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Abstract

Text Image Machine Translation (TIMT)—the
task of translating textual content embedded
in images—is critical for applications in acces-
sibility, cross-lingual information access, and
real-world document understanding. However,
TIMT remains a complex challenge due to the
need for accurate optical character recognition
(OCR), robust visual-text reasoning, and high-
quality translation, often requiring cascading
multi-stage pipelines. Recent advances in large-
scale Reinforcement Learning (RL) have im-
proved reasoning in Large Language Models
(LLMs) and Multimodal LLMs (MLLMSs), but
their application to end-to-end TIMT is still un-
derexplored. To bridge this gap, we introduce
MT3, a novel Multi-Task RL framework to spe-
cialize MLLMs into end-to-end expert TIMT
models. MT? adopts a synergistic multi-task
optimization paradigm targeting three key sub-
skills: text recognition, context-aware reason-
ing, and translation. It is trained using a novel
multi-mixed reward mechanism that provides
fine-grained feedback, fostering a controllable
and transparent optimization process. Further-
more, to facilitate the evaluation of TIMT in
authentic cross-cultural and real-world social
media contexts, we introduced XHSPost, the
first social media TIMT benchmark. Our MT3-
7B-Zero achieves state-of-the-art results on the
latest in-domain MIT-10M benchmark, out-
performing strong baselines such as Qwen2.5-
VL-72B and InternVL2.5-78B by notable mar-
gins across multiple metrics. Additionally, the
model shows strong generalization to out-of-
distribution language pairs and datasets. In-
depth analyses reveal how multi-task synergy,
reinforcement learning initialization, curricu-
lum design, and reward formulation contribute
to advancing MLLM-driven TIMT'.

* Equal Contribution.
“ Corresponding author.

'Our data is available at https://github.com/fzp0424/MT-

R1-Zero.

1 Introduction

Text Image Machine Translation (TIMT) is a cru-
cial subfield of machine translation (MT) that fo-
cuses on translating source-language texts embed-
ded in images into target-language texts (Ma et al.,
2022; Lan et al., 2023; Liang et al., 2024). It
has been widely applied in scenarios including
photo translation, scanned document translation,
and screenshot translation. Unlike traditional text-
based machine translation (Xu et al., 2024; Feng
et al., 2024), where input and output are purely
textual, TIMT is inherently a cross-modal task. It
requires systems to process images and generate
corresponding textual translations, necessitating
the comprehensive integration of fine-grained tex-
tual content and diverse visual elements such as lay-
out, objects, and color schemes to produce accurate
translations. However, current TIMT approaches,
both cascade systems (Hinami et al., 2021; Sable
et al., 2023; Zhang et al., 2023, 2025b) and end-
to-end (E2E) models (Zhu et al., 2023; Lan et al.,
2023; Ma et al., 2024; Liang et al., 2024), often do
not explicitly capture fine-grained textual informa-
tion or model the integration of visual element com-
prehension. Cascade systems typically use OCR
output for a text-based MT model, thereby over-
looking visual information, and suffer from error
propagation. E2E models, while aiming for uni-
fied training, often lack explicit modeling of OCR
and visual understanding, which is beneficial for
translation quality (Niu et al., 2024).

Recent advances in Multimodal Large Language
Models (MLLMs) have demonstrated impressive
general-purpose capabilities across various cross-
modal tasks, such as OCR and VQA (Bai et al.,
2025; Chen et al., 2025). Concurrently, it has
been shown that rule-based Reinforcement Learn-
ing (RL) training can enable these models to learn
specific output and reasoning patterns, which can
enhance their capabilities in tasks like mathemati-
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cal reasoning or visual understanding (Team, 2024;
Huang et al., 2025; Zhang et al., 2025a; Meng
et al., 2025). However, while their performance
on general-purpose tasks is remarkable, a critical
gap remains between this generalist ability and the
expert-level proficiency required for complex, spe-
cialized tasks like TIMT. This work addresses a
key question: how can we effectively specialize
the powerful, generalist MLLMs into domain ex-
perts in a controllable and systematic manner?

In this work, we introduce MT3, the first
framework to apply Multi-Task RL to MLLMs
for end-to-end Text Image Machine Translation.
MT? adopts a synergistic multi-task optimization
paradigm targeting three key sub-skills: text recog-
nition, context-aware reasoning, and translation.
It is trained using a novel multi-mixed reward
mechanism that adapts rule-based RL strategies
to TIMT’s intricacies, offering fine-grained feed-
back across tasks. Furthermore, recognizing the
need for evaluations that reflect real-world so-
cial media interactions, we introduce XHSPost,
the first social media TIMT benchmark, to eval-
uate TIMT in more authentic cross-cultural scenar-
10s. Our experiments demonstrate the efficacy of
this approach: our MT3-7B-Zero model achieves
state-of-the-art results on the latest in-domain MIT-
10M benchmark (Li et al., 2024), outperforming
strong MLLM baselines, including Qwen2.5-VL-
72B (Bai et al., 2025) and InternVL2.5-78B (Chen
et al., 2025), by notable margins (approximately
15-25 points average improvement across BLEU,
chrF++, METEOR). Additionally, the model shows
strong generalization to out-of-distribution (OOD)
language pairs and datasets, including the newly
introduced XHSPost. In-depth analyses reveal how
multi-task synergy, reinforcement learning initial-
ization, curriculum design, and reward formulation
contribute to advancing MLLM-driven TIMT. Our
core contributions are as follows:

» We propose MT3, the first framework apply-
ing reinforcement learning to MLLMs for end-
to-end TIMT, featuring a novel synergistic
multi-task optimization paradigm and an ef-
fective multi-mixed reward mechanism. Ex-
tensive experiments validate MT>’s superior
performance on standard TIMT benchmarks
and its strong OOD generalization capability,
significantly surpassing existing cascaded sys-
tems and advanced MLLMs.

* We present XHSPost, the first social media

TIMT benchmark. This new resource is de-
signed to facilitate research and enable practi-
cal evaluation of TIMT systems in authentic,
real-world cross-cultural scenarios.

* We provide comprehensive analyses yielding
key insights into multi-task RL for TIMT. We
demonstrate that multi-task synergy is vital
for RL success in TIMT, and zero-start RL
from MLLMs outperforms SFT+long Chain-
of-Thought (CoT) in performance and effi-
ciency. Besides, we show that curriculum
learning and reward metric selection critically
impact training and results.

2 Method

In this section, we detail the MT? framework. MT3
decomposes TIMT into distinct, explicit sub-tasks
and employs a novel multi-mixed reward mecha-
nism to guide the MLLM (see Figure 1). The RL
training is performed using Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) algorithm,
selected for its efficiency and effectiveness.

