.,
2023; Shurtz et al., 2024; Lv et al., 2025; Zheng
et al., 2025). However, rich visual information is
a double-edged sword: excessive redundancy can
introduce visual noise and substantially increase
computational cost (Yang et al., 2022). Conse-
quently, developing efficient strategies for leverag-
ing video content has become a central research
focus in VMT task (Guan et al., 2025a).

Adaptive Reasoning. With the introduction
of the test-time scaling law paradigm (OpenAI,
2024b), large reasoning models have demonstrated
strong performance across a wide range of down-
stream tasks (DeepSeek-AI et al., 2025); however,
they also exhibit a tendency to overthink simple
problems (Zhang et al., 2025b; An et al., 2025; Yi
et al., 2025). Consequently, recent work focuses on
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Figure 2: Overview of the TVRF framework. For each VMT data instance, TVRF determines whether video-based
multimodal cues aid translation. An MLLM extracts and verbalizes multimodal cues, which are supplied to an
LLM alongside the source sentence for translation, while the baseline uses the source sentence alone. Quantitative
comparisons between these settings evaluate the impact of multimodal cues on translation quality.

optimizing the trade-off between reasoning perfor-
mance and efficiency (Jiang et al., 2025; Fang et al.,
2025; Liang et al., 2025a; Lu et al., 2025; Zhang
et al., 2025a). This line of research has advanced
from shortening reasoning trajectories to adaptive
thinking, enabling models to dynamically decide
whether and how deeply to reason (Ma et al., 2025;
Yi et al., 2025; An et al., 2025; Lin et al., 2025b;
Chen et al., 2025b; Jian et al., 2025; Guo et al.,
2025; Wu et al., 2025a). The paradigm has also
been extended to multimodal settings, offering a
critical solution to the inherently high computa-
tional overhead (Lin et al., 2025a; Sun et al., 2024;
Xiao and Gan, 2025; Yang et al., 2025b).

However, these approaches are not directly ap-
plicable to VMT. LMRMs utilize decomposition-
based reasoning suited for logic-heavy tasks; how-
ever, research suggests this paradigm is counterpro-
ductive for translation (Wu et al., 2025b; Zebaze
et al., 2025). Furthermore, current LMRMs fail to
adaptively exploit fine-grained multimodal signals
or recognize when textual context alone suffices
for VMT (Guan et al., 2025a).

3 Method

We propose the TVRF pipeline to alleviate dataset
bias and the DART framework to rectify inefficient
reasoning and overlooked visual context in disam-
biguation. We describe these methodologies in
Sections 3.1 and 3.2.

3.1 TVRF

A large fraction of VMT data is text-sufficient, not
requiring video input. This data imbalance biases
MLLMs toward consistently ignoring video infor-
mation when processing VMT samples. To address

this issue, we propose TVRF, which retains only
samples where multimodal information is benefi-
cial, enabling stable and effective training. The
overall framework is illustrated in Figure 2.

Directly asking an MLLM to determine whether
the video is helpful for translation yields poor and
unstable performance, as this capability is not ex-
plicitly learned during either pre-training or post-
training. TVRF adopts a fundamentally different
annotation and filtering strategy. VMT videos of-
ten include rich multimodal signals, the majority
of which are unrelated to translation. Based on sta-
tistical analyses from preliminary experiments and
existing works, we summarize the multimodal cues
in video that are potentially beneficial for transla-
tion into six categories: people, objects, actions,
OCR, spatial relations, and pointing gaze.

C = {cpeople, cobject, caction, cocr, cspatial, cpointing} (1)

Let the dataset be D = (vi, xi, yi)
N
i=1, where vi

denotes the video clip associated with the i-th in-
stance, xi is the source sentence, and yi is the ref-
erence translation. Because these six multimodal
cues frequently appear in large-scale training tasks
for MLLMs, such models are able to annotate them
with high accuracy. For each instance vi and each
cue category ck ∈ C, an MLLM annotator A as-
signs a natural-language label to the corresponding
cue.

cki = A(vi) (2)

Where cki may be an empty string when the corre-
sponding cue is absent in video.

A strong text-only LLM T is employed as the
translation backbone to evaluate the impact of in-
corporating different multimodal cues on transla-
tion performance. A source sentence only baseline
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To translate this text, video 
information is . It 
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type.
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Figure 3: Schematic of the DART training workflow. The pipeline begins with SFT cold-start using TVRF-curated
data to initialize the VMT reasoning format in the MLLM. This is followed by GRPO-based optimization to
enhance reasoning depth. Crucially, we implement dual-path reward functions tailored to the presence or absence of
multimodal cues, allowing the model to adaptively refine its reasoning logic.

translation ŷ0i is first produced; each multimodal
cue ck ∈ C is then integrated with the source sen-
tence and its description through a fixed template
⊕ to generate a cue-conditioned translation ŷki .

ŷ0
i = T

(
xi

)
, ŷk

i = T
(
xi ⊕ cki

)
(3)

Translation quality is evaluated using a metric func-
tion m(x, ŷ, y), where higher values indicate better
translation quality. For each instance i and cue type
k, the cue benefit label is defined by thresholding
the score gain over the text-only baseline:

bki = I
[
m

(
xi, ŷ

k
i , yi

)
−m

(
xi, ŷ

0
i , yi

)
> δ

]
(4)

I[·] equals 1 if the condition holds, and 0 oth-
erwise. The binary cue-activation vector bi =
(b1i , . . . , b

k
i )

⊤ ∈ {0, 1}K summarizes which cue
types yield measurable improvements under the
chosen metric and threshold δ. The necessity of
auxiliary visual information for a sample is deter-
mined by the sparsity of its cue-activation vector
bi. Samples are categorized into two distinct sets
based on the L0-norm:

Si =

{
Dmultimodal, if ∥bi∥0 > 0

Dtext-only, if ∥bi∥0 = 0
(5)

Subsequently, a new reference zi is constructed
by fusing the optimal reasoning path with the trans-
lation content. For text-only instances i ∈ Dtext-only,
zi concatenates an explicit "no video required" in-
dicator with the ground-truth translation yi. In con-
trast, for multimodal instances (i ∈ Dmultimodal), zi
combines the identity and natural-language descrip-
tion of the most effective cue c∗i with yi. Here, c∗i
is determined by selecting the cue corresponding
to the maximum value of m(xi, ŷ

k
i , yi).

zi =

{
Expltext ⊕ yi, i ∈ Dtext-only

Explcue−c∗ ⊕ Desccue−c∗ ⊕ yi, i ∈ Dmultimodal
(6)

Details of TVRF’s extraction and generation
pipeline are in Appendix A.

3.2 DART

Figure 3 depicts the training workflow for DART.
A large portion of VMT samples fall into Dtext-only,
accounting for approximately 69% of the data. Di-
rectly training on this skewed distribution may bias
the model toward a degenerate text-only policy that
systematically ignores visual information. To alle-
viate this issue, DART introduces an imbalance-
aware sampling strategy. Specifically, training
batches are constructed using a predefined mixing
coefficient α ∈ (0, 1).

