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Abstract

Multi-domain machine translation (MDMT)
poses a unique challenge due to varying levels
of linguistic complexity across domains. In-
spired by human translators’ ability to adapt
reasoning effort based on difficulty, we propose
TwT (Translation with Thought), a resource-
rational framework that learns to modulate in-
ference between intuitive and deliberate reason-
ing. TWT is trained in two stages: (1) supervised
fine-tuning on difficulty-aware long chain-of-
thought traces distilled from DeepSeek-R1 and
rewritten by GPT-4o to reflect human-like rea-
soning economy, and (2) reinforcement learn-
ing with a hybrid reward to optimize translation
quality and reasoning efficiency. Evaluated on
15 benchmarks spanning in-domain and out-
of-domain settings, as well as 3 seen and 59
unseen languages, with ablations across three
backbone models, TwT-7B and TwT-14B outper-
form much larger SOTA reasoning models in
translation quality, while reducing token usage
by 32-60%. These results confirm that aligning
translation behavior with cognitive principles
enables robust generalization, high translation
quality, and efficient reasoning in MDMT.

1 Introduction

Multi-domain machine translation (MDMT) re-
mains a core challenge for language models due
to significant variation in terminology, syntax, and
style across domains. A key difficulty lies in the
uneven distribution of complexity: some inputs
are routine, while others require deeper reason-
ing to resolve ambiguity or domain-specific con-
structs. However, most MT systems translate all
inputs uniformly, lacking mechanisms to adjust
inference effort based on domain-specific complex-
ity (Li et al., 2025; Liu et al., 2025). This contrasts
with human translators, who adapt reasoning effort
to input difficulty (Hvelplund, 2011; Gile and Lei,
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2020). They typically rely on fast, intuitive pro-
cessing (System 1) for familiar content and slower,
deliberate reasoning (System 2) when encounter-
ing Rich Points (Agar, 1994), such as ambiguous
terminology, complex syntax, or cultural dispari-
ties. Because the density of such Rich Points varies
across domains and correlates with translation dif-
ficulty (Lacruz, 2017), current MT systems still
largely lack this adaptive reasoning ability.

From the perspective of reasoning allocation, ex-
isting MT approaches fall into two extremes. On
one end, standard large language model (LLM)-
based translators operate purely in System 1 mode:
trained via supervised fine-tuning (SFT) on large-
scale parallel corpora (Xu et al., 2024a), they
produce fluent outputs without explicit reasoning.
While efficient, these models struggle with Rich
Points and degrade in out-of-domain (OOD) or low-
resource settings. Recent efforts have introduced
Chain-of-Thought (CoT) prompting into transla-
tion (Wang et al., 2025a), but this does not fun-
damentally solve the problem, because the same
reasoning pattern is applied uniformly regardless
of input difficulty. Conversely, the emergence of
large reasoning models (LRMs), such as DeepSeek-
R1 (Guo et al., 2025), represents a shift to the op-
posite extreme—an overcommitment to System 2.
Reinforcement learning (RL) is often used to train
these models to generate Long CoT traces, apply-
ing reasoning uniformly across inputs. This raises a
natural question: Can RL serve as a bridge to align
the model’s reasoning trajectory with the human
translation process?

To investigate this, we conduct two preliminary
experiments (Section 3). The first examines Pure
RL, where RL is applied directly to a base model
without SFT on annotated reasoning traces. We
find that the model rapidly collapses into repeti-
tive, shallow templates, failing to develop domain-
specific reasoning behaviors. The second explores
RL with SFT, which fine-tunes on CoT traces be-
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Figure 1: Case Study of Adaptive Thought. TwT switches between System 1 and System 2 based on complexity.

fore RL. While this setup produces longer reason-
ing, it lacks control over when such reasoning is
needed, leading to verbose traces even for simple
inputs. This indiscriminate reasoning may help re-
veal Rich Points, but often results in overthinking
and excessive token usage, reducing efficiency and
human alignment. Despite this, most reasoning-
based MT methods still adopt either Pure RL (Feng
et al., 2025a) or RL with SFT (Wang et al., 2025c),
differing mainly in reward design. However, few at-
tempt to align reasoning effort explicitly with input
difficulty.

Inspired by human cognitive flexibility, we pro-
pose TwT (Translation with Thought), a resource-
rational framework for MDMT that learns to allo-
cate inference effort based on input difficulty. As
shown in Figure 1, TwT dynamically shifts its rea-
soning behavior according to input difficulty, using
concise reasoning for routine inputs and deeper
reasoning for domain-specific challenges. To im-
plement this, TwT follows the RL with SFT pipeline.
In the cold-start stage, it performs multi-agent
distillation to construct difficulty-adaptive reason-
ing traces across domains: a domain-specialized
teacher (DeepSeek-R1) generates diverse reason-
ing traces, and GPT-40 assesses input difficulty
via Rich Points, rewriting the traces to match the
appropriate reasoning depth. This process equips
our student model with domain-sensitive reason-
ing and human-like inference modulation, sup-
porting resource-rational translation. In the RL
stage, we optimize the adaptive reasoning behavior
seeded during cold-start by rewarding high-quality
translations. Our hybrid reward combines transla-
tion quality metrics (BLEU and COMET) with a

repetition penalty, guiding the model toward effi-
cient, domain-adaptive reasoning through outcome-
driven learning.

We conduct a comprehensive evaluation of TwT
on 15 benchmarks across in-domain and OOD
settings, as well as 3 seen and 59 unseen lan-
guages, and perform ablation studies on three dif-
ferent backbone models to assess generalization
across both domain and linguistic axes. Our re-
sults demonstrate that TwT achieves performance
competitive with or superior to SOTA LRMs (e.g.,
DeepSeek-R1, OpenAl-ol) and surpass strong MT-
specialized baselines, while reducing token usage
by 32-60%. Empirical analysis confirms that TwT
effectively modulates reasoning effort according
to task difficulty, leading to more coherent reason-
ing processes and more accurate translations. This
validates the core intuition behind TwT: aligning
reasoning effort with input difficulty yields both
efficiency and quality gains.

2 Related Work

Recent MT studies increasingly explore explicit
reasoning to improve translation quality, starting
with shallow strategies such as disambiguation, do-
main recognition, and self-reflection (Chen et al.,
2024; Feng et al., 2025b; Wang et al., 2024b; Hu
et al., 2024). To support deeper reasoning, recent
studies collect Long CoT traces via MCTS (Zhao
et al., 2024) or multi-agent workflows (Wang et al.,
2025a), then apply SFT. These traces emulate hu-
man translation workflows, improving both per-
formance and interpretability (Chen et al., 2025;
Liu et al., 2025). More recently, RL has emerged
as a reasoning enhancer (Guo et al., 2025). Sev-
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eral approaches optimize translation reasoning with
verifiable rewards: R1-T1 uses COMET-based sig-
nals (He et al., 2025), MT-R1-Zero combines rule-
based and neural metrics (Feng et al., 2025a), Deep-
Trans employs external LLMs (Wang et al., 2025b),
and ExTrans adds exemplar-based guidance (Wang
et al., 2025c). However, these methods overlook
cognitive alignment; we model human-like reason-
ing to improve MDMT efficiency and quality.

3 Preliminary Analysis

3.1 Reasoning Collapse

Rate
42.66%

Reasoning Template

I will translate this Chinese sentence into En-
glish by identifying the key phrases and their
meanings, and then constructing a coherent
English sentence.

I will translate this Chinese sentence into 24.56%
English by identifying the key phrases and

their corresponding meanings.

I will translate this Chinese sentence into 5.53%

English.

Table 1: Top-3 reasoning template frequency.

We first investigate the R1-Zero paradigm (Pure
RL); detailed training settings are given in Ap-
pendix E.1. This setup is motivated by recent find-
ings that RL alone can induce spontaneous reason-
ing capabilities in math and code tasks (Guo et al.,
2025). To test whether this emergence transfers to
MDMT, we train models using GRPO with hybrid
rewards. To rule out the possibility that KL regu-
larization suppresses exploration (Yeo et al., 2025),
we monitor token length dynamics both with and
without the KL term. However, unlike the “Aha mo-
ments” observed in STEM tasks, our experiments
reveal rapid mode collapse.

As shown in Figures 2(a) and 2(b), reason-
ing traces quickly collapse into shallow patterns
(<100 tokens) regardless of the KL setting. Con-
cretely, the model shifts toward high-frequency
template recitation, suppressing diverse reasoning.
As shown in Table 1, the top three templates ac-
count for about 73% of all generated traces in the
Zh—En direction. This degeneration reveals a key
misalignment: MDMT requires domain-aware rea-
soning, yet without proper initialization, the model
produces reasoning that is too brief and overly tem-
plated to be elicited reliably. To address this, our
cold-start phase explicitly initializes adaptive rea-
soning behavior before RL.

Model Easy Hard
Quality Token Time Quality Token Time
In-Domain
SFT-Parallel  64.85 13 12 6172 40 15

General-CoT
Domain-CoT

6154 311 72 5653 551 80
67.36 558 136 62.65 883 149

Out-of-Domain

SFT-Parallel  67.52 13 7 59.11 36 8
General-CoT 66.59 354 96 60.55 517 97
Domain-CoT 69.81 634 125 6252 840 138

Table 2: Performance by difficulty for SFT-Parallel,
General-CoT, and Domain-CoT. Quality is computed
as the average of BLEU, COMET, and COMETKIWI.
Time denotes latency in milliseconds.

3.2 Reasoning Challenges

To evaluate the trade-off between reasoning
depth and computational cost, we compare three
Qwen2.5-7B-Instruct variants: SFT-Parallel (Sys-
tem 1), General-CoT (System 2), and Domain-CoT,
which extends General-CoT with a domain-aware
prompt. Details are given in Appendix E.2.