2.1 Multi-Task Formulation for TIMT

Instead of treating TIMT as a monolithic, black-
box task, MT? decomposes it into a structured,
three-stage generative process. This explicit de-
composition, guided by a formal task schema (see
Appendix A), is designed to elicit and individually
optimize the distinct capabilities required for high-
quality TIMT: visual perception, multimodal rea-
soning, and context-aware translation. MT? trans-
forms the generation process into a controllable
and interpretable pipeline within a single MLLM.
Recognition. This step directly leverages the
model’s visual perception and text extraction ca-
pabilities, laying a key foundation for TIMT. The
MLLM performs fine-grained OCR, transcribing
image text in its natural reading order within
<recognize> and </recognize> tags.
Reasoning. Then, MT? elicits and incentivizes the
MLLM’s advanced reasoning capabilities by con-
sidering the recognized text alongside the broader
visual context (e.g., layout, objects, color schemes,
spatial relationships) to ensure the subsequent trans-
lation is contextually appropriate. The MLLM en-
gages in a reasoning process to generate an inter-
mediate chain-of-thought analysis, outputting its
analysis within <think> and </think> tags.
Translation. Finally, the MLLM performs the con-
ditional generation of the target-language transla-
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Figure 1: An illustration of MT? framework. MT? contrasts the traditional (a) Cascade System, which separates
OCR and translation into a multi-stage pipeline, so the translator cannot utilize the visual components to help
with translation. Our method unifies three key sub-skills—Recognition, Reasoning, and Translation—within a
single MLLM. The model is then optimized using (c) Group Relative Policy Optimization (GRPO), where multiple
structured outputs are sampled, evaluated by a multi-mixed reward mechanism, and used to update the policy model.

tion informed by the recognition and reasoning
stages. This is not a simple classical source-to-
target translation based solely on the recognized
text. Instead, the generation process is conditioned
on the complete preceding context, including both
the factual text from Recognition and the rich, syn-
thesized understanding from the reasoning process
in Reasoning. This output is presented within
<translate> and </translate> tags.

This explicit multi-task formulation guides the
model through distinct recognition, reasoning, and
translation stages. It allows for monitoring and re-
warding these intermediate steps, thereby fostering
more robust and interpretable TIMT capabilities,
as validated in our ablation studies (Section 3.1).

2.2 Multi-Mixed Reward Mechanism

The reward signal r is crucial in RL. While rule-
based rewards suit tasks with verifiable answers
like math (Guo et al., 2025), translation often lacks
a single gold output and TIMT’s multi-faceted qual-
ity (e.g., recognition accuracy, translation quality)
necessitates a more nuanced approach. We propose
a multi-mixed reward mechanism, adapting rule-
based concepts by integrating format adherence
checks with task-specific quality assessments.
Format Reward (R oqmaqt). We use regular ex-
pression extraction to enforce the structured re-
sponse format illustrated in the MT?3 prompt. The
format reward is computed as:

R L if format is correct )
format = —3, if format is incorrect
This penalty for incorrect format strongly dis-

courages deviations and encourages the model to

rapidly learn the required output structure, as evi-
denced in Figure 3.

Task-Specific Rewards (R;,si). If the output for-
mat is correct (R formaqt = 1), we calculate rewards
for recognition and translation sub-tasks. While
the MT community has developed various evalua-
tion metrics (Freitag et al., 2022, 2023), Feng et al.
(2025) and Ramos et al. (2025) noted that relying
on a single metric might result in sub-optimal over-
all performance. Therefore, we propose a metric-
mixed approach. We average multiple standard
metrics for each task, providing a more robust, bal-
anced, and nuanced reward signal:

e Translation Reward (R, si—trans): As-
sesses final translation quality by aver-
aging scores from standard MT metrics:
BLEU (Post, 2018), chrF++ (Popovié,
2017), and METEOR (Banerjee and Lavie,
2005), against the reference. Formally,
Riask—trans = (SBLEU + SMETEOR +
Schri++) /3. The specific combination of met-
rics can be varied, as explored in our ex-
periments on metric reward selection (Sec-
tion 3.3). Furthermore, as highlighted by Feng
et al. (2025), the quality of the reasoning pro-
cess is implicitly encouraged through its posi-
tive influence on the final translation quality.

* Recognition Reward (R;,sx_rc.): Evaluates
recognized text quality against a ground-truth
transcription by averaging suitable OCR met-
rics (Fu et al., 2024): BLEU, METEOR, F1-
score, and normalized versions of Character
Error Rate (CER) and Edit Distance. For-

mally, Rigsk—rec = (SBLEU + SMETEOR +
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SFl-score + min(maX(l - SEditDistancea 0), 1) +
min(max(1 — Scgr,0),1))/5.

Final Reward. The final reward r fed to GRPO
combines R format and Ryggp:

= {Rformat + Rtask—rec + Rtask—trans-, if format is correct

-3, if format is incorrect

2
This formulation extends the simple binary rule-
based reward (a base score of 1 for correct format)
by adding continuous, mixed-metric scores for sub-
tasks. This provides more granular feedback than
purely binary rewards, enabling the model to learn
fine-grained improvements in both recognition and
translation quality (see training curves in Figure 3).

2.3 RL Algorithm

We use the GRPO algorithm (Shao et al., 2024)
to train the translation model with our rule-metric
mixed reward. In each training step, for a given
translational question ¢, we sample a group of can-

didate outputs {01,092, ,0c} from the policy

- ri—mean({ri,r2,...,rg})
model my,,,. A; = S 18 the

computed advantage using the group rule-metric
mixed rewards {r1, 72, - ,7c}. GRPO then max-
imizes the following objective to optimize my:

JGRPO(G) = EqNP(Q),{Oz Z‘C;:lNﬂeold(O‘q)

G
éZmin(m(oi [9) A;,
=1

T0oq(0i | @)
clip(M, 1—¢, 1+ E)AZ)
0014 (01 | )

— B Dkw(m eref)],

3)
where ¢ and (3 are hyperparameters controlling the

PPO clipping threshold and the weight of the Kull-
back—Leibler (KL) divergence penalty (Schulman
et al., 2017; Shao et al., 2024), respectively.

2.4 Experimental Setup

Datasets and Evaluation Metrics. Our primary
experiments focus on English-Chinese (EN-ZH)
and Chinese-English (ZH-EN) TIMT tasks. For
RL training, we select 15K image-text pairs from
the MIT-10M dataset (Li et al., 2024) for each
translation direction. To comprehensively evalu-
ate our MT? framework, we test its performance
across three distinct settings: (1) In-domain (IND):

utilizing the standard ZH-EN and EN-ZH test
sets from the MIT-10M dataset. (2) Out-of-
distribution (OOD) - Language Pairs: employ-
ing unseen language pairs (EN-DE, ZH-FR, DE-
FR) from within the MIT-10M dataset. (3) Out-
of-distribution (OOD) - Datasets: using the test
sets from the OCRMT30K dataset (Lan et al.,
2023) and the document-level DoTA dataset (Liang
et al., 2024). For all evaluations, we report Sacre-
BLEU (Post, 2018), chrF++ (Popovié, 2017), and
METEOR (Banerjee and Lavie, 2005) scores as
previous works (Li et al., 2024; Liang et al., 2024).
XHSPost Benchmark: A Real-World Social Me-
dia TIMT Scenario. Existing TIMT datasets pri-
marily focus on general photos, academic docu-
ments, or advertisements (see Figure 9). To ad-
dress the notable absence of benchmarks for the
increasingly prevalent social media domain, we
constructed XHSPost, a dataset of social media
posts for ZH-EN and EN-ZH TIMT. After a metic-
ulous selection and filtering process (detailed in
Appendix M), we obtained 106 English and 109
Chinese posts. We anticipate XHSPost will foster
real-world applications of TIMT.