α · Dmultimodal + (1− α) · Dtext-only (7)

Explicit supervision templates are designed for
both subsets to manifest the model’s latent deci-
sion on visual necessity. For text-only samples
(|bi|0 = 0), the target response declares the ab-
sence of visual requirements before providing the
translation. Conversely, for multimodal samples
(|bi|0 > 0), the response confirms visual necessity
and conditions the translation on the salient cue set
Ki, paired with corresponding textual descriptions.
This mechanism forces explicit visual-dependency
reasoning and grounds the translation in the most
influential visual evidence.

DART employs a two-stage training strategy.
For initial alignment with VMT-oriented reason-
ing patterns, a Supervised Fine-Tuning (SFT)
stage is performed as a cold start on DSFT =
{(xi, vi, zi)}Ni=1. To further strengthen multimodal
reasoning through task-specific rewards, the model
is refined via Group Relative Policy Optimization
(GRPO) on DRL = {(xi, vi, zi)}Mi=1 (Shao et al.,
2024). The objective maximizes the advantage
A(ẑ) while maintaining stability via a reference
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policy πθold . The advantage A(ẑi) is obtained by
standardizing rewards across the G sampled out-
puts for each input, capturing a candidate transla-
tion’s quality relative to the group mean.

A(ẑi) =
r(ẑi, zi)− 1

G

∑G
j=1 r(ẑj , zi)

std({r(ẑ1, zi), . . . , r(ẑG, zi)})
(8)

Where r(·) denotes the DART reward function eval-
uating the sampled translation against the refer-
ence.

r(ẑi, zi) = wqualrqual(ẑi, zi)

+ wlogicrlogic(ẑi, zi)

− rlen(ẑi)

(9)

Where wqual and wlogic balance translation fidelity,
logical consistency, and output length. rquality is
defined based on the COMET (Rei et al., 2022)
score to incentivize high-fidelity translations in the
translation component of ẑi. rlogic is used to in-
centivize VMT-oriented reasoning behavior in the
model. For sample i in Dtext-only, the reward rlogic
is a binary indicator.

rlogic = I[text-only ∈ ẑi] (10)

For each sample i in Dmultimodal, the reward rlogic
consists of two components: the accuracy of the
model in determining whether video information
is required, and the similarity between the multi-
modal cue types used in the reasoning process and
the most effective multimodal cue c∗i .

S = λ+ (1− λ) sim(ĉi, c
∗
i ) (11)

rlogic = I[multimodal ∈ ẑi]× S (12)

Here, λ is a weighting coefficient, and ĉi denotes
the predicted multimodal cues derived from ẑi.
sim() is used to compute textual similarity. This
structure ensures the model is penalized for both
hallucinating visual needs and failing to utilize rel-
evant visual cues accurately. To avoid degradation
in translation quality and inference efficiency, rlen
penalizes excessively long outputs.

rlen =

{
0 if |ẑi| ≤ Llimit

eα(|ẑi|−Llimit) − 1 if |ẑi| > Llimit
(13)

Where Llimit denotes the output length limit.

4 Experiments

4.1 Implementation Details
Balancing performance and computational cost, we
employ the MLLM Qwen3-VL-32B-Instruct (Bai
et al., 2025) to pre-extract multimodal cues and

the LLM Qwen3-30B-A3B-Instruct (Yang et al.,
2025a) to generate final translations under different
input configurations. The implementation details
of TVRF can be found in Appendix A. Consider-
ing the trade-off between computational cost and
performance, we adopt Qwen3-VL-4B-Instruct as
the base model for DART. The α in Equation 7 is
set to 0.6, indicating that 60% of the training sam-
ples require video information to assist translation.
RL training is conducted using the verl framework
(Sheng et al., 2025). The full training details are
given in Appendix B.

4.2 Data

We employ TVRF to construct 36K training in-
stances from the training split of the TriFine dataset
(Guan et al., 2025b) for SFT, and 10K instances for
RL. We conduct our evaluation on the test sets of
the following two datasets. (i) TriFine Dataset: A
large-scale VMT dataset featuring approximately
2.4M sentence pairs aligned with 10-second video
clips. While the general test sets contain 7,000
samples per direction, the ambiguity test set con-
sists of 1,001 cases specifically designed to require
video context for accurate translation. (ii) VATEX
Dataset (Wang et al., 2019): This video descrip-
tion dataset comprises 25,991 training videos. As
the official test set of VATEX is unavailable, we
adhere to the common setup (Kang et al., 2023)
of bisecting the 3,000-video validation set into dis-
tinct validation and testing subsets.

4.3 Evaluation Metrics

To ensure consistency with prior work and enable
fair comparison, we adopt standard machine trans-
lation evaluation metrics: BLEU1 (Papineni et al.,
2002; Post, 2018), COMET2 (Rei et al., 2022) and
BLEURT3 (Sellam et al., 2020). In addition, we
further report end-to-end samples per second (SPS)
to assess processing speed on the VMT task.

4.4 Baselines

The baselines are grouped into three categories.
Detailed descriptions and deployment details of the
baselines are provided in Appendix G.

(i) Traditional VMT methods. Transformer
(Vaswani et al., 2017), TVE, CVE (Shurtz et al.,
2024), and FIAT (Guan et al., 2025b) are selected

1https://github.com/mjpost/sacrebleu
2https://huggingface.co/Unbabel/wmt22-comet-da
3https://github.com/lucadiliello/bleurt-pytorch
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TriFine VATEX

SpeedGeneral General Ambiguity Test
(zh→en) (en→zh) (en→zh) (en→zh)

# Method BLEU ↑ / COMET ↑ / BLEURT ↑ SPS ↑

Traditional VMT Methods

1 Transformer 23.47/71.89/56.42 36.19/75.11/54.42 29.74/74.32/52.98 29.61/ 73.07/53.82 75.38
2 TVE∗ 23.85/72.58/57.20 36.55/75.64/54.98 30.37/74.45/55.55 30.30 / 73.37 / — 1.30
3 CVE∗ 23.97/72.60/57.19 36.43/75.58/55.29 30.28/74.39/55.55 29.40 / 73.44 / — 1.28
4 FIAT∗ 25.51/73.59/57.89 38.06/76.48/56.15 31.24/75.93/56.32 30.75/73.92/55.43 0.71

Open-source LLMs and LRMs (Text-only)

5 Llama-3.1-8B∗ 16.68/72.54/55.78 25.11/77.66/57.39 24.95/77.14/58.91 27.81/78.15/57.95 9.21
6 Qwen3-4B-Instruct 17.41/74.56/58.79 30.42/78.39/59.31 30.05/80.15/61.32 29.49/77.87/57.56 19.82
7 DeepSeek-R1-Distill-Llama-8B 13.38/71.34/54.52 25.20/74.44/55.53 23.53/76.08/57.13 24.48/74.81/54.12 0.78
8 DeepSeek-R1-Distill-Qwen-7B 11.26/70.66/54.24 22.07/73.60/53.25 20.54/73.06/53.12 22.82/72.64/51.20 0.67
9 Qwen3-4B-Thinking 17.37/74.54/58.86 30.63/77.93/58.93 29.98/79.97/61.07 29.97/77.94/57.42 0.31

Open-source MLLMs and LMRMs ( Video-Text )