Lack of Domain Awareness. As shown in Ta-
ble 2, General-CoT performs poorly on in-domain
data because its reasoning lacks explicit domain
grounding, often defaulting to generic translations
rather than domain-specific terminology and fixed
expressions. By contrast, SFT-Parallel performs
well in these cases by matching the distributional
patterns of its training data. This same contrast
also explains why General-CoT can be more com-
petitive on OOD data, particularly on harder sam-
ples: when the input does not closely match the do-
main patterns seen in training, intermediate reason-
ing helps the model better handle syntax, ambigu-
ity, and contextual inference than standard parallel
SFT. Importantly, adding explicit domain reason-
ing largely restores in-domain quality, improving
over General-CoT from 61.54 to 67.36 on Easy
samples and from 56.53 to 62.65 on Hard samples.
This confirms that lack of domain awareness is a
major source of in-domain degradation.

Reasoning Redundancy. However, domain
awareness alone is not sufficient. General-CoT
applies essentially the same reasoning strategy re-
gardless of input difficulty, resulting in substantial
redundancy. On Easy samples, this redundancy is
clearly detrimental: despite using 23.9x more to-
kens in-domain (311 vs. 13) and 27.2x more on
OOD data (354 vs. 13), it still underperforms SFT-
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Figure 2: Training dynamics under pure RL using different quality rewards. While translation quality improves
under all settings, pure RL training fails to induce extended translation reasoning traces.

Parallel by 3.31 and 0.93 quality points, respec-
tively. Domain-CoT does not solve this problem.
Although it restores in-domain quality, it further
increases token usage to 42.9x on in-domain Easy
samples (558 vs. 13) and 48.8x on OOD Easy
samples (634 vs. 13). Similar patterns also hold
on Hard samples. These results show that prompt-
level domain awareness alone cannot resolve over-
thinking, motivating TwT, which adaptively shifts
between System 1 and System 2 to jointly address
domain sensitivity and reasoning efficiency.

4 Method

We propose TwT, a resource-rational approach that
dynamically allocates reasoning effort by input dif-
ficulty, mimicking human translation process. As
shown in Figure 3, training proceeds in two stages.

4.1 Cold Start

To align the model’s reasoning behavior with
the human translation process, we construct a
Difficulty-Adaptive CoT Dataset that equips the
backbone LLLM with adaptive reasoning capabili-
ties. The dataset is curated through a multi-agent
distillation-adaptation pipeline. We first prompt
DeepSeek-R1 with domain-aware instructions to
generate high-quality CoT traces tailored to differ-
ent domains. These serve as the initial reasoning
demonstrations. We then employ GPT-40, which
is verified to align best with human judgment (Ap-

pendix F.7), to assess input difficulty based on the
theory of Rich Points. Specifically, difficulty is
defined along four linguistic dimensions: sentence
complexity, vocabulary rarity, grammatical diver-
gence, and contextual nuance. The corresponding
evaluation prompt is shown in Figures 10 and 11.

Conditioned on this assessment, GPT-40 rewrites
raw traces into adaptive formats: Easy inputs are
reformulated into concise System 1 checks to mini-
mize token usage, whereas Hard inputs retain com-
prehensive System 2 deliberations for structural
and terminological verification. We then perform
SFT on the backbone LLM using this compact
dataset (~7k examples). We define reasoning depth
as the length of the generated reasoning trace (i.e.,
number of tokens). This process establishes an ini-
tial policy distribution over difficulty-aware reason-
ing strategies, enabling the model to autonomously
modulate its reasoning depth. Representative exam-
ples are shown in Figures 13 and 14. The resulting
data efficiency makes our approach particularly
suitable for low-resource settings, demonstrating
that robust adaptive reasoning can be achieved with
a modest CoT-SFT seed dataset.

4.2 RL Training

To scale this adaptive reasoning behavior, we adopt
the GRPO algorithm with hybrid quality rewards,
which serve as outcome-driven constraints that en-
courage the model to identify Rich Points and al-
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Figure 3: Overview of TwT training pipeline. TwT is first fine-tuned on difficulty-adaptive Long CoT traces distilled
from DeepSeek-R1 and rewritten by GPT-4o for cognitive alignment. RL is then applied with a hybrid reward.

locate deep reasoning selectively—only where it
leads to measurable quality improvements. By mit-
igating indiscriminate overthinking (Section 3.2),
we improve reasoning efficiency and align the
model with the resource-rational principle intro-
duced in Section 1. The final reward r is crafted
from three components to ensure alignment:

T=TF+Tg— X Trep

Format Reward (ry). We employ a binary for-
mat reward (ry € {1, —1}) to strictly enforce the
reasoning-translation structure defined in Figure 5.

Hybrid Quality Reward (r,). To prevent the
model from producing plausible but functionally
ineffective reasoning, we introduce a verifiable hy-
brid feedback signal. Building upon our prelimi-
nary analysis in Section 3.1, we identified a critical
reward hacking phenomenon. As illustrated by the
red curve in Figure 2(a), optimizing solely for a
semantic metric (CometKiwi/COMET) leads to a
significant metric divergence: despite high seman-
tic reward scores, the lexical accuracy (BLEU) de-
grades rapidly during training. This confirms that
the model hacks the reward by generating vague
paraphrases or copying source tokens to maximize
semantic similarity, effectively abandoning trans-
lation fidelity. To remedy this and strictly enforce
alignment, we adopt a hybrid quality reward that
combines BLEU (B) with COMET (C):

. {B(Sf,y)+C(x,5',y) if rp=1
.=

-2 if ry=—1

This design effectively stabilizes the optimiza-
tion process. As evidenced by the training dynam-
ics of our TwT models (Figure 8(a)), both the 7B
and 14B models (Figures 8(b) and 8(c)) exhibit
synchronous improvements in lexical and seman-
tic metrics without divergence, validating that the
hybrid signal successfully grounds the reasoning
process in accurate translation outcomes.

N-gram Repetition Penalty (rr,). We penal-
ize redundant reasoning to discourage degenerate
loops and promote efficient token usage. For a
given reasoning trace c, let G(c) denote the list of
contiguous n-grams. In our experiments, we set
n = 20. We compute the ratio of repeated n-grams
to discourage repetitive, loop-like patterns:

_ set(G(c))]

Gl <O

Trep = 1

S Experiments

5.1 Experimental Settings

Dataset. We use two datasets for training: (1) a
curated set of 7K difficulty-adaptive Long CoT ex-
amples spanning 10 domains and three translation
directions (De—En, En—Zh, Zh—En) for cold-
start SFT, and (2) a separate 20K-sample dataset
for RL, constructed from multi-domain parallel
corpora. For evaluation, we adopt both in-domain
test sets and diverse OOD benchmarks, and addi-
tionally include multilingual test sets covering both
seen and unseen language pairs. Full dataset details
are provided in Appendix B.
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Method Laws News Science Subtitles Literary 1T Koran Medical Average
Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens
Large Language Models
DeepSeck-V3 71.72 69.41 69.09 62.93 56.83 66.97 57.73 69.16 66.23
Gemini-2.0-Flash 76.57 69.30 68.80 62.96 57.41 66.54 58.13 70.21 66.24
GPT-40 73.77 68.61 68.09 62.92 57.47 66.37 57.78 69.34 65.54
Large Reasoning Models
DeepSeek-R1 71.72 577 68.47 498 68.46 478 61.81 514 53.95 574 66.28 593 57.48 790 69.01 667 65.40 586
Gemini-2.0-Flash-Thinking 76.21 702 68.24 1149 68.17 1092 61.98 708 57.23 781 66.20 345 58.13 677 69.73 415 65.74 734
OpenAl-03-mini 71.61 428 68.18 443 68.01 385 62.42 355 56.97 546 65.99 343 56.42 511 68.40 346 64.75 420
OpenAl-ol 73.85 478 68.67 408 68.60 367 62.62 340 57.28 521 66.45 403 57.94 506 69.20 441 65.58 433
GPT-5 76.28 784 69.07 740 68.58 606 62.74 519 56.27 859 66.57 492 58.71 751 70.14 531 66.05 660
QwQ-32B 71.84 667 67.88 584 67.86 563 61.80 584 55.09 863 61.44 583 55.81 963 66.68 735 63.55 693
MT-Specialized Models
SFT-Parallel-7B 76.58 66.08 66.38 62.87 - 55.96 68.02 58.05 70.21 65.52
ALMA-7B-R 67.88 63.37 62.77 59.38 54.52 64.20 55.04 67.46 61.83
ALMA-13B-R 70.11 64.65 64.23 60.22 55.30 64.54 55.71 68.40 62.89
TowerInstruct-7B-v0.2 7391 65.93 65.45 61.07 55.32 66.78 50.05 7073 63.66
Towerlnstruct-13B-v0.1 74.65 - 66.90 - 66.20 - 61.89 - 56.09 - 67.18 - 49.93 - 71.49 - 64.29 -
CoT-FT-7B 76.72 51 66.24 42 66.07 39 62.76 29 55.57 52 67.82 35 57.57 45 70.38 46 65.39 42
MT-R1-Zero-7B 68.93 72 67.41 64 66.98 61 61.97 55 55.80 69 65.60 56 55.52 71 64.43 71 63.33 65
SSR-X-Zero-7B 69.59 56 66.00 52 66.77 49 61.89 39 55.54 54 61.22 36 55.53 46 63.99 50 62.56 48
mExTrans-7B 70.11 597 65.49 553 66.13 546 59.52 476 54.40 610 60.50 452 55.41 604 63.00 565 61.82 551
Our Models
TwT-Qwen2.5-7B-Instruct 75.35 310 68.42 311 68.24 294 63.03 247 57.86 281 68.07 222 5892 269 70.29 262 66.27 274
TwT-Qwen2.5-14B-Instruct  76.58 320 68.62 285 68.32 272 6297 241 58.14 354 68.37 234 59.35 336 70.59 287 66.62 291

Table 3: In-domain translation performance across eight domains, averaged over En—Zh, Zh—En, and De—En.
The Bold and underlined values denote the highest and second highest scores, respectively.