Baselines. To comprehensively assess the perfor-
mance of our MT3-7B-Zero, we compare it against
a diverse set of baselines. This includes a Cas-
cade System, which first employs EasyOCR? to
extract text from images, arranges the extracted text
sequentially, and then translates it using the NLLB-
3.3B model (Costa-Jussa et al., 2022). We also
benchmark against several Advanced MLLMs
used in a zero-shot prompting setup, specifically
the InternVL2.5 series (Chen et al., 2025) and
Qwen2.5-VL series (Bai et al., 2025); more eval-
uation details can be found in Appendix D. Fur-
thermore, we compare against Supervised Fine-
Tuning (SFT) variants of Qwen2.5-VL-7B. These
SFT models were trained on the MIT-10M dataset
using two distinct prompt templates: one focused
solely on the end-to-end TIMT task, and another
employing an OCR + TIMT multi-task format. The
specific SFT prompts are provided in Appendix C.
Training Details. Our implementation is based
on verl® framework. We select the Qwen2.5-VL-
7B as starting models for MT? training. During
training, we configure a batch size of 64 and utilize
16 rollouts per prompt within the GRPO algorithm.
More training details are in Appendix B.

2https://github.com/JaidedAI/EasyOCR
*https://github.com/volcengine/verl
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MIT-10M (ZH-EN)

MIT-10M (EN-ZH)

MODEL
BLEU chrF++ METEOR Avg. BLEU chrF++ METEOR Avg.
Zero-shot Systems
EasyOCR + NLLB-3.3B 2.54 10.71 7.72 6.99 1193 1248 10.84 11.75
InternVL2.5-8B 9.98  26.59 24.99 20.52 31.74  38.21 38.49 36.15
InternVL2.5-26B 13.29 27.82 24.60 21.90 3322 4243 46.55 40.73
InternVL2.5-38B 10.77  26.00 24.49 20.42 38.61 48.87 44.04 43.84
InternVL2.5-78B 12.50  26.85 27.11 22.15 36.97 48.96 46.19 44.04
Qwen2.5-VL-7B 1559 31.34 33.44 26.79 31.66  44.20 48.41 41.42
Qwen2.5-VL-72B 1133 32.82 41.26 28.47 35.55 50.78 52.76 46.36
Fine-tuned VLMs
Qwen2.5-VL-7B (SFT, TIMT) 18.66  40.74 43.20 34.20 4333  48.62 55.71 49.22
Qwen2.5-VL-7B (SFT, OCR + TIMT) 22.57 42.39 41.80 35.59 48.69 54.66 59.60 54.32
MT3-7B-Zero (RL) 20.31 4442 43.99 36.24 5449 61.77 68.23 61.50

Table 1: In-domain (IND) performance comparison on the MIT-10M benchmark (ZH-EN and EN-ZH). Metrics
reported are BLEU, chrF++, and METEOR, along with their average (Avg.). MT3-7B-Zero (RL) is compared
against open-source systems and supervised fine-tuned variants.

OOD (LANGUAGE PAIRS)

OOD (DATASETS)

MODEL MIT-10M (EN-DE) MIT-10M (ZH-FR) MIT-10M (DE-FR) OCRMT30K (ZH-EN) DOTA (EN-ZH) XHSPosT (EN-ZH) XHSPOST (ZH-EN)
chrF++ METEOR chrF++ METEOR chrF++ METEOR chrF++ METEOR  chrF++ METEOR chrF++ METEOR chrF++ METEOR
Qwen2.5-VL-72B  48.37 40.60 27.29 30.13 48.82 45.06 39.73 42.65 37.65 50.75 4297 61.28 55.10 54.07
InternVL2.5-78B  50.54 43.11 18.25 19.59 27.98 25.45 31.57 32.81 32.88 45.03  37.61 57.60 53.14 51.18
Qwen2.5-VL-7B 48.12 40.65 27.19 30.59 33.60 31.99 23.99 24.90 3262 4416  36.79 55.16 49.01 47.05
InternVL2.5-8B 42.42 36.67 19.32 14.71 23.17 20.41 21.95 21.12 2475 3489 2832 46.20 42.19 38.93
MT3-7B-Zero (RL) 56.14 5211 35.67 38.53 53.88 54.99 37.42 38.17 34.87 46.60  39.95 58.58 53.26 52.04

Table 2: Out-of-distribution (OOD) generalization performance using chrF++ and METEOR. MT3-7B-Zero is
evaluated against strong and same-size MLLMSs on unseen language pairs from MIT-10M (EN-DE, ZH-FR, DE-FR)
and different datasets (OCRMT30K, DoTA, XHSPost). Bold indicates the best, underline indicates the second best.

2.5 Experimental Results

In-Domain Performance. As detailed in Table 1,
our MT3-7B-Zero significantly outperforms com-
pared systems on the in-domain MIT-10M bench-
mark. For ZH-EN, MT3-7B-Zero achieved an aver-
age score of 36.24, surpassing Qwen2.5-VL-72B
(Avg. 28.47) by 7.77 points and InternVL2.5-78B
by 14.09 points. The improvements are more pro-
nounced for EN-ZH, where our model (Avg. 61.50)
outperforms Qwen2.5-VL-72B by 15.14 points
and InternVL2.5-78B by 17.46 points. Notably,
our RL-trained model also surpasses SFT variants
of Qwen2.5-VL-7B, including those trained with
OCR+TIMT multi-task or single TIMT task setups.
These results underscore the efficacy of our multi-
task RL approach over supervised fine-tuning and
zero-shot larger MLLMs for TIMT.

Out-of-Distribution Performance. We assessed
MT?3-7B-Zero’s generalization ability on diverse
out-of-distribution (OOD) scenarios, including
unseen language pairs from MIT-10M (EN-
DE, ZH-FR, DE-FR), distinct TIMT datasets

(OCRMT30K (Lan et al., 2023), the document-
level DoTA (Liang et al., 2024)), and our newly in-
troduced real-world social media benchmark, XH-
SPost. As shown in Table 2, our model consistently
demonstrated strong OOD performance, generally
outperforming comparable-sized models and rival-
ing larger MLLMs. For instance, on MIT-10M
(DE-FR), MT3-7B-Zero achieved 54.99 chrF++
and 53.88 METEOR, surpassing all listed baselines.
On DoTA, our model’s 46.60 chrF++ was consider-
ably higher than Qwen2.5-VL-72B’s 37.65, with a
competitive METEOR score. These findings high-
light the robust generalization fostered by the MT?
framework. See BLEU scores in Appendix K.

3 Analyses

This section dissects the key components and train-
ing dynamics of the MT? framework through a se-
ries of targeted analyses. We first validate our core
multi-task design via an in-depth ablation study
(Section 3.1). We then examine crucial aspects of
the training recipe, including the RL initialization
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\n@iﬁﬁj

Friends\nBagel\nWeird combination for lunch
2 \nFried shredded potato

FAZ\nBageL\nFEHNFEHEHA\nELTYL

</recognize>

<think>

XKERRRT —HAFENFRES. —MIFHARA
PRMLIT. BAPE—1 T, BRLBETHE (X
ic) (Friends) , XTAERRT MRMITHAS S
BURPNEMETE R EFPOXFHATIMAS,

HFAA—PUREFSRIXMASTHRIEABRTIEFE.