10 LLaVA-Next-Video-8B∗ 12.38/68.65/55.18 23.63/73.63/57.26 23.66/76.35/58.22 25.62/75.45/55.10 0.65
11 InternVideo2.5-8B∗ 19.60/75.55/60.18 30.28/77.59/57.85 31.49/80.25/61.41 30.09/78.25/58.04 0.72
12 MiniCPM-V-4.5-8B 22.01/75.98/60.59 27.61/78.38/59.07 31.92/80.71/61.98 28.73/78.44/57.52 0.51
13 Video-R1-7B 19.59/75.36/60.08 32.02/79.15/60.02 32.89/81.40/62.97 31.46/78.82/58.83 0.07
14 Qwen3-VL-4B-Thinking 18.01/74.83/59.17 29.50/77.90/58.72 31.26/81.18/62.43 27.97/78.57/58.14 0.06
15 + Self-reasoning 17.72/74.92/59.52 28.54/78.48/59.34 29.94/81.51/62.50 25.50/78.38/57.41 0.06
16 Qwen3-VL-4B-Instruct 19.86/75.38/60.12 31.82/78.99/60.22 32.54/81.52/62.92 29.76/78.77/58.63 3.19
17 + Self-reasoning 18.11/75.15/59.80 31.53/78.85/60.19 33.13/81.56/63.18 29.45/79.04/58.96 2.96
18 + SHIFT 20.96/75.81/60.90 33.25/79.31/60.62 33.67/81.79/63.05 30.32/79.05/59.03 1.25
19 + DART (Ours) 25.21/77.04/61.51 34.22/80.21/61.73 34.60/82.91/64.27 31.21/79.91/59.65 1.93

Table 1: Main results on TriFine (Chinese–English general and ambiguity subsets) and VATEX. All results are
averaged over three random seeds; statistical significance (p < 0.01) verifies robustness. SPS (Samples Per Second)
denotes the average end-to-end inference speed. For each dataset and metric, the best score is highlighted in bold.
Rows marked with * are reported from Guan et al. (2025a).

as representative traditional VMT methods. They
all adopt Transformer-based architectures.

(ii) Open-source LLMs and LRMs. We se-
lected the widely used Llama-3.1-8B (Grattafiori
et al., 2024) and with Qwen3-4B-Instruct (Yang
et al., 2025a) as baseline LLMs. DeepSeek-
R1-Distill-Qwen-7B, DeepSeek-R1-Distill-Llama-
8B (DeepSeek-AI et al., 2025), and Qwen3-4B-
Thinking are selected as baseline LRMs.

(iii) Open-source MLLMs and LMRMs. We
evaluate representative video-capable MLLMs
including Qwen-3-VL-4B-Instruct (Bai et al.,
2025), LLaVA-Next-Video (Zhang et al., 2024),
InternVideo-2.5-Chat-8B (Wang et al., 2025), and
MiniCPM-V 4.5 (Yu et al., 2025a), as well as
strong LMRMs such as Qwen-3-VL-4B-Thinking,
R1-OneVision-7B (Feng et al., 2025a), and Video-
R1-7B (Feng et al., 2025a). We also evaluate
SHIFT (Guan et al., 2025a), an effective MLLM-
based VMT framework.

5 Results and Analysis

5.1 Main Results

We report the main experimental results of our
method and competing approaches in Table 1 on
the video subtitle benchmark TriFine (including
the en-zh general test sets and the ambiguity test
set) and the video description benchmark VATEX.

As shown in the table, DART achieves the best
COMET and BLEURT scores across all four test
sets, outperforming all baselines. It also attains top-
tier BLEU performance, matching FIAT and sur-
passing other LLM-based methods. These results
demonstrate the effectiveness of DART, which, un-
like LMRM-based approaches, delivers consistent
gains without incurring significant computational
overhead.

Compared to the strongest MLLM-based base-
line SHIFT (row 18), DART (row 19) consistently
outperforms it across all four test sets, yielding av-
erage gains of 1.76 BLEU, 1.03 COMET, and 0.89
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Method General (zh→en) General (en→zh) Ambiguity VATEX
BLEU ↑ / COMET ↑ / BLEURT ↑

Qwen3-VL-4B-Instruct 19.86/75.38/60.12 31.82/78.99/60.22 32.54/81.52/62.92 29.76/78.77/58.63
+ SFT 25.04/75.53/58.94 34.25/78.67/58.81 31.83/79.39/60.48 30.49/77.15/56.92
+ DART SFT 25.33/75.99/60.20 34.48/79.31/60.42 32.26/81.19/62.03 31.17/78.28/57.49
+ DART 25.21/77.04/61.51 34.22/80.21/61.73 34.60/82.91/64.27 31.21/79.91/59.65

Table 2: Ablation study on the impact of different stages of DART on the final performance.

Method General (zh→en) General (en→zh) Ambiguity VATEX
BLEU ↑ / COMET ↑ / BLEURT ↑

DART 25.21/77.04/61.51 34.22/80.21/61.73 34.60/82.91/64.27 31.21/79.91/59.65
w/o rqual 21.32/73.25/54.69 30.01/74.97/57.06 31.15/79.93/59.31 25.12/76.10/58.10
w/o rlogic 24.79/77.62/60.04 32.70/80.44/60.03 31.95/83.08/63.21 30.45/80.16/56.85
w/o rlen

∗ N/A N/A N/A N/A

Table 3: Ablation results on the impact of different reward designs in the RL stage of DART on final performance.
∗: The variant w/o rlen failed to converge due to training instability.

BLEURT. In addition, DART improves process-
ing speed by 54.4%, achieving superior translation
quality and inference efficiency.

Compared to FIAT (row 4), the strongest conven-
tional VMT baseline, DART yields average gains
of +5.04 COMET and +5.34 BLEURT. Although
BLEU remains largely comparable, LLM-based
methods generally score lower than Transformer-
based VMT models, a trend attributed to increased
lexical and syntactic flexibility rather than degraded
translation quality (He et al., 2024; Chen et al.,
2025a).

A comparison between instruct models and their
reasoning variants shows that, for both text-only
(rows 5 vs. 7) and multimodal (rows 14 vs. 16) set-
tings, existing reasoning mechanisms are poorly
suited to VMT. Extended reasoning sharply in-
creases inference cost while yielding no translation
gains and, in some cases, degrading performance.

In addition, a self-reasoning procedure aligned
with the proposed multimodal cues was introduced
(see Appendix C). However, it yields no signifi-
cant improvement over the direct video–text base-
line (rows 14 vs. 15; rows 16 vs. 17), indicating
that prompt engineering alone is insufficient for
effective multimodal cue reasoning in VMT and
underscoring the necessity of the proposed DART
training pipeline.

Additional experimental results and analyses are
reported in Appendix E.

5.2 Ablation Study
An ablation study was conducted to evaluate each
stage of DART training, as shown in Table 2. Incor-
porating standard SFT markedly improves BLEU

on general test sets (e.g., zh→en from 19.86 to
25.04), but yields only marginal gains in COMET
and BLEURT, indicating reliance on shallow lexi-
cal patterns rather than grounded video–text align-
ment. Moreover, the dominance of text-sufficient
samples during training biases the model toward ne-
glecting visual inputs, impairing generalization to
unseen datasets (e.g., VATEX) and causing severe
degradation on the Ambiguity subset where multi-
modal reasoning is essential. By contrast, DART’s
SFT stage reduces visual neglect and consistently
improves BLEU, COMET, and BLEURT across
general, Ambiguity, and VATEX benchmarks, indi-
cating more effective use of video information. The
subsequent RL stage further enhances reasoning
and translation quality, yielding additional perfor-
mance gains.