Method Conversation Ecommerce Social Culture CommonSense Average
Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens
Large Language Models
DeepSeek-V3 68.42 66.34 66.10 - 69.65 65.96 67.29
Gemini-2.0-Flash 68.77 66.26 66.10 69.02 65.23 67.08
GPT-40 68.75 66.50 66.10 - 69.01 65.89 67.25
Large Reasoning Models
DeepSeek-R1 67.06 534 64.45 552 64.11 554 68.16 560 64.34 602 65.62 561
Gemini-2.0-Flash-Thinking 68.36 1204 65.83 822 65.50 1081 68.42 1220 65.44 2335 66.71 1332
OpenAl-03-mini 68.04 290 65.87 363 65.58 372 67.55 596 64.45 436 66.30 411
OpenAl-ol 68.47 327 65.80 399 65.38 405 67.96 542 64.78 392 66.48 413
GPT-5 68.40 448 65.49 609 65.14 652 68.33 984 64.09 530 66.29 645
MT-Specialized Model:
SFT-Parallel-7B 65.64 63.33 62.54 - 65.34 61.03 - 63.58 -
ALMA-7B-R 64.71 62.54 62.68 66.63 62.02 - 63.71 -
ALMA-13B-R 66.03 - 63.37 - 63.51 - 60.94 - 62.91 - 63.35 -
CoT-FT-7B 65.43 31 63.26 45 62.06 42 64.66 54 61.08 33 63.30 41
MT-R1-Zero-7B 66.59 53 64.16 66 63.69 65 66.23 79 62.32 51 64.60 63
SSR-X-Zero-7B 65.70 37 63.46 50 63.31 49 64.35 66 62.18 34 63.80 47
mExTrans-7B 63.47 464 61.74 566 61.20 555 65.11 631 59.92 470 62.29 537
Our Models
TwT-Qwen2.5-7B-Instruct 67.72 231 65.71 273 65.48 269 67.82 352 64.48 219 66.25 269
TwT-Qwen2.5-14B-Instruct 67.77 240 65.79 309 65.47 298 68.55 333 64.72 259 66.46 288

Table 4: OOD translation performance across five domains, averaged over En—Z7h, Zh—En, and De—En.

Implementation Details. For cold start, we
use LLaMA-Factory! (Zheng et al., 2024) with
Qwen2.5-7B-Instruct, Qwen2.5-14B-Instruct, and
Gemma-2-9B-IT as backbones. We train them
on the 7K difficulty-adaptive Long CoT examples
for 1 epoch with full-parameter optimization on 8
NVIDIA A100 80GB GPUs, using AdamW with
a learning rate of le—>b, a total batch size of 32,
a cosine learning rate scheduler, a warm-up ra-
tio of 0.1, a maximum input sequence length of
4096, and DeepSpeed ZeRO Stage 3. The cold-
start stage completes within 10 minutes. For RL,
we use verl? (Sheng et al., 2025) and train for
1 epoch on 8 NVIDIA A100 80GB GPUs with a
total batch size of 16, rollout number 16, rollout
temperature 1.0, learning rate 1e—6, KL loss coef-
ficient 8 = le—3, maximum response length 2048,
and repetition penalty with n = 20. RL training

"https://github.com/hiyouga/LLaMA-Factory
Zhttps://github.com/volcengine/verl

takes about 10 hours. During inference, we use
vLLM®> (Kwon et al., 2023) for efficient decoding
with temperature 0.0 and repetition penalty 1.05.

Metrics. We report Quality, defined as the av-
erage of BLEU, COMET (Rei et al., 2020), and
CometKiwi (Rei et al., 2022), and Tokens, the av-
erage length of the generated CoT. The full metric
breakdowns are provided in Appendix L.

Baselines. We compare our method against
three categories of models: (1) general-purpose
LLMs such as DeepSeek-V3 (DeepSeek-Al et al.,
2024), Gemini-2.0-Flash (DeepMind, 2024), GPT-
40 (OpenAl et al., 2024), and open-source mod-
els like LLaMA3.1-8B-Instruct (Grattafiori et al.,
2024), Gemma-2-9B-IT (Gemma Team et al.,
2024), and Qwen2.5 series (7B, 14B, 32B) (Yang
et al., 2024). (2) reasoning-oriented LRMs,
such as DeepSeek-R1 (Guo et al., 2025), Gemini-

*https://github.com/vllm-project/v1llm
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Method En—Zh Zh—En De—En En—X X—En Average
Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens Quality Tokens

Large Language Models

Qwen?2.5-7B-Instruct 67.87 - 50.91 - 62.90 - 37.61 56.99 - 55.25

Gemma-2-9B-IT 66.50 - 52.64 - 60.64 - 54.28 66.38 - 60.09
MT-Specialized Models

ALMA-7B-R 64.08 - 54.52 - 62.89 - 44.68 - 44.71 54.18

Tower-Plus-9B 69.85 - 57.41 - 67.04 - 46.46 63.02 60.76

SFT-Parallel-7B 69.44 - 55.96 - 66.15 - 32.44 - 55.70 - 55.94 -

MT-R1-Zero-7B 67.52 62 55.80 69 62.56 66 40.98 358 58.33 74 57.04 126

SSR-X-Zero-7B 68.55 50 56.52 54 62.86 45 40.43 306 58.19 48 57.31 101

mExTrans-7B 66.70 537 54.40 610 60.74 544 42.72 1047 55.99 731 56.11 694

Our Models
TwT-Qwen2.5-7B-Instruct  69.99 298 57.86 281 66.45 256 41.13 483 58.84 328 58.85 329
TwT-Gemma-2-9B-IT 69.07 227 58.12 249 66.95 218 54.65 280 67.04 257 63.17 246

Table 5: Results on seen and unseen language directions. En, Zh, and De are seen languages, while X denotes
unseen languages; En—X and X—En report averages over English<+unseen-language directions.

In-Domain Out-of-Domain

Method
Quality Tokens Quality Tokens
TwT-Qwen2.5-7B-Instruct 64.77 278 66.28 263
w/o RP 64.52 301 66.12 271
w/o RP + w/o Adaptive CoT 64.68 748 66.17 720
w/o RP + w/o Cold Start 64.18 62 65.29 59
SFT only w/ Adaptive CoT 62.47 253 64.09 219
SFT only w/ domain-aware CoT ~ 61.65 479 63.47 452
SFT only w/ general CoT 61.39 531 63.11 519
Backbone Models
Qwen2.5-7B-Instruct 61.99 64.71 -
Llama-3.1-8B-Instruct 59.84 63.33 -
Gemma-2-9B-IT 59.93 63.68 -
Our Models

TwT-Qwen2.5-7B-Instruct 64.77 278 66.28 263
TwT-Llama-3.1-8B-Instruct 63.20 305 64.44 298
TwT-Gemma-2-9B-IT 64.71 231 66.05 220

Table 6: Ablation study on in-domain and OOD transla-
tion test sets. Results are averaged at the dataset level
for each setting. RP = repetition penalty.

2.0-Flash-Thinking (DeepMind, 2025), OpenAl
ol (Jaech et al., 2024), 03-mini (OpenAl, 2025b),
GPT-5 (OpenAl, 2025a), and QwQ-32B (Qwen-
Team, 2025); (3) MT-specialized models, including
non-reasoning LLMs such as TowerInstruct (Alves
et al., 2024), ALMA-R (Xu et al., 2024a,b), SFT-
Parallel (Qwen2.5-7B-Instruct fine-tuned on 27K
parallel pairs), CoT-FT (Hu et al., 2024), and
Tower-Plus-9B (Rei et al., 2025); with reasoning-
oriented models including MT-R1-Zero (Feng et al.,
2025a), mExTrans (Wang et al., 2025c), and SSR-
X-Zero (Yang et al., 2025). For fairer comparison,
Appendix C details the training data size of M'T-
specialized baselines.

5.2 Cross-Domain Generalization

In-Domain. As shown in Table 3, TwT-14B
achieves a SOTA average quality score of 66.62,
outperforming both strong open-source LRMs such

as DeepSeek-R1 (65.40) and closed-source mod-
els including GPT-5 (66.05). Notably, our smaller
variant, TWT-7B, also surpasses dedicated MT sys-
tems, demonstrating that our method scales effec-
tively with model size. Compared to mExTrans-
7B, which is also trained under the R1 paradigm,
TwT-7B yields a substantial improvement of +4.45
points while reducing reasoning overhead by
50.27%, highlighting the superior efficiency of
our difficulty-adaptive mechanism. The benefits of
adaptive reasoning are especially evident in struc-
turally complex and culturally nuanced domains.
In the Literary domain, TwT-14B consistently out-
performs three representative paradigms: it exceeds
the System 1 baseline SFT-Parallel by +2.18 points,
the heavy-reasoning System 2 model DeepSeek-R1
by +4.19 points, and the pure RL-based MT-R1-
Zero-7B by +2.34 points. These results suggest
that, for multi-domain translation, neither shallow
System 1 execution, indiscriminate System 2 over-
thinking, nor unguided pure RL exploration alone
yields optimal performance. In contrast, our model
autonomously modulates reasoning depth to strike
a more effective balance between literal accuracy
and stylistic adequacy.

OOD. TwT-7B achieves a strong average score
of 66.25 on five OOD test sets, surpassing MT-
specialized baselines such as SFT-Parallel-7B
(63.58), which exhibit poor generalization un-
der domain shift. Moreover, TwT-7B exhibits a
favorable quality-efficiency trade-off, surpassing
DeepSeek-R1 while reducing reasoning overhead
by 292 tokens. Even in unfamiliar domains, it
avoids excessive deliberation by leveraging com-
pact, internalized translation procedures. These
results indicate that TWT captures domain-agnostic
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translation logic rather than relying on domain-
specific memorization, approaching the SOTA per-
formance of GPT-40 at a fraction of the computa-
tional cost and model size.

5.3 Multilingual Generalization

On seen directions, TWT-7B improves Zh—En
performance by 46.95 over its base model and
+1.90 over SFT-Parallel-7B, under the same
training data. On unseen directions (En—X)*,
TwT-Gemma-2-9B-IT, trained on only 27K exam-
ples, outperforms the multilingual Tower-Plus-9B,
built on the same backbone but trained on 286K
examples, by a substantial margin of 4+-8.19. Over-
all, TwT achieves the highest average score across
all directions, indicating that its reasoning mecha-
nism generalizes beyond language boundaries and
captures transferable alignment strategies.