</think>
R\ SRS ©\ORLE
— ic\nUl n B = \n¥! Nt &
| | BR\n\nEE\n\nFRHFEAB\N\NELTL | | Jiranslate e
>} L ))
In Guangzhou, 800. \nTwo bedrooms 7 H800\nFE—fT. \nFAT\nEH, #E
and one living room. \nBalcony with </recognize>
no obstruction. \nWho wants it? <think>

FEI/800
ﬁb:’i_ﬁs
FREZX

Qwen2.5-VL-7B
In Guangzhou, 800 square meters,
two bedrooms, one living room,
balcony unobstructed, who wants it?

EE, #E

InternVL2.5-8B

In Guangzhou, 800 square meters,
two rooms, one hall, no balcony, no
partition, who wants it.

( XHSPost (ZH-EN)

The text is in Chinese and appears to be a statement or a question.
The first line "#/ #{800" translates to "In Guangzhou 806" (likely
referring to a price or a location). The following lines "HE—/7"
means "two bedrooms and one living room," ®"PH&ZE" means “balcony
without,” and "E#" means " " or " The last
part "JEE" means "who wants" or "who would want."\n\nThe context
suggests that the text is advertising a property in Guangzhou,
specifically mentioning the price, the layout, and the feature of the
balcony. The question at the end implies that the property is being
offered for sale or rent and is asking if anyone is interested.
</think>

<translate>

In Guangzhou 800\nTwo bedrooms and one living room,\nBalcony without
obstruction, \nWho wants it

\_</translate> )

Figure 2: Illustrative TIMT examples from the XHSPost benchmark. MT? demonstrates superior contextual
understanding by correctly translating ’Friends’ to > % % 12’ based on visual context (Top), and accurately
interpreting a property advertisement, including price and layout details (Bottom).

A TASKS MIT-10M (ZH-EN) MIT-10M (EN-ZH) A XHSPOST (ZH-EN) A
BLATION

Recognition Reasoning Translation BLEU chrF++ METEOR Avg. BLEU chrF++ METEOR Avg. BLEU chrF++ METEOR Avg.
Full Tasks v 4 v 2031 4442 4399 3624 — 5449 6177 6823 6150 — 2694 53.26 52.04 4408 —
w/o Reasoning X v v 2221  45.06 44.63 3730 +1.06 52.12 61.34 6426  59.24 -226 2501 51.50 4973 42.08 -2.00
w/o Recognition v X v 16.99  40.08 42.65 3324 -3.00 47.61 57.78 65.11 56.83 -4.67 25.06 52.01 50.67 4258 -1.50
Only TIMT X X v 1343 3847 4221 3137 -4.87 4404 55.87 61.77 53.89 -7.61 2421 5132 49.54 41.69 -2.39

Table 3: Multi-task ablation study for MT3. Performance impact of removing Recognition, Reasoning, or both,
compared to the full task setup. A denotes the average metric score difference compared to the Full Tasks setting.

Final Reward Format Reward Recognition Reward Reward
25 1.0{_gerr - 06
0.8 ) \
os)f AT o i/
° 06 Aok
2.0 506 0.4 ¥
’ H 04
Loa - 0.3
0.2 0.2 0.2
|
- 15 | o 0.0 0.1
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T
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Only TIMT 30
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Training Steps Training Steps

Figure 3: Impact of multi-task ablation on reward optimization and performance progression. Top row: Progression
of Final Reward and individual task rewards (Format, Recognition, Translation). Bottom row: Progression of

translation quality metrics (BLEU, chrF++, METEOR).

strategy (Section 3.2) and the design of transla-
tion rewards, covering metric choice and reward
normalization (Section 3.3). To further demon-
strate the framework’s robustness and scalability,
we present additional experiments in the appendix,
including an analysis of curriculum learning (Ap-
pendix E) and a multilingual training evaluation
(Appendix F).

3.1 Multi-Task Ablation Analysis

To disentangle the contributions of the text recogni-
tion, reasoning, and translation components within

our multi-task framework, we conduct an abla-
tion study comparing the full-task MT3-7B-Zero
against variants where specific tasks are omitted
during RL training: (1) w/o Reasoning; (2) w/o
Recognition; and (3) Only TIMT. Detailed prompts
for these settings are available in Appendix J. As
shown in Table 3, the Full Tasks setting consistently
achieves the best performance across the evaluated
benchmarks. Removing the explicit text recogni-
tion step (W/o Recognition) leads to a significant
performance drop across all settings, underscor-
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IN-DOMAIN

OUT-OF-DOMAIN

MODEL MIT-10M (ZH-EN)  MIT-10M (EN-ZH)

OCRMT30K (ZH-EN)

DOTA (EN-ZH) XHSPosT (EN-ZH)  XHSPOST (ZH-EN)

BLEU chrF++ METEOR BLEU chrF++ METEOR BLEU chrF++ METEOR BLEU chrF++ METEOR BLEU chrF++ METEOR BLEU chrF++ METEOR

MT3-7B-QVQ-Distill 1537 3636  40.20 4221 5355 5837 1239 34.68

MT3-7B-Zero 2031 4442 4399 5449 61.77 6823 1421 3742

3543 2923 2560 37.08 4820 39.61 5841 24.61 49.74 48.76

38.17 4046 34.87 46.60 49.41 39.95 5858 2694 5326 52.04

Table 4: Impact of initialization strategies for RL. Comparison of MT?3-7B-Zero (RL from scratch) and MT3-7B-
QVQ-Distill (SFT on distilled data then RL) on in-domain and out-of-domain benchmarks.
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Figure 4: Training dynamics comparing Zero-start RL (MT3-7B-Zero) vs. SFT initialization (MT3-7B-QVQ-Distill).
Left and Center: Average metric score progression on MIT-10M ZH-EN and EN-ZH test sets. Right: Average

response length during RL training.

ing the criticality of accurate visual text extraction.
Omitting the reasoning step (w/o Reasoning) gener-
ally results in a performance decrease, particularly
on more nuanced datasets, although its utility can
vary with task complexity or language pair charac-
teristics. Training only the translation task (Only
TIMT) results in the most substantial degradation.
As illustrated in Figure 2, MT? correctly translates
culturally nuanced terms and interprets ambiguous
numerical information by integrating visual and tex-
tual cues, demonstrating how explicit recognition
and reasoning foster deeper contextual understand-
ing crucial for TIMT (see Appendix I for more
detailed analysis). These cases demonstrate how
the explicit modeling of recognition and reasoning
within MT? fosters deeper contextual understand-
ing crucial for accurate TIMT in diverse scenarios.
The reward and performance progression curves
(Figure 3) further support this: variants with recog-
nition yield higher translation rewards, and the Full
Tasks setting shows the most effective trajectories.
This confirms the benefit of our multi-task formula-
tion, emphasizing explicit text recognition and the
synergy of jointly optimizing all three sub-tasks.