The results in Table 3 confirm the distinct func-
tions of the reward components in DART’s RL
stage. Removing rqual leaves logical correctness as
the sole learning signal, leading to a marked decline
in translation performance. Removing rlogic re-
duces optimization to COMET alone, encouraging
evaluator-aligned outputs that yield higher COMET
scores but degrade overall translation quality as re-
flected by other metrics. Eliminating rlen makes
training vulnerable to repetitive, overlong outputs,
severely slowing optimization and preventing con-
vergence.

5.3 Analysis of TVRF Data Construction
Table 4 presents a fine-grained analysis within the
TVRF pipeline, examining when and how differ-
ent multimodal cues contribute to VMT. Across
87K samples, 97.89% can be reliably extracted, yet
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Cue type
Availability

Total items Avg. items Prec. (%) Helpful (%)
# Non-empty %

JSON extraction success: 97.89% on 87K samples
people 69K 80.89% 134K 1.57 90.5% 9.92%
objects 83K 96.95% 498K 5.81 88.5% 13.97%
actions 71K 83.53% 201K 2.34 86.0% 11.97%
OCR 70K 82.00% 563K 6.58 96.0% 15.41%
spatial relations 84K 97.95% 517K 6.04 74.5% 14.52%
pointing gaze 44K 51.47% 67K 0.78 83.0% 7.18%

Text-only sufficient (none of the six cues helpful) – 68.88%

Table 4: Statistics of VMT data analyzed with the TVRF pipeline. "# Non-empty" indicates the number of samples
where a cue is present; "Total items" and "Avg. items" denote the total and per-sample average counts, respectively.
"Prec." is the manual precision evaluated on 200 samples per cue, and "Helpful" denotes the proportion of samples
where the cue benefits translation.

Setting General (zh→en) General (en→zh) Ambiguity (en→zh) VATEX (en→zh)
BLEU ↑ / COMET ↑ / BLEURT ↑

wqual = 0, wlogic = 1.0 21.32/73.25/54.70 30.01/74.97/57.06 31.15/79.93/59.31 25.12/76.10/58.10
wqual = 0.5, wlogic = 0.5 23.84/75.41/58.87 32.83/79.02/60.59 32.92/81.57/61.95 28.61/77.47/59.01
wqual = 0.7, wlogic = 0.3 24.85/76.92/61.02 33.79/79.84/61.06 34.02/82.31/63.91 30.84/78.83/59.02
wqual = 0.9, wlogic = 0.1 (Our setting) 25.21/77.04/61.51 34.22/80.21/61.73 34.60/82.91/64.27 31.21/79.91/59.65
wqual = 0.95, wlogic = 0.05 25.04/77.19/61.25 33.98/80.24/61.28 33.82/83.04/63.86 30.56/79.93/58.20
wqual = 1.0, wlogic = 0 24.79/77.62/60.04 32.70/80.44/60.03 31.95/83.08/63.21 30.45/80.16/56.85
wqual = 1.0, wlogic = 0, text input only 24.41/77.31/59.78 32.65/80.26/59.35 31.49/82.93/60.80 29.86/80.24/56.23

Table 5: Validation of the weighting scheme for translation (wqual) and logic (wlogic) rewards.

68.88% are text-sufficient, indicating that video in-
formation is often unnecessary and that unfiltered
multimodal training may be inefficient. Among the
cues, OCR, objects, and spatial relations are the
most helpful, each benefiting translation in about
14-15% of samples. OCR stands out due to its
high precision and dense occurrences, supplying
explicit visual text that is difficult to infer from
subtitles alone. Objects also show broad coverage
and strong precision, supporting entity grounding,
while spatial relations contribute complementary
structural information despite noisier extraction. In
contrast, people and actions offer moderate gains,
suggesting partial redundancy with textual context,
and pointing gaze is the least frequently helpful,
reflecting its sparse and highly context-dependent
nature. Human annotators were employed to verify
the accuracy of the extracted multimodal informa-
tion; annotator recruitment and compensation are
detailed in Appendix F. Overall, TVRF highlights
that multimodal cues contribute unevenly, moti-
vating selective, cue-aware utilization rather than
uniform video conditioning.

5.4 Impact of Reward Weighting Schemes

An ablation study was conducted to determine the
optimal balance between translation performance
and reasoning integrity, with the results summa-
rized in Table 5. Notably, when wqual = 1.0 and
wlogic = 0, the model achieves its highest COMET
score. However, because the translation reward
(rqual) is explicitly based on COMET, this peak
represents reward hacking targeted at the COMET
metric rather than a genuine improvement in trans-
lation quality—a conclusion corroborated by the
concurrent decline in both BLEU and BLEURT
scores.To avoid this degradation while maintaining
balance, we selected the configuration wqual = 0.9
and wlogic = 0.1. This distribution is specifically
designed for magnitude alignment rather than a
categorical preference for translation quality over
reasoning logic. Because the model has undergone
a SFT phase prior to reinforcement learning, the
translation reward (rqual) already operates within a
highly optimized, narrow variance (approximately
0.08). In contrast, the logic reward (rlogic ∈ [0, 1])
operates on a significantly broader scale. Under
this weighting scheme, the effective contribution
of the logic reward (0.1× 1.0 = 0.1) still exceeds
that of the translation reward (0.9× 0.08 = 0.072).
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It's a nice day.

…

今天天气很好。

…

Keep it tight, keep it tight.

拉紧，拉紧。

Video 
Clip

Source
Sentence
Reference 
Sentence (The weather is  nice today.) (pull it taut, pull it taut.)

LMRM
Reasoning

Okay, let me try to figure out 
how to approach this. The user 
provided a video with several 
frames showing …  Let me confirm 
once more. Yes, that‘s the 
standard translation. (737 tokens)

Okay, let's see. The user wants me 
to translate the sentence "Keep it 
tight, keep it tight." from English to 
Chinese … I think that's correct. So 
the answer should be "抓紧，抓紧。
“ (388 tokens)

DART (Ours)
Reasoning

This text can be translated 
without video information. The 
translation is: (16 tokens)

To translate this text, video 
information action is required. It is : 
pull. So the translation is :  (21 tokens)

DART (Ours)
Output

LMRM
Output

今天天气不错。
(The weather is  nice today.)

今天天气真好。
(The weather is  nice today.)

抓紧，抓紧。
(Grip tightly, grip tightly.)

拉紧，拉紧。
(pull it taut, pull it taut.)

Figure 4: Case study of DART and LMRM on VMT
at two ambiguity levels; blue marks video-dependent
tokens, green/red indicate correct/incorrect translations,
and key reasoning tokens in purple.

Consequently, this configuration ensures that the
optimization process remains logic-centric while
effectively regularizing the model to prevent the
aforementioned reward hacking, thereby preserv-
ing true translation fluency.

5.5 Case Study
Figure 4 compares DART and LMRM on VMT
cases with varying disambiguation requirements.
In a simple, unambiguous example (“It’s a nice
day”), LMRM incurs substantial overhead by gen-
erating 737 reasoning tokens, whereas DART re-
quires only 16 tokens to conclude that video cues
are unnecessary and translates directly from text.
In an ambiguous case (“keep it tight, keep it tight”),
where the video shows a man pulling a rope-
connected trap, LMRM generates 388 reasoning
tokens yet misinterprets keep as grab. In contrast,
DART uses 21 tokens to identify the need for ac-
tion cues, correctly infers pull, and produces the
correct translation. The reduced token generation
in ambiguous cases indicates that LMRM fails to
capture disambiguation needs, reflecting limited
adaptive reasoning.