5.4 Ablation Study

We conduct a comprehensive ablation study to as-
sess the contribution of each component in the TwT
framework and validate its generalizability across
backbone architectures (Table 6). Removing the
repetition penalty (w/o RP) leads to a slight qual-
ity drop and longer outputs, indicating its role as
a regularizer rather than a performance driver. In
contrast, removing both the repetition penalty and
the difficulty-adaptive rewriting (w/o RP + w/o
Adaptive CoT) results in comparable quality but
significantly increases reasoning length (from 278
to 748 tokens), highlighting the critical role of adap-
tive rewriting in controlling verbosity and ensuring
inference efficiency. We further examine the neces-
sity of the two-stage training pipeline. Eliminating
the cold-start SFT phase (w/o RP + w/o Cold Start)
causes performance degradation and length col-
lapse (to 62 tokens), suggesting that RL alone fails
to induce structured reasoning behavior. To isolate
the impact of SFT data quality, we compare three
variants: difficulty-adaptive CoT yields the best re-
sult (62.47), followed by domain-aware (61.65) and
general CoT (61.39), showing a clear performance
hierarchy. Still, only the full TwT pipeline achieves
the highest score (64.77), confirming that RL is
indispensable for turning the adaptive reasoning
patterns from mere imitation into an internalized
and optimized translation strategy. Lastly, we ap-
ply TwT to three backbone models: Qwen2.5-7B,

*En—X and X—En are averaged over 59 unseen lan-
guages from FLORES+; see Appendix B.6 for the full list.

Llama-3.1-8B, and Gemma-2-9B, and observe con-
sistent improvements. For instance, TWT improves
Gemma-2-9B-IT from 59.93 to 64.71 in-domain
and from 63.68 to 66.05 OOD, demonstrating that
TwT is a model-agnostic framework that robustly
enhances translation reasoning regardless of the
underlying architecture.

6 Empirical Analysis

6.1 Human Reasoning Alignment

To benchmark TwT’s reasoning against human cog-
nition, we conduct a qualitative analysis on 10
Zh—En examples, with expert commentary from a
translation studies faculty member. A representa-
tive case is shown in Appendix G.2.

Cognitive Convergence. The analysis revealed
that TwT’s reasoning exhibits strong parallels with
human translators in early-stage decision-making.
Specifically, TwT effectively (1) identifies transla-
tion domain and stylistic register, (2) handles com-
plex sentence structures with appropriate syntac-
tic parsing, and (3) demonstrates context-aware
terminology adaptation. For example, it consis-
tently distinguishes between literary and techni-
cal expressions and adjusts lexical choices accord-
ingly. Its structured CoT mirrors key aspects of
professional reasoning—such as coherence main-
tenance, discourse flow control, and sensitivity to
stylistic norms—indicating that TwT has internal-
ized domain-aware reasoning behavior resembling
human translation logic.

Pragmatic Divergence. Despite these strengths,
TwT still shows gaps compared with expert transla-
tors. It occasionally struggles with cross-sentence
consistency in terminology, especially when han-
dling long-form repetitions or abbreviated refer-
ences. Moreover, its output lacks fine-grained con-
trol over tone, idiomaticity, and cultural adapta-
tion, which human translators adjust based on prag-
matic context and target audience. These issues
suggest that TwT’s reasoning remains less flexible
in discourse-level adaptation, reflecting the absence
of high-level pragmatic awareness. Future work
seeks to bridge these gaps by integrating process-
oriented feedback, thereby fostering deeper prag-
matic alignment with human cognitive processes.

6.2 Reasoning Redundancy Reduction

To assess whether TwT eliminates unnecessary com-
putation, we employ DeepSeek-V3.2 to detect six
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Redundancy Type Resolved (%) Not Resolved (%)
Over-segmentation 87.3 12.7
Unnecessary linguistic explanation 93.2 6.8
Semantic repetition 96.9 3.1
Irrelevant information 93.7 6.3
Redundant alternative translations 96.5 3.5
Low-density long descriptions 97.2 2.8

Table 7: Resolution rates of six redundancies by TwT.

Easy Medium Hard All
Quality Tokens Quality Tokens Quality Tokens Quality Tokens
DeepSeck-R1 6630 480 6382 556 6215 579 6409 538
Gemini-2.0-Flash-Thinking ~ 66.62 432 64.34 754 6293 1035  64.63 740
OpenAl-03-mini 6657 280 6344 430 6144 596 6382 435
OpenAl-ol 67.14 302 6426 432 6249 578 6463 437
QwQ-32B 6291 577 6192 758 6052 844 6178 726
General-CoT 61.54 311 6027 433 5653 551 5945 432
TwT-Quen2.5-7B-Instruct ~ 67.93 216 6485 272 6278 332 6519 273
TwT-Quen2.5-14B-Instruct 67.98 207 6523 300 6326 378 6549 295

Method

Table 8: In-domain performance by difficulty level.

distinct forms of reasoning redundancy across 15
domains, utilizing the prompt provided in Fig-
ure 12. As shown in Table 7, TwT demonstrates
exceptional efficiency, successfully resolving over
94% of the redundant steps observed in the SFT-
with-RL baseline described in Section 3.2. Notably,
it achieves a 97.2% resolution rate for Low-Density
Long Descriptions, verifying its ability to compress
verbose reasoning into high-density insights, while
maintaining 87.3% resolution for structural issues
like Over-Segmentation. These results confirm that
the model has internalized resource-rational adap-
tive reasoning behavior, effectively activating Sys-
tem 2 reasoning for Rich Points while avoiding un-
necessary elaboration on straightforward segments.

6.3 Translation Difficulty Adaptation

To better understand how models adapt their rea-
soning behavior to translation difficulty, we group
the in-domain test set into three difficulty levels
(Easy, Medium, Hard) estimated by DeepSeek-V3
(prompt in Figure 11). Table 8 reports the average
quality and the response length for each group, av-
eraged across all domains. Results indicate that
TwT effectively addresses the reasoning redundancy
of General-CoT through resource-rational alloca-
tion. On Easy inputs, it reduces token usage by 33%
while improving quality by +-6.4 points; conversely,
on Hard inputs, it focuses on performance, achiev-
ing a substantial 4+-6.7 points quality gain. More-
over, TwT models consistently outperform all SOTA
LRMs across all difficulty levels in terms of quality,
while maintaining significantly shorter reasoning
traces—reducing average token usage by 32% com-
pared to OpenAl-03-mini and by 60% compared to
Gemini-2.0-Flash-Thinking. This highlights TwT’s
ability to generate concise, difficulty-aware reason-

Semantic Space Exploration (PCA)

Figure 4: CoT trace similarity comparison. Pure RL vs
TwT in space (Left) and distribution (Right).

ing while reducing overthinking.

6.4 Reasoning Collapse Mitigation

In Section 3.1, we identified a critical failure
mode of pure RL, where reasoning rapidly degen-
erates into shallow, repetitive templates. To verify
whether TwT successfully mitigates this reasoning
collapse, we conduct a semantic diversity analy-
sis across 15 domains. We compute pairwise co-
sine similarities of generated reasoning traces using
multilingual Sentence-BERT?. Pure RL exhibits se-
vere redundancy with a mean similarity of 0.89,
whereas TwT significantly reduces this metric to
0.51. This divergence is visually corroborated by
Figure 4, where the PCA projection (Left) shows
pure RL confined to tight, isolated clusters com-
pared to the broad semantic manifold of TwT, and
the similarity histogram (Right) confirms that TwT
diffuses the sharp redundancy peak of the baseline
into a balanced distribution. These results show
that TwT overcomes template dependency and en-
courages genuine reasoning.

6.5 Further Analysis

Appendix F provides additional analyses of TwT,
including MQM error types, KL ablation, train-
ing dynamics, domain-aware prompting, inference
cost, language consistency, and failure cases.

7 Conclusion

In this work, we present TwT, a resource-rational
translation model that adapts reasoning effort to in-
put difficulty. TwT combines difficulty-aware SFT
and hybrid-reward RL to balance System 1 and Sys-
tem 2 behavior. Evaluated across diverse domains
and languages, TwT matches or surpasses SOTA
LRMs while reducing token usage by 32-60%, vali-
dating the effectiveness of aligning translation with
human reasoning economy.

Ssentence-transformers/paraphrase-multilingual-
MiniLM-L12-v2
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Limitations

While TwT achieves robust performance across mul-
tiple domains, several limitations remain. First, the
RL training data is randomly sampled without con-
trolling for difficulty distribution, which may result
in an imbalanced mix of easy, medium, and hard
inputs. Second, the reasoning traces distilled from
proprietary LLMs (e.g., DeepSeek-R1) may carry
over implicit biases or domain preferences inher-
ent in those models. Although our current setup
yields consistent improvements, such biases could
influence the reasoning behavior or stylistic tenden-
cies of TwT. Finally, our current reward design does
not incorporate difficulty-aware reward shaping. In
particular, no length-based reward is applied to en-
courage concise reasoning on simple inputs and
more detailed analysis for complex ones. Incorpo-
rating such adaptive rewards may further enhance
the model’s ability to adjust reasoning depth based
on input complexity in MDMT. We leave this di-
rection for future work.
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A  GRPO Algorithm

GRPO (Shao et al., 2024) extends PPO (Schulman
etal., 2017) by removing the dependency on a value
model and instead leveraging group-wise relative
rewards estimation among sampled responses for
more stable and efficient policy updates. Given a
query X, the model samples a group of G responses
{yi}?zl, each scored with reward r;. The normal-
ized advantage for each sample is computed as:

T mean({r}%.,)

std({r}§L,)

Then GRPO optimizes the policy model 7y by max-
imizing the following objective:
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where 7, and 7y are the old and current policies,
€ is the PPO clipping threshold, and 5 controls the
weight of the KL regularization.

B Datasets
B.1 Details of Cold Start Data

For cold-start SFT, we collect a curated dataset of
about 7K difficulty-adaptive Long CoT examples
spanning 10 domains and three major translation
directions: De—En, En—Zh, and Zh—En. The
data is constructed via domain-aware generation
with DeepSeek-R1 followed by difficulty-adaptive
rewriting with GPT-4o (see Section 4.1). Detailed
dataset statistics are presented in Figure 6.