3.2 Impact of Initialization Strategy: Zero vs.
QVQ-Distill

To assess the effect of the RL starting point, we
compare MT3-7B-Zero (RL directly from the gen-
eral MLLM checkpoint, Zero-start) against MT3-
7B-QVQ-Distill (initialized via SFT on 10K high-
quality TIMT examples distilled from the QVQ-

72B (Team, 2024); details in Appendix G). Train-
ing dynamics (Figure 4) show that while the QVQ-
Distill model benefits from an initial SFT per-
formance boost, the Zero-start model exhibits a
steeper learning curve, rapidly surpassing the cold-
start variant and converging to a markedly higher
performance ceiling. The Zero-start model also
produces considerably shorter and more stable
response lengths. A qualitative example in Ap-
pendix H further reveals differences in reason-
ing patterns: the QVQ-Distill model often simu-
lates self-reflection patterns, whereas the Zero-start
model can incentivize a more straightforward and
less redundant reasoning path conducive to TIMT.
Table 4 corroborates these findings, showing Zero-
start yields significantly better final performance.

3.3 Metric Reward Selection for Translation

Our multi-mixed reward mechanism (Section 2.2)
averages multiple metrics for task-specific rewards.
Here, we analyze using individual metrics (BLEU,
chrF++, METEOR) versus our proposed Mixed
Reward (average of these three) for Riqsi—trans-
Figure 5 presents Spearman and Kendall correla-
tion matrices, which indicate positive correlations
between the final rewards from individual metrics
and the mixed-metric reward, suggesting the shared
underlying signal of quality. Notably, BLEU shows
the lowest correlation with chrF++, a divergence
that is also reflected in their differing performance
trajectories in Figure 6. These performance plots
demonstrate that the Mixed Reward generally re-
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Figure 6: Effect of different translation reward metric choices (Riqsk—trans) On performance progression for EN-ZH
translation on MIT-10M. Curves display BLEU, chrF++, and METEOR scores over training steps when optimizing

with individual metrics versus the Mixed Reward.

MODEL COMET BLEU METEOR chrF++
MT3-7B-Zero (step 0) 59.15 12.71 38.60 34.25
MT3-7B-Zero (step 400)  67.51 24.09 4237 43.10
MT3-7B-Zero (step 0) 75.70 36.87 46.29 47.53
MT3-7B-Zero (step 400)  81.52  49.95 63.77 58.84

Table 5: Results when replacing the translation reward
with COMET. MT? continues to improve substantially
during RL training under a neural-metric reward.

sults in the most consistent and often the highest
performance across all three evaluation metrics.
This mitigates optimizing for a single metric’s pe-
culiarities, leading to holistically improved quality
and validating our mixed-metric approach.

We further investigate whether our framework
remains effective when the translation reward is
defined by a stronger neural metric. Specifically,
we replace Ryqsk-trans With COMET-22 (Rei et al.,
2022) and report the results in Table 5. The results
show that MT? continues to improve substantially
during RL training under this alternative reward.
This suggests that the effectiveness of MT? is not
limited to lexical-based rewards, and that the over-
all training framework generalizes well to neural
translation rewards.

We also examine the effect of reward magnitude

SETTING BLEU chrF++ METEOR Avg.
w/o Norm 5449 61.77 68.23 61.50
Z-score Norm 53.99 64.19 69.52 62.57
w/o Norm 2031 44.42 43.99 36.24
Z-score Norm 20.54 46.36 46.40 38.10

Table 6: Impact of reward normalization for mixed trans-
lation rewards.

when combining multiple metrics with different
numerical ranges. In particular, we compare the
default mixed reward without normalization and a
variant using Z-score normalization before metric
aggregation. As shown in Table 6, Z-score normal-
ization improves the average score in both EN-ZH
and ZH-EN, with especially clear gains on chrF++
and METEOR. These results suggest that the scale
difference across reward components can affect op-
timization, and that a simple normalization strategy
can further improve the robustness of our multi-
mixed RL.

4 Related Works

Text Image Machine Translation. Text Image
Machine Translation (TIMT) aims to translate texts
embedded in images (Ma et al., 2022). Prevail-
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ing approaches include: (1) Cascade systems (Hi-
nami et al., 2021; Sable et al., 2023; Zhang et al.,
2023, 2025b), which sequentially combine Optical
Character Recognition (OCR) and Neural Machine
Translation (NMT), often facing issues like error
propagation and latency. (2) End-to-end (E2E)
models (Zhu et al., 2023; Lan et al., 2023; Ma
et al., 2024; Niu et al., 2024; Liang et al., 2024),
developed to unify training and improve efficiency.
Early E2E methods integrated visual encoders and
text decoders, with some bridging modality gaps
using pre-trained components (Zhu et al., 2023)
or dynamically assembling models (Liang et al.,
2024). While advanced MLLMs (Chen et al., 2025;
Bai et al., 2025) show promise for more effective
E2E TIMT (Li et al., 2024), their specific applica-
tion to this task remains underexplored.

MLLM Reasoning with Reinforcement Learn-
ing. RL has been shown to enhance the reason-
ing capabilities of LLMs (Team et al., 2025; Guo
et al., 2025), leading to explorations of RL in
MLLMs (Huang et al., 2025; Zhang et al., 2025a;
Shen et al., 2025; Liu et al., 2025; Meng et al.,
2025). Several studies employ R1-like training
methodologies, often cultivating a "<think> then
<answer>" paradigm. For instance, some focus
on improving MLLM reasoning through synthe-
sized data (Huang et al., 2025), while others de-
sign online RL frameworks for self-improvement
via step-wise rewarding (Zhang et al., 2025a), or
explore R1-style RL for general vision-language
tasks (Shen et al., 2025). These efforts have primar-
ily concentrated on tasks like multimodal mathe-
matical reasoning or general visual understanding.
However, there has been less focus on leveraging
multi-task RL paradigms (not only <think>) or
addressing application-oriented downstream tasks
like TIMT, a gap our work aims to fill.

5 Conclusion

We introduce MT?, the first framework to spe-
cialize MLLMs for end-to-end Text Image Ma-
chine Translation using systematic multi-task rein-
forcement learning. By synergistically optimizing
recognition, reasoning, and translation with a novel
multi-mixed reward mechanism, our MT3-7B-Zero
achieves leading performance on the MIT-10M
benchmark and exhibits robust out-of-distribution
generalization, significantly outperforming larger
baselines. A key contribution is also the introduc-
tion of the XHSPost benchmark for realistic social

media evaluation. Our comprehensive analyses
confirm the benefits of multi-task synergy, offer-
ing a valuable blueprint for developing future RL-
driven, specialized MLLMs.