6 Conclusions

This paper introduces DART, a disambiguation-
adaptive translation framework that dynamically
selects translation paradigms based on input com-
plexity. To our knowledge, this is the first ap-
proach to explicitly incorporate reasoning into
VMT task. DART first estimates the ambiguity
of each instance: unambiguous cases are translated
using text-only information, whereas ambiguous
instances trigger explicit reasoning over relevant

video-based multimodal cues, which are then in-
tegrated into translation. In addition, we propose
TVRF to identify VMT samples where video con-
tent benefits translation, thereby alleviating long-
standing data bias. We demonstrate the effective-
ness of the proposed method across multiple met-
rics and datasets.

7 Limitations

Despite the language-agnostic by design of our
method, the current scarcity of diverse language
pairs in VMT datasets has restricted us from con-
ducting evaluations on a wider scale. Although
our 4B-scale DART model already surpasses many
widely adopted 8B-scale models in both translation
quality and processing efficiency. The substantial
computational overhead introduced by reinforce-
ment learning training and video processing makes
it difficult, under our constrained computational re-
sources, to scale experiments to larger model sizes.
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A Implementation Details of TVRF

We initially performed random sampling of 50,000
English-to-Chinese and 50,000 Chinese-to-English
instances from the TriFine training split. This
initial pool was subsequently refined using the
COMET metric to exclude substandard entries,
yielding a final dataset of approximately 87,000
high-quality instances.

To balance translation quality and computa-
tional efficiency, we leverage the Qwen3-VL-32B-
Instruct model deployed via the vLLM (Kwon
et al., 2023) framework. This setup extracts de-
tailed multimodal cues from videos and outputs
them in JSON format. These cues subsequently
facilitate the inference stage. The specific prompt
utilized for this extraction process is detailed in
Figure 5.

We use COMET as the translation quality evalu-
ation function m(·), and set δ = 0.04 in Equation

4. For each instance, the extracted multimodal
information is transformed into natural language
descriptions to generate multimodal cues. These
cues are subsequently integrated with the source
sentence to construct a cue-augmented translation
prompt. The architecture of the prompt construc-
tion template is depicted in Figure 6. Following
the prompt illustrated in Figure 7, the LLM is
tasked with generating translations derived exclu-
sively from text-only source sentences, thereby ex-
cluding any auxiliary multimodal information.

We completed the entire TVRF pipeline using
four NVIDIA A100 80GB GPUs, with a total run-
time of approximately 29 hours.

B Training Settings for DART

B.1 SFT-stage training of DART.

All experiments are conducted on four NVIDIA
A100 80GB GPUs, leveraging PyTorch DDP
(Paszke et al., 2019) and DeepSpeed ZeRO (Rasley
et al., 2020) Stage-2 for memory efficiency. The
model was fine-tuned for one epoch using 18K
TVRF-constructed zh → en samples and 18K
en → zh samples. Per-device batch size of 4 and
gradient accumulation over 4 steps. Optimization
is performed with AdamW (Loshchilov and Hut-
ter, 2019) using a learning rate of 1× 10−5, zero
weight decay, cosine scheduling with a 3% warmup
ratio, gradient clipping at 1.0, and bfloat16 preci-
sion (Das et al., 2018). During training, the vision
encoder is frozen, while the multimodal projection
and language model parameters are updated. The
maximum sequence length is set to 16,384 tokens.

The SFT loss is formulated as in Equation 14.

LSFT(θ) =− E(x,v,z)∼DSFT


|z|∑

t=1

log πθ(zt | z<t, x, v)


 (14)

B.2 RL-stage training of DART

Building on the model obtained through DART-
based SFT, GRPO-based reinforcement learning
is further applied to jointly improve reasoning ca-
pability and translation quality. Since COMET
exhibits relatively low variance and reflects trans-
lation quality that is crucial to the task, we set
wqual and wlogic in Equation 9 to 0.9 and 0.1, re-
spectively. The textual similarity function sim(·)
in Equation 11 is computed using a normalized
string alignment metric that quantifies the degree
of structural overlap between two texts, producing
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TVRF Prompt for Multimodal Cue Extraction

You are a multimodal information extraction engine for video.
Your job: extract factual, observable cues from the given video/frames. Do NOT narrate.
Rules:
1) Only report what is visible/legible/audible in the video.
2) Never hallucinate names, brands, or text. OCR must match exactly what is readable.
3) Use stable IDs across the clip: persons P1,P2,... objects O1,O2,... regions R1,R2,...
4) Output MUST be valid JSON and NOTHING ELSE.

Given the input video, extract the following 6 cue types:
(1) Who-is-who: person/entity identity registry with stable IDs
(2) Object category + object attributes
(3) Action category + action–object binding
(4) OCR on-screen text
(5) Spatial relations (in/on/under + direction)
(6) Pointing/gaze target grounding (this/that target)
Return JSON with this schema:
{
"people": [
{

"person_id":"P1",
"role_guess":{"role":"<e.g., cashier/teacher/driver/unknown>"},

}
],

"objects": [
{"object_id":"O1","category":"<e.g.,
cup/knife/phone/unknown>","attributes":{"color":"...","state":"..."}}

],

"actions": [
{

"action_id":"A1",
"predicate":"<verb label, e.g., pour/cut/open/hand_over>",
"agent_id":"P1|O1|unknown",
"patient_id":"O2|P2|unknown",
"instrument_id":"O3|unknown"

}
],

"ocr": [
{

"text":"<exact string>"
}

],

"spatial_relations": [
{

"subject_id":"O1|P1",
"relation":"in|on|under|left_of|right_of|in_front_of|behind|near|towards|away_from|upwar
d|downward",
"object_id":"O2|P2|R1",

}
],

"pointing_gaze": [
{

"source_id":"P1",
"type":"pointing|gaze|head_turn",
"target_id":"O2|P2|R1|unknown",
"target_description":"<if target_id unknown, describe the region/object>",

}
]

}

Additional constraints:
- Prefer fewer, high-precision items over many low-confidence items.
- Use "unknown" rather than guessing.
- If no cue of a type exists, return an empty list for that field.

Figure 5: Prompt for multimodal cue extraction in the TVRF framework using MLLMs
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TVRF Prompt for Cue-Conditioned Translation

You are a professional translator.
Translate the source sentence into the target language.
Use the provided video cue ONLY as auxiliary context when it helps disambiguate meaning.
Do NOT invent any details beyond the cue.
Output ONLY the final translation, with no explanation.

Task: Translate from [SOURCE LANGUAGE] to [TARGET LANGUAGE].
Source sentence: [SOURCE SENTENCE]
Video cue:[CUE TEXT]

Figure 6: TVRF Prompt for Cue-Conditioned Translation

TVRF Prompt for Text-only Translation

You are a professional translator.
Translate the source sentence into the target language.
Use the provided video cue ONLY as auxiliary context when it helps disambiguate meaning.
Do NOT invent any details beyond the cue.
Output ONLY the final translation, with no explanation.