B.2 Details of RL Training Data

We collect a diverse MDMT dataset for RL training
across languages and domains. Specifically, we
sample from the following sources:

A conversation between User and Assistant.
The user asks a translation question, and
the Assistant solves it. The Assistant first
thinks about the translation reasoning pro-
cess in the mind, and then provides the final
translation. The translation reasoning pro-
cess and the final translation are enclosed
within <think> </think> and <answer> </an-
swer> tags, respectively, i.e., <think> trans-
lation reasoning process here </think> <an-
swer> final translation here </answer>.\n\n
User: {Translation question}.\n Assistant:
<think>

Figure 5: Template for pure RL in MT task.

e The German-English multi-domain
dataset (Aharoni and Goldberg, 2020),
including five distinct domains: IT, Law,
Medical, Koran, and Subtitles.

* The English-Chinese UM-Corpus (Tian et al.,
2014), covering four domains: News, Laws,
Subtitles, and Science.

* The Chinese-English GuoFeng-Webnovel
dataset (Wang et al., 2023, 2024a) from
WMT23 and WMT24 literary translation
tasks, representing the Literary domain.

For each domain, we randomly select 2K sentence
pairs with a minimum source sentence length of 20
words (characters for Chinese) to ensure meaning-
ful reasoning potential. This results in a total of
20K training samples used for RL training.

B.3 In-Domain Test Data

For in-domain evaluation, we use the official test
sets associated with the corpora in Appendix B.2.
For the Literary domain, we merge the valid_1,
valid_2, test_1, and test_2 subsets to form a
comprehensive test set. The data statistics is illus-
trated in Table 9.

B.4 Out-of-Domain Test Data

For out-of-domain evaluation, we consider a di-
verse set of test sets spanning multiple language
pairs and domains. Specifically, the Conversa-
tion, Ecommerce, and Social domains are drawn
from the WMT22 shared tasks (Kocmi et al.,
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Figure 6: Distribution of our curated difficulty-adaptive Long CoT data.

Domain Num Domain Num
En—Zh Laws 456 De—EnlIT 2000
En—Zh Subtitles 597 De—En Koran 2000
En—Zh Science 503 De—En Medical 2000
En—Zh News 1500 De—En Law 2000
Zh—En Literary 3038 De—En Subtitles 2000

Table 9: In-domain test sets and the number of samples
for En<+Zh and De—En translation tasks.

Domain Num Domain Num
En—Zh Conversation 484  En—Zh Social 511
En—Zh Ecommerce 530 En—Zh Culture 778
Zh—En CommonSense 1200 Zh—En Conversation 349
Zh—En Social 491  Zh—En Ecommerce 518
De—En Conversation 462  De—En Social 515

De—En Ecommerce 501

Table 10: Out-of-domain test sets and sample counts for
En<+Zh and De—En translation tasks.

2022). The Culture domain is sourced from the
CAMT dataset (Yao et al., 2024), and the Com-
monSense domain comes from the CommonMT
benchmark (He et al., 2020). The data statistics is
illustrated in Table 10.

B.5 Domain Diversity Design

To ensure comprehensive evaluation and robust
generalization of TwT across diverse translation
scenarios, we designed the dataset to reflect a
broad range of linguistic and contextual com-
plexity, including: high-resource domains (e.g.,
News); low-resource scenarios (e.g., Koranic texts);
terminology-heavy fields (e.g., IT, Law, Medicine,
Science, E-commerce); context-sensitive domains

(e.g., Culture, CommonSense); stylistically de-
manding content (e.g., Literature); noisier or in-
formal genres (e.g., Subtitles, Conversation, Social
media). This diversity ensures comprehensive eval-
uation across domain specificity, reasoning diffi-
culty, and stylistic variation.

B.6 Multilingual Test Data

For unseen-language evaluation, we adopt the FLO-
RES+ benchmark (NLLB Team et al., 2024) and
construct an unseen language set to minimize eval-
uation leakage from the languages already involved
in our baseline training data (Table 5). Concretely,
we first exclude all languages that appear in the
baseline training coverage, including Chinese (zh),
English (en), German (de), French (fr), Spanish
(es), Portuguese (pt), Italian (it), Russian (ru), Ko-
rean (ko), Dutch (nl), Czech (cs), Icelandic (is),
Ukrainian (uk), Hindi (hi), Japanese (ja), Polish
(pl), Swedish (sv), Hungarian (hu), Romanian
(ro), Danish (da), Norwegian (no), and Finnish
(fi). This step ensures that the En<+X results re-
flect generalization to genuinely unseen languages
rather than memorization of language-specific post-
training signals. Next, to enable consistent com-
putation of COMET and CometKiwi across all un-
seen directions, we further restrict the remaining
FLORES+ languages to those supported by our
COMET/CometKiwi scorers. After these two fil-
ters, we obtain a final unseen-language set consist-
ing of 59 languages (Table 12).

The seen languages—German (de), English
(en), and Chinese (zh)—are used across all base-
line training sets, and are covered by the follow-
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Model Accuracy ({) Style(]) Fluency (/) Terminology (/) Non-translation (|)
DeepSeek-V3 50.55 30.50 6.95 11.90 0.09
Gemini-2.0-Flash 52.55 29.55 6.91 10.81 0.18
GPT-40 50.52 30.76 7.11 11.40 0.21
DeepSeek-R1 50.13 30.97 6.71 12.10 0.09
Gemini-2.0-Flash-Thinking 52.31 29.70 6.54 11.31 0.13
OpenAl-03-mini 49.82 30.70 7.13 12.23 0.11
OpenAl-ol 50.68 29.69 7.12 12.37 0.14
TwT-Qwen2.5-14B-Instruct 55.02 26.37 6.89 11.64 0.08

Table 11: MQM-based error analysis across different LLMs and LRMs.

ode Language Code Language Code Language
afr  Afrikaans  als Albanian amh  Ambharic
asm Assamese  bel Belarusian ben  Bengali
bos  Bosnian bul Bulgarian cat Catalan
cym Welsh ekk Estonian ell Greek
epo Esperanto  eus Basque fil Filipino
gle  Irish glg Galician guj Gujarati
hau  Hausa heb Hebrew hrv Croatian
hye Armenian ind Indonesian  jav Javanese
kan Kannada kat Georgian kaz Kazakh
khk  Mongolian khm  Khmer kir Kyrgyz
lao  Lao lit Lithuanian  lIvs Latvian
mal Malayalam mar  Marathi mkd  Macedonian
mya Burmese npi Nepali pan Punjabi
pbt  Pashto plt Malagasy san Sanskrit
sin  Sinhala slk Slovak slv Slovenian
som  Somali srp Serbian sun Sundanese
swh  Swahili tam  Tamil tel Telugu
tha  Thai tur Turkish uig Uyghur
urd  Urdu vie Vietnamese xho  Xhosa
ydd  Yiddish zsm  Malay

Table 12: The 59 unseen languages Lypnseen used for
En<+X evaluation after filtering FLORES+ by (i) post-
training language coverage of evaluated backbones and
(il) COMET/CometKiwi language support.

ing datasets: the German-English multi-domain
dataset (Aharoni and Goldberg, 2020), the English-
Chinese UM-Corpus (Tian et al., 2014), and the
Chinese-English GuoFeng-Webnovel dataset.

C Training Data Scale of MT Baselines

To ensure a fair comparison, we report the train-
ing data size used by each MT-specialized base-
line. While TwT and most reasoning-augmented
models, including MT-R1-Zero-7B, CoT-FI-7B,
SFT-Parallel, and mExTrans-7B, are trained on ap-
proximately 27K examples, several other models
leverage significantly larger corpora. For instance,
Towerlnstruct series is trained on 637K examples,
Tower-Plus-9B on 286K, and ALMA-R on 21K.
SSR-X-Zero-7B is trained on a notably smaller
subset of 13K instances.

D API Details

The following APIs were used to access the SOTA
LLMs and LRMs evaluated in our experiments:

* OpenAl: gpt-40-2024-11-20, 01-2024-12-17,
03-mini-2025-01-31, and gpt-5-2025-08-07

* DeepSeek: deepseek-chat-2024-12-26, and
deepseek-reasoner

* Gemini: gemini-2.0-flash, and gemini-2.0-
flash-thinking-exp-01-21

E Experimental Details for Preliminary
Analysis

E.1 Setup for Pure RL

Training Data. We construct a diverse MDMT
training data with 20K samples by randomly sam-
pling 2K sentence pairs from 10 domains, spanning
three major language pairs: De—En (Aharoni and
Goldberg, 2020), En—Zh (Tian et al., 2014), and
Zh—En (Wang et al., 2023, 2024a). We select
only examples with source sentences longer than
20 words (characters for Chinese) to encourage
meaningful reasoning. Evaluation is conducted
using the test sets provided by the original datasets.
Training Template. To guide the base model to-
ward producing translation-relevant reasoning be-
havior, we modify the template used in DeepSeek-
R1-Zero (Guo et al., 2025) to better fit the transla-
tion task. The chat template is shown in Figure 5.
Reward Design. We follow DeepSeek-R1 (Guo
et al., 2025) in using two reward types.

Format Reward: We apply regex matching to check
whether the model responses adhere to the specified
format. The format reward ry is set to 1 if the
format is correct, and -1 otherwise.

Quality Reward: We experiment with several qual-
ity metrics to evaluate the final translation out-
put. Specifically, we consider BLEU® (Papineni

®https://github.com/mjpost/sacrebleu
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et al., 2002), a metric based on n-gram lexical
overlap, and COMET’ (Rei et al., 2020) and
CometKiwi® (Rei et al., 2022), neural metrics that
estimate semantic similarity using contextual em-
beddings through reference-based or reference-free
scoring. All metric scores are normalized to the
range [0, 1] before being used in the reward func-
tion. During training, the quality reward r, is com-
puted based on one or more of these metrics. It
is only applied when the output format is correct;
otherwise, we assign a fixed penalty of r, = —2.
The final reward used during RL training is the sum
of the format and quality components: 7 = 77 + 7.