Limitations

Although MT? demonstrates strong performance
on the TIMT task across multiple benchmarks,
there remains room for improvement in its large-
scale multilingual capabilities. Including more met-
rics and larger MLLMs are also important improve-
ment directions. In future work, we aim to leverage
the robust text-grounding and visual understand-
ing abilities of MLLMs to extend this approach to
cross-lingual and multilingual VQA and reasoning
tasks, while further enhancing MLLMs’ alignment
with user preferences.
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A  MT? Prompt

MT?3 Prompt

System: You are a helpful translation assis-
tant. The user provides an image containing
{source_language) text and asks for the cor-
responding {target_language)} translation.
First, the assistant recognizes all the text
in the image following the natural reading
order. Then, the assistant carefully analyzes
the recognized text and the visual elements
in the image, considering the layout, ob-
jects, color schemes, spatial relationships,
and other contextual clues that may influ-
ence meaning. This integrated understand-
ing ensures the translation is accurate, co-
herent, and appropriate to the visual setting.
After thorough reasoning based on both tex-
tual content and visual context, the assis-
tant provides the user with the final transla-
tion in reading order. The recognized text,
reasoning process, and final translation are
enclosed within <recognize> </recognize>,
<think> </think>, and <translate> </trans-
late> tags, respectively. The format must
be as follows: <recognize> recognized text
here </recognize> <think> reasoning pro-
cess here </think> <translate> final transla-
tion here </translate>

User: {image} Translate all the text in this
image into {farget_language) following the
natural reading order.

Here, {source_language} and {target_language)
indicate the source and target languages, and {im-
age} denotes the input image requiring translation.

B Training Details

We employ a constant learning rate of 5e-7 and set
the sampling temperature to 1.0. The maximum
generation length for responses is capped at 4096
tokens. We set the KL penalty coefficient 3 to 0.01
and set the PPO clipping range € to 0.2. The model
is trained for 1 epoch on 32 NVIDIA H800 80G
GPUs for about 15 hours.

C SFT Prompts

The prompts for SFT (TIMT) and SFT (OCR +
TIMT) are structured as follows:

SFT (TIMT) Prompt

System: You are a helpful translation assis-
tant. The user provides an image containing
{source_language) text and asks for the cor-
responding {target_language)} translation.
Then, the assistant provides the user with
the final translation in reading order, sepa-
rating text from different positions (boxes)
with a line break. The final translation must
be enclosed within <translate> </translate>
tags. The format must be as follows: <trans-
late>final translation here</translate>
User: {image} Translate all the text in this
image into {target_language} following the
natural reading order.

Assistant: <translate> {rarget_text} </trans-
late>

SFT (OCR + TIMT) Prompt

System: You are a helpful translation as-
sistant. The user provides an image con-
taining {source_language) text and asks for
the corresponding {target_language} trans-
lation. First, the assistant recognizes all
the text in the image following the natural
reading order, separating text from different
positions (boxes) with a line break. Then,
the assistant provides the user with the fi-
nal translation in reading order, separating
text from different positions (boxes) with
a line break. The recognized text and final
translation must be enclosed within <recog-
nize> </recognize> and <translate> </trans-
late> tags, respectively. The format must
be as follows: <recognize>recognized text
here</recognize> <translate>final transla-
tion here</translate>

User: {image} Translate all the text in this
image into {farget_language} following the
natural reading order.

Assistant: <recognize> {source_text} </rec-
ognize><translate> {target_text} </trans-
late>

D Evaluation Details

When evaluating MLLM’s performance on the test
set, we deployed open-source models locally using
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Figure 7: Influence of curriculum learning strategies on training dynamics and performance. Left: Average response
length dynamics for Shuffle, Ascending (easy-to-hard), and Descending (hard-to-easy) difficulty curricula during
training. Right: Final response length and BLEU scores on MIT-10M difficulty splits (Easy, Medium, Hard) for

EN-ZH and ZH-EN..

frameworks like VLLM* or Imdeploy> implemen-
tations. We use the greedy decoding strategy for
all systems. The maximum generation length was
capped at 4096 tokens. The prompt for evaluating
MLLMs is structured as follows:

Evaluating MLLLMs Prompt

System: You are a helpful translation assis-
tant. The user provides an image containing
{source_language) text and asks for the cor-
responding {target_language) translation.
User: {image} Translate the text in the
image from {source_language} into {tar-
get_language) following the natural reading
order without any explanation.

E Curriculum Learning

We explore curriculum learning by ordering train-
ing data by difficulty, categorized by Li et al. (2024)
as Easy, Medium, or Hard using heuristics based
on text length and scene complexity, with details
in Appendix L. We compare three data presenta-
tion strategies: Shuffle (random), Ascend (easy-
to-hard), and Descend (hard-to-easy). Figure 7
shows response length dynamics: Ascend leads to
longer responses as harder samples appear, while
Descend starts longer and shortens. Figure 7 also
shows the final BLEU scores and response lengths
on MIT-10M test splits. Ascend tends to yield
competitive or superior BLEU scores on Hard
instances, whereas Descend performs better on

*https://github.com/vllm-project/vllm
Shttps://github.com/InternLM/1mdeploy

Metric Step ZH-EN EN-ZH ZH-DE DE-ZH EN-DE DE-EN

0 11.79 35.86 10.72 35.05 26.81 25.08
BLEU 400 22.06 49.75 19.16 38.95 3293 43.98
800 22.39 53.92 19.84 41.68 35.95 46.84

0 37.51 44.54 33.11 40.39 48.35 61.69
METEOR 400 44.46 64.53 38.50 55.46 52.57 69.93
800 45.48 66.25 39.32 57.05 54.18 72.72

0 33.55 46.79 29.87 44.44 53.90 55.53
chrF++ 400 4431 57.76 36.99 46.04 56.74 66.78
800 45.80 60.02 39.54 47.45 58.64 69.95

Table 7: Performance progression of MT3-7B-
Zero trained simultaneously on three language pairs
(ZH+EN, ZH+DE, EN+DE).

Easy instances. Shuffle demonstrates the most bal-
anced performance across different difficulty splits.
These results suggest that while specific curricula
can tune for specific difficulty levels, a shuffled cur-
riculum may be more broadly beneficial for robust
TIMT.

F Multilingual Training Experiment

To further demonstrate the scalability and gener-
alizability of our framework, we conducted ad-
ditional experiments training a single model on
three language pairs simultaneously: Chinese-
English (ZH<EN), Chinese-German (ZH«DE),
and English-German (EN<+DE). We used an equal
number of MIT-10M training samples for each of
the six translation directions and adopted the same
training settings as described in the main paper.
The results, detailed in Table 7, show that the
model learns effectively across all language pairs
and consistently improves with training. For in-
stance, the model achieves strong performance on
unseen pairs like ZH <+ DE and EN<«+DE, provid-
ing robust evidence that the MT? framework is not

10152


https://github.com/vllm-project/vllm
https://github.com/InternLM/lmdeploy

SRIGE

<recognize>

$K48Z\n39 2.5\n36 2.5\nSTEEL MATE
</recognize>

<think>

The image shows a car dashboard with
a digital display device labeled
\"STEEL MATE.\" The text \"##ZE\"
in the top left corner is the brand
name \"Steel Mate\" in Chinese. The
display shows tire pressure readings
for four tires, with the numbers 39,
2.5, 36, and 2.5, which likely
represent the tire pressure in PSI
and the tire size in inches. The text
\"STEEL MATE\" is the brand name of