Task: Translate from [SOURCE LANGUAGE] to [TARGET LANGUAGE].
Source sentence: [SOURCE SENTENCE]
Video cue: No video cue is provided. Translate using text only.

Figure 7: TVRF Prompt for Text-only Translation

TVRF Response Template for Video-Dependent Cases

To translate this text, video information [CUE TYPE] is **required**.
It is:
[CUE CONTENT]
So the translation is:
[REFERENCE SENTENCE]

Figure 8: Response template used in TVRF when the textual input requires multimodal cue information from the
video to complete the translation.

TVRF Response Template for Text-Sufficient Cases

This text can be translated **without** video information.
The translation is:
[REFERENCE SENTENCE]

Figure 9: Response template used in TVRF when the textual input is sufficiently clear and video information is
unnecessary.

a bounded score that reflects their relative corre-
spondence. The parameter λ in Equation 11 is set
to 0.7, while α in Equation 13 is set to 0.001,
with Llimit = 500. Balancing stability and effi-
ciency, we adopt SGLang (Zheng et al., 2024) as
the rollout engine. The model is initialized from
a DART-SFT–finetuned checkpoint and optimized
with a learning rate of 5 × 10−7 for a total of 5
epochs. Each training batch contains 128 samples,
with a maximum prompt length of 8192 tokens
and a maximum response length of 1024 tokens.

For policy optimization, GRPO is employed with
4 rollouts per prompt, a PPO mini-batch size of 64,
and a micro-batch size of 2 per GPU. Training is
performed on 4 NVIDIA A100 80 GB GPUs us-
ing FSDP with bfloat16 precision, gradient check-
pointing enabled, and no parameter or optimizer
offloading. KL regularization is applied via a low-
variance KL loss with a coefficient of 0.01, while
entropy regularization is set to 0.001; the KL term
is not included directly in the reward. It requires
approximately 40 hours of training.
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The GRPO loss is formulated as in Equation 15.

LGRPO(θ) =− E(x,v)∼DRL,ẑ∼πθ[
A(ẑ) log

πθ(ẑ | x, v)
πθold(ẑ | x, v)

]
(15)

We deployed the COMET model as a low-latency
inference service using FastAPI and Python’s multi-
processing (spawn mode). To maximize throughput
and minimize overhead for RL training, the system
utilizes 8 worker processes distributed across two
GPUs (4 per device). Each worker is restricted
to a single CPU thread to prevent resource con-
tention and employs TensorFloat-32 (TF32) preci-
sion along with a warmup mechanism. By bypass-
ing high-level framework wrappers and directly
invoking the model’s core inference steps, the ar-
chitecture ensures high-frequency, stable reward
feedback.

C Deployment Details

To ensure fair comparison with prior work (Guan
et al., 2025a), we adopt identical prompts for the
same input modalities.

VMT Prompt for Text Inputs

Please translate the following input
sentence from [SOURCE LANGUAGE] to [TARGET
LANGUAGE]. ONLY output the translated
sentence.
Input sentence:
[SOURCE SENTENCE]
Translated sentence:

Figure 10: VMT prompt for text inputs.

For text-only inputs (rows 5–9 in Table 1), the
prompt shown in Figure 10 is used.

VMT Prompt for Video–Text Inputs

Please translate the following input
sentence from [SOURCE LANGUAGE] to [TARGET
LANGUAGE] according to the video. ONLY
output the translated sentence.
Input sentence:
[SOURCE SENTENCE]
Translated sentence:

Figure 11: VMT prompt for video–text inputs.

For video–text inputs (rows 10–14, 16, and 19
in Table 1), we employ the prompt illustrated in
Figure 11.

To verify that MLLMs lack the inherent capa-
bility to directly select translation-relevant multi-
modal cues and perform translation accordingly,

Multimodal Cue–Based Self-Reasoning for VMT

I will give you an input sentence, which
is a subtitle of a video clip, and I will
also input the corresponding video clip.
I need to translate this input sentence
from [SOURCE LANGUAGE] to [TARGET
LANGUAGE]. Please refer to thevisual cues
in the video, such as people, objects,
actions, OCR, spatial relations, and
pointing/gaze cues when producing the
translation of this sentence.
Input sentence:
[SOURCE SENTENCE]
Translated sentence:

Figure 12: Multimodal cue–based self-reasoning for
VMT.

we apply the prompt shown in Figure 12, which
yields the results reported in rows 15 and 17 of
Table 1.

VMT Prompt for Image–Text Inputs

Please translate the following input
sentence from [SOURCE LANGUAGE] to [TARGET
LANGUAGE] according to the image. ONLY
output the translated sentence.
Input sentence:
[SOURCE SENTENCE]
Translated sentence:

Figure 13: VMT prompt for image–text inputs.

Finally, since the SHIFT method (row 18 in Ta-
ble 1) ultimately feeds a single image–text pair
into the MLLM, we use the prompt depicted in
Figure 13.

D Robustness to Multimodal Cue
Misclassification

Although multiple strategies are employed in both
data construction and model training, the model
may still make occasional selection errors, albeit
at a relatively low frequency. Importantly, such
misclassifications do not necessarily translate into
noticeable degradation in translation quality. This
is because these cases typically exhibit weak or
ambiguous multimodal dependency, where the in-
clusion or omission of multimodal cues has limited
impact—particularly for conservative false posi-
tives. For instance, a sample that human annotators
judge as not requiring multimodal cues may be clas-
sified by the model as requiring them, reflecting
a more cautious decision-making tendency rather
than a critical error; the additional multimodal in-
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formation in such cases generally has negligible in-
fluence on the final output. In contrast, samples for
which accurate multimodal cue selection is crucial
to translation quality are, in most cases, correctly
identified by the model.

E More Results

Additional experimental results on the video
subtitle benchmark TriFine (including the Chi-
nese–English general test set and the ambiguity
test set) and the video description benchmark VA-
TEX are reported in Table 6. The table addition-
ally reports results from directly using the models
employed in our data annotation pipeline, namely
Qwen3-VL-32B (Row 24) and Qwen3-30B-A3B-
Instruct (Row 8). Despite their substantially larger
parameter scales, these models exhibit either low
efficiency or limited multimodal capability, result-
ing in inferior overall performance compared to
DART. We also include two-step (Row 17) and
three-step (Row 18) decision-making processes
that mirror the DART logic: the former first de-
termines whether and which multimodal cues are
needed before translation, while the latter further
decomposes this into deciding cue necessity, select-
ing cue types, and then generating the translation.
The results show that the improvements of DART
on VMT cannot be achieved by prompting alone,
thereby confirming the effectiveness and necessity
of the proposed reasoning paradigm.

F Human Evaluation

Our evaluators are volunteers recruited from fo-
rums; they are current PhD students in computer
science with strong bilingual proficiency in both
Chinese and English. To ensure evaluation quality,
we conduct random checks throughout the process.
Given the high level of expertise required, their
hourly compensation is approximately twice the
local average wage.

A multimodal cue is considered correctly ex-
tracted only if it (1) actually appears in the video,
and (2) no other translation-relevant visual infor-
mation has been overlooked. Each sample is in-
dependently assessed by at least three annotators,
and only judgments supported by a majority of
evaluators are adopted.

The detailed guidelines are illustrated in Figure
14.