RL Optimization. We train the model using
GRPO algorithm (Shao et al., 2024), which im-
proves stability over PPO (Schulman et al., 2017)
by leveraging group-wise relative advantages rather
than explicit value functions. See Appendix A for
full formulation.

Model Training. We conduct experiments using
Qwen2.5-7B-Instruct (Yang et al., 2024) as the base
model, and train it for 1 epoch on our collected 20k
MDMT data. To investigate the effectiveness of dif-
ferent reward signals, we experiment with five qual-
ity reward variants: BLEU, COMET, CometKiwi,
BLEU+COMET, and BLEU+CometKiwi.

E.2 Setup for RL with SFT

Training Data. We distill reasoning traces from
the DeepSeek-R1 model (Guo et al., 2025) and
apply additional quality filtering, resulting in about
7K high-quality Long CoT examples for MDMT.

Model Training. We fine-tune Qwen2.5-7B-
Instruct (Yang et al., 2024) on the constructed Long
CoT dataset for 1 epoch, followed by RL training
on the 20K multi-domain data for 1 epoch, us-
ing a composite reward of BLEU and COMET.
General-CoT and Domain-CoT share the same
training pipeline and hyperparameters, differing
only in the prompt used for SFT data construction:
General-CoT uses "Translate the following
{src_lang} text into {tgt_lang}.", while
Domain-CoT uses "Translate the following
{src_lang} text into {tgt_lang} while
maintaining the domain style of the source
text."

"Unbabel /wmt22-comet-da
8Unbabel/wmt22-cometkiwi-da

153 BLEU COMET KIWI Quality Lens.
0 30.07 82.35 81.20 64.54 130
0.001  30.58 8252  81.21 64.77 278
0.005 30.79 8248  81.28 64.85 273
0.01 30.37 8249 8140 064.75 282
0.02 30.24 82.37 81.29 64.63 254
0.05 29.71 82.23 81.24  64.39 275

Table 13: In-domain results with different KL coeffi-
cient.

F Further Analysis

F.1 Error-Type Analysis under the MQM
Framework

To further investigate what types of translation er-
rors reasoning helps address, we conducted a de-
tailed analysis based on the MQM (Multidimen-
sional Quality Metrics) framework. For error clas-
sification, we used an external LLM as an annota-
tor, excluding "Source Error" as it pertains to low-
quality source data. Given the distinct challenges
of MDMT compared to general MT, we extended
error types such as "Style Inconsistency", "Cross-
domain Confusion", and "Terminology Misuse"
to better capture the advantages of reasoning in
MDMT. As shown in Table 11, reasoning-enhanced
LRMs lead to lower error rates in Style, Fluency,
Terminology, and Non-translation Errors. We be-
lieve this is due to the structured reasoning process,
which contributes to a more human-like translation
process and better error reflection, in contrast to
the pattern-matching of traditional bilingual fine-
tuning. Notably, after incorporating domain-aware
CoT data, TwT reduced style errors by 3.18%, sig-
nificantly improving the model’s style adaptation.
This highlights the effectiveness and applicability
of our approach in MDMT.

F.2 KL Coefficient Analysis.

Recent study (Yu et al., 2025) suggests that re-
moving KL regularization can enhance Long CoT
reasoning. To examine whether this holds in the
MDMT setting, we investigate the effect of the KL,
coefficient 3 in Table 13. However, our findings
diverge from this conclusion: setting 5 to 0—com-
pletely removing the KL constraint—results in sig-
nificantly shorter and less informative outputs. In
contrast, small non-zero values (e.g., 8 = 0.001 or
0.005) achieve the best overall quality scores while
maintaining reasonable response lengths. Larger
values (e.g., 8 = 0.02 or 0.05) overly constrain the
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Figure 7: Average reward and format error rate over RL
training steps.

policy, slightly degrading translation quality and in-
creasing length instability. These results reflect the
importance of balancing generation stability and
flexibility: moderate KL regularization helps sup-
press degenerate behavior while preserving adap-
tive, difficulty-aware reasoning traces.

F.3 Analysis of Training Dynamics.

To better understand how RL shapes TwT’s reason-
ing and translation behavior, we analyze the train-
ing dynamics of TwT-7B and TwT-14B from two
complementary perspectives.

Analysis of Reward and Format Stability Fig-
ure 7 further illustrates the reinforcement learning
dynamics of TwT-7B and TwT-14B in terms of av-
erage reward and format error rate. Both models
show a rapid increase in reward within the first few
hundred steps, followed by a stable plateau, indicat-
ing that the hybrid reward formulation enables effi-
cient convergence toward high-quality translation
reasoning. The larger TwT-14B model consistently
achieves higher rewards throughout training, sug-
gesting stronger optimization capacity and better
utilization of the reward signal. In contrast, the for-
mat error rate decreases sharply during the initial
phase and remains near zero thereafter, demon-
strating that the format reward effectively reduces
structural inconsistencies and output anomalies as
training progresses.

Translation Quality and Reasoning Depth Fig-
ure 8 shows the training dynamics of TwT-7B
and TwT-14B during RL. BLEU, COMET, and
CometKiwi scores steadily improve, indicating that
our hybrid reward effectively enhances translation
quality. Interestingly, response length increases
in the early and mid stages, reflecting deeper rea-
soning, but decreases in later steps as the model
learns to maintain quality with more concise traces.
This indicates convergence to efficient, difficulty-

Table 14: General prompt vs. domain-aware prompt
across domains.

T Law
BLEU COMET KIWI BLEU COMET KIWI BLEU COMET KIWI

General prompt 36.66 8349 7868 39.16 8497 8235 4023 8382 818l
Domain-aware prompt ~ 36.55  83.57  79.82 40.57 8532 8354 41.14  84.06  82.97

Prompt Medical

Table 15: SFT trained on general CoT vs. domain-aware
CoT.

In-Domain Out-of-Domain

BLEU COMET KIWI BLEU COMET KIWI

Method

SFT w/ general CoT 23.51 80.52 80.15 25.12 83.40 80.81
SFT w/ domain-aware CoT  23.74 80.74 80.46 25.67 83.57 81.18
A +0.23 +0.22 4031 +0.55 +0.17  +0.37

aware reasoning behavior, as shown in Figure 8(a).
Figure 8(b) and Figure 8(c) show the performance
of TwT-7B and TwT-14B under different difficulty
levels. In both models, BLEU, COMET, and
CometKiwi scores are highest on easy inputs and
lowest on hard ones, and response length increases
with difficulty, indicating effective control of rea-
soning depth. Notably, TwT-14B generates shorter
responses than TwT-7B on easy inputs, but longer
responses on medium and hard inputs. This sug-
gests that the larger model more effectively adapts
its reasoning length to input difficulty, providing
concise outputs when possible and allocating more
reasoning to harder cases.

F.4 Analysis of Domain-Aware Prompting

To better understand the effect of domain-aware
prompting, we conduct two complementary experi-
ments that evaluate its impact from both the infer-
ence and training perspectives.

First, we investigate how prompt formulation
affects translation quality when the model re-
mains fixed (DeepSeek-R1). Two prompts are
compared: a general prompt ("Translate the fol-
lowing src_lang sentence into tgt_lang.") and a
domain-aware prompt ("Translate the following
src_lang text into tgt_lang while maintaining the
domain style of the source text."). As shown in
Table 14, the comparison across three represen-
tative domains (IT, Law, Medical) demonstrates
that domain-aware prompt explicitly instructs the
model to infer and preserve domain-specific stylis-
tic and terminological features. This better acti-
vates the reasoning capacity and leads to more
accurate domain-aware translation. These find-
ings motivated us to adopt domain-aware prompts
throughout TwT’s training data curation phase, al-
lowing domain signals to be explicitly injected dur-
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(c) Training dynamics for TwT-14B under different difficulty level.

Figure 8: Training dynamics for TwT models.

ing learning.

Second, we evaluate the effect of using differ-
ent prompts to construct Long-CoT data for SFT.
Specifically, one dataset is generated using the gen-
eral prompt, while another uses the domain-aware
prompt to elicit domain-specific reasoning traces.
As shown in Table 15, domain-aware CoT data
lead to consistent improvements across all auto-
matic evaluation metrics in both in-domain and
out-of-domain scenarios. These results highlight
that incorporating domain context enhances the
model’s reasoning robustness and cross-domain
generalization.

F.5 Computational Cost Analysis

To assess the computational efficiency of our
reasoning-based translation paradigm, we compare
the average inference time per example across dif-

Qwen2.5-7B-Instruct + SFT 12
57

TwT-7B (ours)

TwT-14B (ours) 121

40 60 80 100 120

Time Cost (ms/example)

0 Zb
Figure 9: Inference time comparison.

ferent models. As shown in Figure 9, the reasoning-
augmented TwT models incur additional computa-
tional overhead compared with the non-reasoning
baseline (Qwen2.5-7B-Instruct + SFT). Specifi-
cally, TwT-7B and TwT-14B require 57 ms and 121
ms per example, respectively, compared to 12 ms
for the baseline. Despite the higher inference cost,
the time overhead remains acceptable given the
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significant improvements in translation quality, rea-
soning accuracy, and style adaptation demonstrated
in previous sections.

F.6 Language Consistency Discussion

To verify that TwT’s reasoning traces are linguisti-
cally coherent and aligned with the target transla-
tion language, we conducted a systematic analysis
of language consistency throughout the data cura-
tion and training stages. We employed a language
identification tool (fastText) to detect potential
cross-lingual inconsistencies in reasoning traces,
such as mixing English reasoning with Chinese or
German summaries. In the initial R1-distilled CoT
data, 9.26% (684/7382) of the reasoning traces con-
tained incorrect languages. After GPT-40 rewrit-
ing, the inconsistency dropped sharply to 3.78%
(279/7382). After SFT, the inconsistency rate on
the test set further decreased to 0.04% (7/16094),
and it reached 0% after the RL stage.