<recognize>

#48%\n39.25\n35.2.5\n2.5\n39\n2.6\n35

</recognize>

<think>

So I have this image to translate, and it seems to be an advertisement for a car product. The brand name is \"%¥
% ,\" which I believe is \"Iron General\" in English. That makes sense because \"#\" means iron, and \"}ZE\"
means general, so Iron General is a fitting translation.\n\nNow, looking at the product, it's placed on what
appears to be a car dashboard. The product has a digital display showing various numbers: 39.25, 35.2.5, 2.5, 39,
2.6, and 35. There are also some icons and symbols that suggest it's related to car maintenance or
safety.\n\nFirst, I need to understand what this device does. Given the numbers and the context, it looks like a
tire pressure monitoring system (TPMS). TPMS displays the pressure in tires to prevent blowouts and improve fuel
efficiency. The numbers likely represent the pressure in PSI or BAR for each tire.\n\nLet me confirm that. The
unit \"Bar\" is visible on the display, so it's probably measuring pressure in bars. For example, 2.5 Bar is
equivalent to about 36 PSI, which is a standard tire pressure for many vehicles.\n\nSo, the display shows
pressure readings for four tires: front left, front right, rear left, and rear right. The numbers are:\n\n- Front
left: 39 PSI (or BAR)\n\n- Front right: 25 PSI (or BAR)\n\n- Rear left: 35 PSI (or BAR)\n\n- Rear right: 2.5 BAR
(which is approximately 36 PSI)\n\nWait a minute, that seems inconsistent. If front left is 39 PSI and rear left
is 35 PSI, and front right is 25 PSI, then rear right should be 2.5 BAR, which is 36 PSI. But that doesn't add
up. Maybe there's a conversion error or misreading.\n\nLet me check the conversion. 1 BAR is approximately 14.5
PSI. So, 2.5 BAR would be about 36 PSI, which matches the reading. But the display shows 2.5 BAR and 35 PSI for
the rear left, which seems off.\n\nPerhaps the display is showing different units for different tires. For
example, front left and rear left might be in PSI, while front right and rear right are in BAR. But that seems
unlikely.\n\nAlternatively, maybe the display is showing the tire type or something else. The icons next to the
numbers suggest different tire types or statuses.\n\nLet me look closer at the icons:\n\n- Front left: A tire
with a pressure gauge\n\n- Front right: A tire with a pressure gauge\n\n- Rear left: A tire with a pressure
gauge\n\n- Rear right: A tire with a pressure gauge\n\nAnd there's a central icon that might indicate the overall
status or a specific function.\n\nGiven that, it's likely that the device is a TPMS that monitors tire pressure
in real-time and displays the readings on a digital screen.\n\nNow, considering the brand \"Iron General,\" which
is known for automotive security products, this TPMS fits into their product line. It's probably designed to be
easy to install and use, providing drivers with important safety information at a glance.\n\nThe background of
the image shows a scenic view with a sunset and mountains, which gives a sense of adventure and reliability,
aligning with the brand's image.\n\nIn summary, the text in the image is primarily the brand name \"#3i#Z\" and
the digital readings from the TPMS device, which are likely in PSI and BAR units, indicating tire pressure levels
for each tire.\n\nTo provide a clear translation, I should list the tire pressure readings as they appear on the
display:\n\n- Front left: 39 PSI (or BAR)\n\n- Front right: 25 PSI (or BAR)\n\n- Rear left: 35 PSI (or BAR)\n\n-
Rear right: 2.5 BAR (approximately 36 PSI)\n\nAdditionally, the brand name \"#iZ\" translates to \"Iron
General,\" which is already provided in the image.\n\nTherefore, the final translation would include the brand
name and the tire pressure readings in both PSI and BAR for clarity.

the device.

</think>

<translate> N
Steel Mate\n39 2.5\n36 2.5\nSTEEL </think>
MATE <translate>

</translate

</translate>
Zero-Start

Iron General\n39.25\n35.2.5\n2.5\n39\n2.6\n35

( ovo-pistitt )

Figure 8: Case Study. The model initialized with QVQ-Distill tends to generate significantly longer reasoning
steps. In contrast, the Zero-start model, after RL training, often develops a more straightforward and less redundant

reasoning path.

restricted to a specific language set and scales well Cold-Start Data Construction Prompt

to multilingual scenarios. We also observed that
the different language pairs did not significantly in-
terfere with each other; instead, all benefited from
the multi-task RL training. This aligns with find-
ings in other work regarding the language capacity
and learning capabilities of MLLMs.

G Cold-Start Initialization

In this work, we utilize QVQ (Team, 2024) along-
side the ground truth TIMT dataset to construct
the cold-start dataset. During preliminary exper-
iments, we observed that as a reasoning model,
QVQ exhibits limited instruction-following capa-
bilities, rendering it unsuitable for directly applying
the MT? prompt to generate cold-start data. Instead,
we provide QVQ with images and corresponding
ground truth source texts from the TIMT dataset,
and request only the reasoning process and final
translation. We keep most parts of the prompt re-
main consistent with the MT? prompt:

System: You are a helpful translation assis-
tant. The user provides an image containing
{source_language) text and asks for the cor-
responding {target_language)} translation.
First, the assistant carefully analyzes the
recognized text together with the visual ele-
ments in the image, taking into account the
layout, objects, color schemes, spatial re-
lationships, and other contextual clues that
may influence meaning. This integrated un-
derstanding ensures that the translation is
accurate, coherent, and appropriate to the vi-
sual setting. After thorough reasoning based
on both textual content and visual context,
the assistant provides the user with the final
translation in reading order. You should out-
put your final {target_language} translation
as: Final Translation: Your final translation.
You should think step-by-step.

User: {image} Translate this text from
{source_language} to {target_language).
{source_language}: {source_text}

For quality control, we extract the final trans-
lation of each sample using the regular expres-
sion, compute the BLEU score of each translation
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against the ground truth target translation, and se-
lect the top 5K samples with the highest BLEU
scores for both EN-ZH and ZH-EN directions.

Subsequently, we merge the ground truth source
texts with the QVQ-generated reasoning processes
and translations, following the MT? prompt format
to construct the final cold-start dataset. This dataset
is further used for the cold-start SFT initialization
of MT3.

H Case Study: Initialization Strategy
Impact on Reasoning

We provide a qualitative case study in Figure 8 to
illustrate the differences in reasoning patterns that
emerge from RL training with different initializa-
tion strategies: MT3-7B-Zero (Zero-start) versus
MT3-7B-QVQ-Distill (QVQ-Distill). As observed
in the examples, the model initialized with QVQ-
Distill tends to generate significantly longer reason-
ing steps within the <think> tags. These longer
reasoning chains often exhibit self-reflection pat-
terns that appear to be cloned or heavily influenced
by the QVQ teacher model. In contrast, the Zero-
start model, after RL training, often develops a
more straightforward and less redundant reasoning
path. This more concise reasoning appears to be
directly focused on the core elements necessary for
the TIMT task, potentially contributing to its supe-
rior performance and more efficient processing.