F.1 SFT Loss Curve Comparison

As illustrated in Figure 15, under identical experi-
mental settings, the SFT stage of our DART method
demonstrates superior convergence behavior com-
pared to conventional SFT. Benefiting from a rea-
soning process highly aligned with VMT, DART
achieves a sharper and more rapid decline in train-
ing loss. Notably, the loss curves depicted are cal-
culated based exclusively on generated translation
tokens.

G Baselines

G.1 Traditional VMT Methods

Transformer model (Vaswani et al., 2017). Fol-
lowing the architectural settings of prior VMT
frameworks, we incorporate a 6-layer Transformer
encoder-decoder as our text-only baseline. The
model utilizes a hidden size of 512 and an inner-
layer dimension of 2048 for the feed-forward sub-
layers.

TVE and CVE (Shurtz et al., 2024). Build-
ing upon the doubly-attentive Transformer archi-
tecture, TVE and CVE process video sequences
via uniform sampling at 5 FPS and leverage off-
the-shelf CLIP features. The Transformer Video
Encoder (TVE) relies on self-attention to aggre-
gate frame-level information, while the Conformer
Video Encoder (CVE) enhances this process by
interleaving convolutions to exploit local spatial-
temporal features. In both frameworks, the visual
and textual encoders operate independently. Their
respective representations are subsequently fused
within the decoder through separate multi-head at-
tention modules, enabling the model to generate
the final translation by effectively integrating cues
from both the source text and the corresponding
video context.

FIAT (Guan et al., 2025b). FIAT is an input-
augmentation strategy that enhances VMT by sub-
stituting redundant video features with discrete,
fine-grained multimodal tags extracted from both
visual and acoustic modalities. By fusing source
sentences with these granular tags, the framework
enriches the textual context while preserving the
structural integrity of the underlying Transformer
backbone. FIAT delivers higher-quality transla-
tions while maintaining a substantially lower com-
putational footprint than coarse-grained VMT base-
lines.
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TriFine VATEX

SpeedGeneral General Ambiguity Test
(zh→en) (en→zh) (en→zh) (en→zh)

# Method BLEU ↑ / COMET ↑ / BLEURT ↑ SPS ↑

Traditional VMT Methods

1 Transformer 23.47/71.89/56.42 36.19/75.11/54.42 29.74/74.32/52.98 29.61/ 73.07/53.82 75.38
2 TVE∗ 23.85/72.58/57.20 36.55/75.64/54.98 30.37/74.45/55.55 30.30 / 73.37 / — 1.30
3 CVE∗ 23.97/72.60/57.19 36.43/75.58/55.29 30.28/74.39/55.55 29.40 / 73.44 / — 1.28
4 FIAT∗ 25.51/73.59/57.89 38.06/76.48/56.15 31.24/75.93/56.32 30.75/73.92/55.43 0.71

Open-source LLMs (Text-only)

5 Llama-3-8B∗ 14.12/72.48/57.08 25.00/75.65/55.57 22.50/76.65/56.85 25.11/75.33/54.94 9.25
6 Llama-3.1-8B∗ 16.68/72.54/55.78 25.11/77.66/57.39 24.95/77.14/58.91 27.81/78.15/57.95 9.21
7 Qwen3-4B-Instruct 17.41/74.56/58.79 30.42/78.39/59.31 30.05/80.15/61.32 29.49/77.87/57.56 19.82
8 Qwen3-30B-A3B-Instruct 19.29/75.31/60.79 31.54/79.05/59.98 32.45/80.74/62.50 30.51/79.24/58.21 4.89

Open-source LRMs (Text-only)
9 DeepSeek-R1-Distill-Llama-8B 13.38/71.34/54.52 25.20/74.44/55.53 23.53/76.08/57.13 24.48/74.81/54.12 0.78
10 DeepSeek-R1-Distill-Qwen-7B 11.26/70.66/54.24 22.07/73.60/53.25 20.54/73.06/53.12 22.82/72.64/51.20 0.67
11 Qwen3-4B-Thinking 17.37/74.54/58.86 30.63/77.93/58.93 29.98/79.97/61.07 29.97/77.94/57.42 0.31

Open-source MLLMs (Text & Video)

12 LLaVA-Next-Video-7B∗ 12.38/68.65/55.18 23.63/73.63/57.26 23.66/76.35/58.22 25.62/75.45/55.10 0.65
13 InternVideo2.5-8B∗ 19.60/75.55/60.18 30.28/77.59/57.85 31.49/80.25/61.41 30.09/78.25/58.04 0.72
14 MiniCPM-V-4.5-8B 22.01/75.98/60.59 27.61/78.38/59.07 31.92/80.71/61.98 28.73/78.44/57.52 0.51
15 Qwen3-VL-4B-Instruct 19.86/75.38/60.12 31.82/78.99/60.22 32.54/81.52/62.92 29.76/78.77/58.63 3.19
16 + Self-reasoning 18.11/75.15/59.80 31.53/78.85/60.19 33.13/81.56/63.18 29.45/79.04/58.96 2.96
17 + 2-step prompting 18.52/75.39/60.21 31.80/79.17/60.24 33.63/81.89/63.32 29.60/79.01/58.84 2.93
18 + 3-step prompting 18.49/75.82/60.32 31.91/79.10/60.29 33.82/81.73/63.44 29.62/79.12/58.87 1.46
19 + SHIFT 20.96/75.81/60.90 33.25/79.31/60.62 33.67/81.79/63.05 30.32/79.05/59.03 1.25

Open-source LMRMs (Text & Video)
20 R1-Onevision-7B 10.22/68.37/54.15 26.91/75.67/55.58 28.65/78.53/59.11 25.54/75.90/55.63 0.36
21 Video-R1-7B 19.59/75.36/60.08 32.02/79.15/60.02 32.89/81.40/62.97 31.46/78.82/58.83 0.07
22 Qwen3-VL-4B-Thinking 18.01/74.83/59.17 29.50/77.90/58.72 31.26/81.18/62.43 27.97/78.57/58.14 0.06
23 + Self-reasoning 17.72/74.92/59.52 28.54/78.48/59.34 29.94/81.51/62.50 25.50/78.38/57.41 0.06
24 Qwen3-VL-32B 21.96/76.85/61.32 32.48/79.84/60.51 34.05/82.12/64.31 31.10/79.66/59.36 0.33
25 DART-4B (Ours) 25.21/77.04/61.51 34.22/80.21/61.73 34.60/82.91/64.27 31.21/79.91/59.65 1.93

Table 6: Additional results are reported on the TriFine and VATEX benchmark. Each test set is evaluated under three
random seeds, with results averaged; statistical tests (p < 0.01) verify stability and robustness. SPS (Samples Per
Second) denotes average end-to-end inference throughput. For each dataset and metric, the best result is highlighted
in bold. Rows marked with * are reported from Guan et al. (2025a)

G.2 Text-only LLMs

Llama-3-8B-Instruct and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024). Llama-3-8B-
Instruct and Llama-3.1-8B-Instruct represent a
family of prominent open-source decoder-only
Transformers developed by Meta, optimized
for complex instruction following. The former
is pretrained on a 15-trillion-token corpus and
refined via SFT and DPO, while the latter,
Llama-3.1-8B-Instruct, expands the context
window to 128K tokens and introduces support
for eight high-resource languages. Notably,
Chinese is excluded from these officially supported

languages, and the performance of both models on
Chinese-English translation tasks remains outside
their guaranteed scope.