F.7 Reliability of Difficulty Estimation

To mitigate potential bias from relying solely
on GPT-40, we validated its difficulty estimation
against two other strong models (DeepSeek-V3.2,
Gemini-2.5-Flash) and human experts on 100 ran-
domly sampled instances. Results demonstrate
robust consistency across three dimensions: (1)
Internal Stability: All models exhibited high self-
agreement across 5 independent trials (GPT-40:
0.92, DeepSeek: 0.93, Gemini: 0.91). (2) Cross-
Model Agreement: The three models reached a
90% consensus rate after majority voting. (3) Hu-
man Alignment: Crucially, GPT-40 achieved the
highest correlation with professional translators
(0.86), surpassing DeepSeek (0.77) and Gemini
(0.79). These findings confirm that GPT-40 pro-
vides a reliable and stable proxy for human judg-
ment in our difficulty-aware framework.

FE.8 Structured Analysis of Failure Cases

To provide a more systematic analysis, we fur-
ther examine TwT’s bad cases across all domains.
Specifically, we select the 10 lowest-quality ex-
amples from each of the 15 domains (150 cases
in total) and analyze their CoT trajectories. We
identify two recurring error patterns.

Reasoning—prediction misalignment. In some
cases, the model makes the correct translation de-
cision in its reasoning, but the final output fails to
realize it. That is, the reasoning identifies an appro-

Human Evaluation TwT Win TwT Lose Tie

TwT-Qwen2.5-14B-Instruct vs. DeepSeek-R1 (671B) 0.41 0.47 0.12
TwT-Qwen2.5-14B-Instruct vs. DeepSeek-V3 (671B) 0.275 0.405 0.32
TwT-Qwen2.5-14B-Instruct vs. Towerlnstruct-13B-v0.1 0.54 0.30 0.16

Table 16: Summary of human evaluation results for TwT
compared with other models.

priate lexical choice or phrasing, while the predic-
tion deviates from it. This suggests a gap between
reasoning and realization. A possible remedy is
to introduce an additional reward penalty during
GRPO to explicitly discourage divergence between
the decision expressed in the <think> block and
the output in the <answer> block.

Domain-terminology misalignment. Another
common failure occurs when the model correctly
identifies the domain but does not switch to the
appropriate terminology system. In such cases,
the reasoning remains at a declarative level with-
out consistently applying domain-specific lexical
choices, syntactic preferences, fixed translations,
or formatting conventions. One possible remedy
is to incorporate external terminology lexicons or
style-template libraries to guide domain-specific
realization.

G Human Evaluation

G.1 Human Evaluation Analysis

We conducted a human evaluation to comple-
ment our automatic metrics. Specifically, we ran-
domly sampled 100 examples from the Zh<+En
test set, selecting 20 sentences from each of five
domains. For each instance, the source sentence
and two system outputs—one from TwT-14B and
one from a comparison model—were indepen-
dently evaluated by three professional translators,
who selected the better translation or marked a tie
when the quality difference was negligible. Ta-
ble 16 summarizes the human evaluation results
across three baselines: DeepSeek-R1, DeepSeek-
V3, and TowerlInstruct-13B-v0.1. These results
show that while TwT-14B slightly underperforms
DeepSeek-R1 and DeepSeek-V3—expected given
its much smaller size—it still achieves a strong de-
gree of parity. Importantly, TWT-14B outperforms
Towerlnstruct-13B-v0.1 in more than half of the
evaluated examples (54% win rate), supporting the
effectiveness of its reasoning-driven design in trans-
lation.
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G.2 Comparison with Human Translation
Reasoning

To further evaluate the alignment between TwT’s
reasoning process and that of professional human
translators, we conducted a case study using a com-
plex narrative sentence from a fictional novel, as
shown in Figure 17. The source sentence features
multiple subordinate and concessive clauses, com-
plex logical progression, and dense world-specific
terminology—a typical example in the fictional
novel domain. Such sentences require precise con-
trol of syntax, consistent terminology management,
and sensitivity to logical flow and pragmatic tone.

Similarities. TwT demonstrates several key rea-
soning behaviors consistent with professional trans-
lators. First, it correctly identified the sentence
structure and logical relations, decomposing the
original into two conceptual layers: (1) background
explanation of the connection between the /& K
5 and the 52 HEF], and (2) a reasoning-based
denial of the assumed link between the 254 and !
J& K1t 5. This decomposition mirrors the syntac-
tic and logical analysis stage in human translation
reasoning, reflecting TwT’s strong ability to detect
hierarchical structure and causal relationships. Sec-
ond, TwT shows strong terminological consistency,
accurately translating key domain-specific entities
such as "Immortal Holy Water" (3 2£7K), "Di-
vine Realm Major World" (f#1J& A 5%), and "War
Star Federation" (i 28%F]). While minor stylis-
tic improvements remain possible, the model’s use
of consistent and semantically clear terms aligns
with the terminology standardization step in pro-
fessional translation workflows. TwT also handled
subtle pragmatic expressions such as "H % [&"
and "#tH{" with contextually appropriate equiva-
lents ("have connections with", "trade for"), indicat-
ing an emerging awareness of functional-pragmatic
equivalence—a key element in expressing commu-
nicative intent and contextual tone. Moreover, be-
fore translating, TwT demonstrated an initial assess-
ment of text difficulty and style, recognizing that
the sentence belongs to a fictional novel with spe-
cialized terms. This awareness parallels a human
translator’s pre-translation difficulty assessment
and background analysis, where genre and register
are evaluated to inform strategy. TWT chose to pre-
serve the source-style transliteration rather than do-
mesticate the names, maintaining consistency with
the fantasy universe’s internal logic—an appropri-
ate decision for this genre. At the structural level,

TwT effectively reconstructed the concessive—causal
logic of "B K., .{H... FrLL..." into the English
pattern "Although...some...therefore...", faithfully
capturing the original logical progression. This
demonstrates the model’s ability to rebuild syntac-
tic and logical relations during target-language reor-
ganization, consistent with human translators’ rea-
soning in structural decomposition and coherence
reconstruction. In lexical judgment, TwT made
contextually informed choices, such as rendering
"NZ K" as "Immortal Holy Water" rather than
the freer "elixir of youth" or "anti-aging water",
thereby preserving the source’s mythological tone.
Similarly, translating "Z=7%" as "far-fetched" ap-
propriately conveys the intended skepticism while
maintaining stylistic naturalness. These decisions
illustrate the model’s ability to perform semantic
disambiguation and lexical selection comparable
to human translators’ third-stage reasoning pro-
cess. Finally, TwT’s output features a natural syn-
tactic flow and coherent discourse structure. For
instance, "some powerful individuals...had connec-
tions with..." reconstructs the information hierarchy
more fluently than a literal rendering would. This
indicates an emerging sense of register and stylistic
adaptation, partially fulfilling the requirements of
the expression and style selection stage.

Differences. First, TwT’s translation repeatedly
uses the long-form expression such as "Divine
Realm Major World", resulting in verbosity. Pro-
fessional translators would typically balance ter-
minological consistency with referential economy,
adopting simplified references such as "the Divine
Realm" or "that realm" to improve fluency and read-
ability. For instance, a revised version could read:
"Although ‘Immortal Holy Water’ is a specialty of
the Divine Realm, some powerful individuals in
the War Star Federation have connections with that
realm and can obtain it through trade." This alterna-
tive maintains precision while achieving smoother
rhythm and reduced redundancy. Second, TwT’s
stylistic control remains limited. Although the
translation is grammatically accurate, it lacks the
conversational tone and personality expected in
dialogue. Since the original sentence is dialogue
from Hans expressing skepticism, a professional
translator would employ a more natural, idiomatic
style to reflect the speaker’s voice and pragmatic in-
tent, e.g., "Come on, you can’t just assume they’re
connected to the Divine Realm over a bit of Holy
Water—that’s a stretch!" Such adaptation better re-
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produces conversational tone and aligns with the
narrative style of fantasy dialogue. Third, TwT’s
cultural adaptation is surface-level. While "far-
fetched" effectively captures the core meaning of
"ZZ58," a human translator might enrich cultural
accessibility by appending a light explanatory note,
such as "Immortal Holy Water, a sacred elixir ru-
mored to halt aging in the Divine Realm." This
hybrid "foreignization plus domestication" strat-
egy balances cultural retention with reader com-
prehension, commonly seen in professional literary
translation.

H Prompt

The template for pure RL (Section 3.1) is shown
in Figure 5. The prompt for generating difficulty-
adaptive Long CoT data is provided in Figure 10.
The prompt employed for the quantitative evalua-
tion of reasoning efficiency is presented in Figure
12. The prompt for evaluating translation difficulty
is shown in Figure 11 and the detailed examples
for translation difficulty evaluation are provided in
Table 17.

I Detailed Results by Metric

For completeness, we provide the full breakdown
of BLEU, COMET, and CometKiwi for the results
reported in Table 3, Table 4, and Table 5. The cor-
responding detailed results are shown in Table 18,
Table 19, and Table 20, respectively.
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You are an experienced translation expert. Your task is to optimize a given initial translation
thought process by simulating the thinking process of a professional human translator.

Human translators typically first assess the difficulty of the translation task. Based on
this difficulty level, they allocate appropriate time and cognitive effort:

* For simple translation tasks, they provide an accurate translation quickly with concise thought

process.

» For moderate translation tasks, they reason carefully through any ambiguities to produce an
accurate translation, without excessive expansion.

* For difficult translation tasks, they conduct deep and comprehensive thinking, exploring
different translation strategies, comparing and verifying options, and refining every detail to
produce the best translation.

Based on this professional approach, please optimize the given translation thought process by:

* Integrating the assessment of translation difficulty naturally into the thought process.

* Adjusting the depth and style of reasoning based on the difficulty level.

* Preserving the original language style and tone of the initial translation thought process.

Finally, output the optimized thought process and the final translation in JSON format with the
keys "thought" and "translation", as shown below:

{

"thought”: "Optimized translation thought process based on difficulty”,
"translation”: "Final translation based on the corrected thought process”

3

Source text:
Target language:

Initial translation thought process:

Figure 10: Full prompt used for generating difficulty-adaptive Long CoT data with GPT-4o.