I Detailed Analysis of XHSPost Example

As illustrated in Figure 2, MT? correctly trans-
late culturally nuanced terms (like the TV show
"Friends’ to its official Chinese title "2 & 12’ by in-
ferentially linking the visual cue on a phone screen
to its broader context, unlike models that produce
literal translations such as "AA &~ (friendship)) and
accurately interpret ambiguous numerical informa-
tion in advertisements (discerning price/location
from *800’ instead of *800 square meters’) stems
from this integrated approach.

J Multi-Task Ablation Prompts

The prompts used for multi-task ablation are as
follows:

w/o Reasoning

System: You are a helpful translation as-
sistant. The user provides an image con-
taining {source_language)} text and asks for
the corresponding {target_language} trans-
lation. First, the assistant recognizes all
the text in the image following the natural
reading order, separating text from different
positions (boxes) with a line break. Then,
the assistant provides the user with the fi-
nal translation in reading order, separating
text from different positions (boxes) with
a line break. The recognized text and final
translation must be enclosed within <recog-
nize> </recognize> and <translate> </trans-
late> tags, respectively. The format must
be as follows: <recognize>recognized text
here</recognize> <translate>final transla-
tion here</translate>

User: {image} Translate all the text in this
image into {farget_language} following the
natural reading order.

w/o Recognition

System: You are a helpful translation as-
sistant. The user provides an image con-
taining {source_language} text and asks for
the corresponding {target_language} trans-
lation. First, the assistant carefully analyzes
the recognized text and the visual elements
in the image, considering layout, objects,
color schemes, spatial relationships, and
other contextual clues that may influence
meaning. This integrated understanding en-
sures the translation is accurate, coherent,
and appropriate to the visual setting. Af-
ter thorough reasoning based on both tex-
tual content and visual context, the assistant
provides the user with the final translation
in reading order. The reasoning process
and final translation are enclosed within
<think> </think> and <translate> </trans-
late> tags, respectively. The format must
be as follows: <think> reasoning process
here </think><translate> final translation
here </translate>

User: {image} Translate all the text in this
image into {farget_language} following the
natural reading order.
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Only TIMT

System: You are a helpful translation assis-
tant. The user provides an image containing
{source_language) text and asks for the cor-
responding {target_language)} translation.
Then, the assistant provides the user with
the final translation in reading order, sepa-
rating text from different positions (boxes)
with a line break. The final translation must
be enclosed within <translate> </translate>
tags. The format must be as follows: <trans-
late>final translation here</translate>
User: {image} Translate all the text in this
image into {farget_language} following the
natural reading order.

K OOD BLEU Score

Due to the scope limits of the paper, we provide the
BLEU score for these OOD evaluations in Table 8.

L Difficulty Levels for Curriculum
Learning

The curriculum learning experiments (Appendix E)
utilize difficulty categorizations for data instances
from the MIT-10M dataset (Li et al., 2024). During
the construction of the MIT-10M dataset, samples
were classified into three difficulty levels based on
heuristics considering the token length of the in-
image text and the number of detected bounding
boxes for text regions. These categories are defined
as follows:

* Easy: Instances where the number of bound-
ing boxes is less than or equal to 2, and the
token length of the text is less than or equal
to 16. These samples generally contain fewer
textual elements and shorter texts, resulting in
a relatively straightforward translation task.

* Hard: Instances where the number of bound-
ing boxes is greater than 5, or the token length
of the text is greater than 25. These sam-
ples typically feature more textual elements
or longer, more complex texts, placing higher
demands on the model’s attention mechanism
and processing capabilities.

* Medium: All other instances that do not fall
into the Easy or Hard categories. These sam-
ples exhibit a wider spread in terms of the

number of bounding boxes and text token
lengths, representing more realistic and di-
verse image translation scenarios. This cate-
gory is particularly useful for testing the gen-
eralization ability of multimodal translation
models.

M XHSPost Benchmark Construction
Details

Social media platforms like TikTok, Instagram, and
Xiaohongshu (also known as Red Note) have sig-
nificantly deepened intercultural communication
worldwide. However, there is a notable absence
of evaluation benchmarks specifically designed for
TIMT in social media contexts.

The XHSPost benchmark was constructed to
evaluate TIMT in real-world social media con-
texts, specifically using posts from Xiaohongshu, a
globally-oriented platform. The construction pro-
cess involved several key steps:

1. Data Collection: We targeted posts contain-
ing either entirely English or entirely Chinese
text. Initial post candidates were gathered by
querying keywords relevant to common social
media usage patterns, such as "'PLOG’ (Photo
Log), ” ¥ LPlog’ (Chinese Plog), and *Tik-
Tok Refugee’.

2. Content Appropriateness Filtering: Follow-
ing Li et al. (2024), all collected images under-
went an NSFW detection process using an es-
tablished tool (Laborde). Any images flagged
as potentially inappropriate were discarded.

3. Text Recognition and Viability
Check: We utilized GPT-40 (OpenAlI’s
gpt-40-2024-11-20) for detailed text
recognition from the images. Posts where
no precise textual information could be
reliably extracted were excluded from further
processing.

4. Personal Data and Sensitive Content Re-
moval: To mitigate the risk of exposing per-
sonal data, images where the OCR-extracted
text contained sensitive information (e.g.,
email addresses, phone numbers) were re-
moved. Additionally, images containing
NSFW characters in the recognized text were
also excluded to further ensure the dataset’s
appropriateness.
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OOD (LANGUAGE PAIRS) OOD (DATASETS)

MopEL MIT-10M (EN-DE) MIT-10M (ZH-FR) MIT-10M (DE-FR) OCRMT30K (ZH-EN) DOTA (EN-ZH) XHSPosT (EN-ZH) XHSPOST (ZH-EN)
Qwen2.5-VL-72B 20.49 9.79 18.78 15.14 4543 52.97 29.52
InternVL2.5-78B 21.23 522 11.16 11.46 38.28 45.61 28.87
Qwen2.5-VL-7B 22.85 12.09 14.99 8.93 36.90 44.96 24.49
InternVL2.5-8B 16.76 6.68 8.49 7.10 27.25 3574 19.21
MT3-7B-Zero 29.50 15.97 26.92 14.21 40.46 49.41 26.94

Table 8: OOD BLEU score performance. Complement chrF++ and METEOR results in Table 2.

5. Final Dataset Curation: This multi-stage
filtering process yielded a curated set of 106
English posts and 109 Chinese posts.

6. Translation and Post-Editing: For each se-
lected post, the OCR-recognized text was
translated by GPT-40, using the correspond-
ing image as contextual input to aid transla-
tion accuracy and appropriateness. Crucially,
all machine-generated translations underwent
manual post-editing by human reviewers to
ensure high linguistic quality, fluency, and
fidelity to the source text in its visual con-
text. This step was vital for creating reliable
ground-truth translations.

This process resulted in the creation of two parallel
datasets: XHSPost (EN-ZH) and XHSPost (ZH-
EN), designed to support research in social media
TIMT. Illustrative examples can be found in Fig-
ure 2 and 9. With this work, we have taken an initial
step in addressing TIMT for social media scenarios.
We anticipate that this benchmark will encourage
further research in this area, ultimately contribut-
ing to enhanced cross-cultural communication. The
benchmark will be released upon acceptance.
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Figure 9: Comparison of XHSPost with other TIMT datasets.
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