Qwen3-4B (Yang et al., 2025a). Qwen3-4B
is a 4-billion-parameter variant of the Qwen3 se-
ries, representing the latest generation of large lan-
guage models from Alibaba. Pretrained on a vast
corpus supporting over 100 languages, Qwen3-4B
exhibits robust multilingual capabilities and supe-
rior translation performance. A defining charac-
teristic of this model is its dual-mode architecture,
which supports both a "thinking mode" for com-
plex logical reasoning and a "non-thinking mode"
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Human evaluation guidelines for assessing the correctness of visual cue extraction

Objective: To evaluate whether the model captures the ground-truth visual context required to
resolve translation ambiguities.

Evaluator Qualifications:
- Evaluators are PhD students in Computer Science with strong bilingual proficiency in Chinese
and English.

Evaluator Materials:
For each evaluation instance, the following materials are provided:
1. Source Sentence: The original text requiring translation (e.g., a video subtitle).
2. Target Sentence: The ground-truth translation in the target language.
3. Video Clip: The 8-10 second video associated with the text.
4. Visual Cue: The model-extracted visual cues (covering People, Objects, Actions, OCR,
Spatial, or Pointing Gaze).

Criteria for Successful Extraction:
A multimodal cue is considered "Correctly Extracted" only if it satisfies both conditions
below:

1. Visibility (Factuality):
- The cue (e.g., specific objects or actions) must actually appear within the 8-10 second video
clip. Any hallucinated information results in immediate failure.

2. Essentiality (No Critical Omission):
- The model must identify ALL visual information mandatory for resolving linguistic ambiguity
in the source text.
- Failure Condition: The extraction is deemed incorrect if the evaluator identifies any
visible visual hint that is helpful for translation but was overlooked by the model.

Quality Control Process:
- Each sample is independently assessed by at least three annotators.
- Final labels are adopted only when supported by a majority vote.
- Random spot checks are conducted to ensure consistency.

Figure 14: Human evaluation guidelines for assessing the correctness of multimodal cue extracted.
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Figure 15: Training loss comparison (translation tokens
only) between DART with TVRF and conventional SFT.

for efficient, general-purpose tasks. The transi-
tion between these modes is determined by explicit
manual selection rather than automated switching.
However, a key distinction from our work is that
the mode transition in Qwen3-4B is determined
by explicit manual selection rather than automated
switching. Within the scope of our study, it serves
as a sophisticated textual baseline.

DeepSeek-R1-Distill-Qwen-7B and DeepSeek-

R1-Distill-Llama-8B (DeepSeek-AI et al., 2025).
DeepSeek-R1-Distill-Qwen-7B and DeepSeek-R1-
Distill-Llama-8B represent a series of dense mod-
els developed by distilling the sophisticated reason-
ing trajectories of DeepSeek-R1 into smaller, more
efficient architectures. This distillation process ef-
fectively transfers the complex Chain-of-Thought
capabilities and logical consistency—initially
elicited through large-scale reinforcement learning
in the flagship model—to the Qwen2.5 and Llama-
3 backbones. Both variants exhibit substantial en-
hancements in multi-step reasoning, mathematical
problem-solving, and coding tasks compared to
their non-distilled counterparts. Within the scope
of our research, both distilled variants serve as ro-
bust, text-only reasoning baselines.

G.3 MLLMs

Qwen3-VL-4B-Instruct and Qwen3-VL-4B-
Thinking (Bai et al., 2025). Qwen3-VL-4B-
Instruct and Qwen3-VL-4B-Thinking are 4B-
parameter multimodal models that natively process
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interleaved video–text inputs within a 256K-token
context by converting video frames into continuous
visual tokens to capture fine-grained spatiotempo-
ral dependencies. The Instruct variant is optimized
for multilingual instruction following, whereas the
Thinking variant incorporates explicit reasoning to
improve logical analysis and temporal grounding
in complex videos.

LLaVA-NeXT-Video-7B (Zhang et al., 2024).
LLaVA-Next-Video-7B leverages Vicuna-7B-v1.5
as its linguistic backbone, optimized through mul-
timodal instruction-tuning across diverse image
and video datasets. To enhance temporal reason-
ing, the model was trained on a comprehensive
corpus featuring 100K video-specific instruction
pairs from VideoChatGPT-Instruct, supplemented
by image-based VQA and GPT-generated synthetic
data. This architecture effectively integrates se-
quential visual frames with textual prompts, en-
abling robust, context-aware performance on com-
plex video-understanding tasks.

InternVideo2.5-Chat-8B (Wang et al.,
2025). InternVideo2.5-Chat-8B leverages the
InternLM2.5-7B backbone to achieve high-
performance bilingual modeling and long-context
reasoning. The architecture utilizes an adaptive
frame sampling strategy to capture temporal
dynamics, followed by a hierarchical spatiotem-
poral compression pipeline. By integrating
spatiotemporal merging and attention-guided
pruning, the model efficiently reduces visual
redundancy, allowing it to process extended video
sequences while retaining the most salient tokens
for precise instruction following.

MiniCPM-V-4.5-8B (Yu et al., 2025a).
MiniCPM-V 4.5 stands as an 8-billion-parameter
multimodal model integrated with the Qwen2-7B
language backbone, delivering robust bilingual pro-
ficiency in English and Chinese alongside sophis-
ticated OCR and reasoning capabilities. To en-
sure efficient encoding, the model employs a 3D-
Resampler to distill features from sampled frames
into high-density tokens. This unified architecture
effectively captures essential spatiotemporal dy-
namics while significantly reducing the visual fea-
ture dimensionality.

R1-Onevision-7B (Yang et al., 2025c). R1-
Onevision-7B represents a 7-billion-parameter mul-
timodal reasoning model designed to advance gen-
eralized reasoning through a cross-modal formal-
ization framework. This model utilizes the R1 re-
inforcement learning paradigm to incentivize the

generation of structured reasoning trajectories, ef-
fectively bridging the gap between visual percep-
tion and logical deduction. By formalizing multi-
modal inputs into intermediate symbolic or struc-
tured representations, it demonstrates exceptional
proficiency in complex tasks such as mathematical
geometry and visual logic.

Video-R1-7B (Feng et al., 2025a). Video-R1-
7B is a 7-billion-parameter multimodal reasoning
model that pioneers the application of the R1 rein-
forcement learning paradigm to incentivize com-
plex video reasoning. It inherits robust linguis-
tic reasoning and instruction-following capabilities
through a cold-start supervised fine-tuning phase
using Chain-of-Thought data. The video process-
ing workflow is distinguished by the T-GRPO al-
gorithm, which explicitly rewards the model for
utilizing temporal information to solve reasoning
tasks. This approach enables the model to perform
deep temporal modeling and logical deduction by
generating long-form reasoning traces that ground
textual answers in dynamic visual evidence. In our
study, Video-R1-7B serves as a specialized reason-
ing baseline.

SHIFT (Guan et al., 2025a). SHIFT is a
lightweight, plug-and-play framework for video-
guided machine translation that adaptively selects
the most informative frame from video for MLLMs.
The framework utilizes a clustering and selector
mechanism to determine the optimal input configu-
ration, feeding either a single key frame combined
with the source text or the source text alone into
the MLLM to obtain the translation result. This
selective input strategy improves efficiency and en-
hances translation quality.
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