Source Sentence

Reference Translation

Difficulty

Reason

“FARAEEITIT AR - i
FA— B O )5

At the same time the waves are fan-
ning out, they are also separating
by wavelength, a process known as
dispersion.

Die folgende Tabelle zeigt die Hiu-
figkeit und Schwere unerwiinschter
Wirkungen, die in >5% von 168 Pa-
tienten mit Mesotheliom berichtet
wurden...

“I just want to hear your opinion,”
she said in a respectful tone.

XL SMTRLES, B
BB, X

BX o

The table below provides the fre-
quency and severity of undesir-
able effects reported in >5% of
168 mesothelioma patients...

Easy

Medium

Hard

A simple sentence with every-
day vocabulary and direct gram-
mar. No specialized knowledge re-
quired.

Contains a compound sentence
and one scientific term (*disper-
sion*), requiring moderate struc-
tural and lexical control.

Long and syntactically complex,
includes multiple subordinate
clauses, verb-final word order,
and domain-specific medical
terminology. Requires structural
parsing and domain expertise.

Table 17: Detailed examples for translation difficulty evaluation.

30360




Your task is to assess the difficulty of translating a given {src_lang} sentence into {tgt_lang}.
Please evaluate the difficulty based on the following criteria:

1. Sentence complexity: Determine if the sentence is a simple sentence, a compound sentence,
or includes subordinate clauses and other complex structures.

2. Vocabulary difficulty: Assess whether the sentence contains commonly used words or special-
ized terms or slang.

3. Grammar differences: Analyze if the sentence’s grammatical structure is similar to or differs
significantly from {tgt_lang}.

4. Contextual understanding: Consider whether understanding specific cultural contexts or
background knowledge is necessary for accurate translation.

non

The difficulty level should be rated as "easy", "medium", or "hard". Additionally, provide a brief,
simple reason for the assigned difficulty level. Output the result in JSON format with the keys
"level" and "reason", as follows.

{
"level”: "easy/medium/hard"”,
"reason”: "simple explanation of the difficulty level.”

3

Here is the {src_lang} sentence: {src_text}

Figure 11: Full prompt used for evaluating translation difficulty with GPT-4o.
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You are an expert model specialized in “Chain-of-Thought (CoT) Quality Evaluation for
Multi-Domain Translation Tasks.” Your task is to compare the reasoning traces of Model A and
Model B: Identify redundancy types in Model A’s reasoning and determine whether Model B has
successfully eliminated these redundancies.

Please strictly adhere to the following Redundancy Type Definitions for your analysis.
If you identify a new redundancy type in Model A, you may include it in the output with a
supplemental explanation.

[Multi-Domain Translation: Redundancy Definitions]

* Over-segmentation: Excessively decomposing simple sentences or obvious content into

word-by-word or phrase-by-phrase fragments, causing unnecessary step inflation.

Unnecessary linguistic explanation: Over-explaining common sense or obvious linguistic
points (grammar, part-of-speech, etymology, etc.) that do not influence the translation
outcome.

Semantic repetition: Repeating the explanation of the same meaning or using different
expressions to illustrate the same semantic point without adding value to the translation.

Irrelevant information: Introducing background knowledge, domain trivia, speculative con-
tent, or information unrelated to translation decisions (e.g., unnecessary context assumptions).

Redundant alternative translations: Providing multiple translation candidates with highly
similar meanings and low contribution, or performing iterative optimization on trivial differ-
ences.

Low-density long descriptions: Using verbose sentences to express simple content or using
a large volume of text to derive obvious reasoning steps.

[Task Requirements]

]

¢ Identify redundant snippets in Model A’s CoT and label them with the corresponding redun-

dancy type.
Explain why the snippet belongs to this category.
Determine if Model B’s CoT eliminated this specific redundancy (Yes/No).

Output strictly as a structured JSON array in the following format:

"type": "Name of the redundancy type",
"before_snippet”: "Text snippet from Model A",
"reason”: "Reason for the judgment”,
"after_resolved”: "Yes/No"

Now, please analyze the following two reasoning chains:
Model A CoT: {model_a_cot}
Model B CoT: {model_b_cot}

Figure 12: The prompt used for the quantitative evaluation of reasoning efficiency.
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,

Source Text:
Oh, ich kann nicht glauben, dass sie weggelaufen ist.

Long CoT data distilled from DeepSeek-R1 (562 tokens):

<think>Okay, let's tackle this translation task. The user wants the German sentence "Oh, ich kann nicht glauben, dass sie weggelaufen ist." translated into English. First, | need to
understand the sentence. The main components are “Oh, | can't believe that she ran away." The speaker is expressing surprise or disbelief that someone (female) has run away.

Next, the user mentioned identifying the domain and ensuring the translation reflects the domain's style. Hmm, domains could be things like literature, casual conversation, formal
reports, etc. The original sentence uses "Oh" and "kann nicht glauben," which are pretty colloquial. It sounds like conversational or maybe even a dialogue from a novel or a TV show.
The emotional tone here is informal and expressive. So the domain is likely casual or conversational. Maybe even a dramatic context, like a soap opera or a novel.

Now, translating it to match that style. The direct translation would be “Oh, I can't believe she ran away." But depending on the domain, maybe we can make it a bit more natural. For
example, in casual speech, people might contract “cannot" to “can't,”" which is already done. "Weggelaufen" is “ran away," which is correct.

Wait, the original uses "sie," which could be "she" or “they" depending on context. But since the user provided the German sentence, and the verb is "weggelaufen ist" which is singular
(since "ist" is singular), so "she" makes sense here. Unless the context is formal, but the sentence seems informal. So “she" is correct.

Also, the structure "dass sie weggelaufen ist" is a subordinate clause. In English, “that she ran away." But in conversational English, sometimes people drop "“that,” so “Oh, | can't
believe she ran away.” That sounds more natural and fits the casual domain better.

So the domain here is probably everyday conversation or a dramatic dialogue. The style should be informal, using contractions and natural phrasing. So the translation should reflect that.
No need for formal language.

I think that's it. Let me double-check. The original is expressing surprise, so the translation needs to keep that emotional tone. "Oh" at the beginning sets that. “Can't believe" is better
than "cannot believe" for informality. Yes. So the final translation would be "Oh, | can't believe she ran away.” And the domain is casual conversation or possibly a narrative in fiction.
The style is informal and expressive.</think>

<answer>Oh, I can’t believe she ran away.</answer>

Our curated difficulty-adaptive Long CoT data (167 tokens):

<think>First, | assess the difficulty of the translation: this is a simple, conversational German sentence expressing surprise or disbelief about someone's action. There are no idioms or
complex structures, so the translation is straightforward. The sentence is “Oh, ich kann nicht glauben, dass sie weggelaufen ist."—literally, “Oh, I can't believe that she ran away.” To
preserve the informal and expressive tone, it's best to use the contraction “can't” and drop the explicit ‘that’ for natural conversational English. ‘Oh’ at the start effectively conveys the
sense of surprise. No ambiguities or special cultural references require deeper reasoning. Thus, the optimal translation is clear and concise.</think>

\ <answer>Oh, | can't believe she ran away.</answer>

VAN

(Source Text:
LA T IR AR I B T AR A3 T

Long CoT data distilled from DeepSeek-R1 (476 tokens):

<think>%F 89, KA ZLILEINREES. AP AT FR: “RNERZRGLRINTSTAGEG0T, 7 Bk, KT R G EGR AARMA XL
A EA L, BARET “SHTF” o SHRe0T 7, ZEBEATLHELTEELFESD

BTk, KEZHRMIFFES DARGUR KA o KRR BLRF AR A E XL A F R KB RE, RIHRE 28R OKiE tde “IMTHT7 BFMTH
“outer sect disciples” , # “f g7 T LR “training grounds” &4 “practice area” o X 2T fig % RARYE £ T Lk 4F L 43iE4993JC, 12 “training grounds” U A2 & kb
Bak,

RIG, REZNSAET LM, R G LM AL Z R 0930777, R G AT B AR. $1FM AR APIRIA, THREZM “What he needed to find now
was...” XA LM, IHRFERLKEIR, AEETRYGE R,

B, HAEFTEEREE, REOTH CNE” TREHZLATHHN, ALLE0ETRZELSEERTE, HAA “needed” bk, BARS DHLARL LKL,
Fithe R AMAGATOOWNT, THRAALEN, 2ARE LT, RikALTLHREE,

EEHRAREG— B, tbde “ITET” EEAMES T TRA BLGMFE, MARS —BBRREL, R AP IWAHRGEER, THREZAE, BX23ALEEE,
Fir AR B R 6 iE ik

RG, BEEANGTFHRDACEH I FHRZARREE, FLFES DARTRO R, o REF AR FERGEL, RHRAEEZRAEEFRLFESFEEIR. o
JRE) P PSRN TR EER LI, ok T B@, XL AR,

BUE—T, #i%)6098)FRiZA: “What he needed to find now was the training grounds of the outer sect disciples.” XAFBEEFFX TR &, A4 KAk RS L6 RAS
</think>

<answer>What he needed to find now was the training grounds of the outer sect disciples.</answer>

Our curated difficulty-adaptive Long CoT data (325 tokens):

<think># 4% 2| AN EIIFAE HroF, REARTRE AR Z RO HFIEHGT . 7 BITELIFE. KAAZRE, A KA KRRl sut e, 3
BHEA G IR TT Ao SR TTT | ALEARE RS R R R L R, B, SBLEA ARG LFE K, FRIEERE R R TR,

EARRE I Fedo F

1. EEEF: N PETFT AR BB ST, FLEIEA “outer sect disciples” : “f5kkay 2777 TTi%H “the place where they cultivate” X Z & A 4%
“training grounds”

2. EkGEA: OF AT RALAHE, 25 &5 0 HE NE L, HKMAT “needed to find” , R FAIEiERL IR,

3. BRHFRIA: BRALFRIE AT IR 7 FEL P Tilit “what he needed to find now was...” & )33%8, 4 F &k A “Now, he needed to find the...”

4. RAs: BRAAGR 0B B E XK o

A VA ESHT, AL RYtranslation 7 “Now, he needed to find the place where the outer sect disciples cultivated.” % # B £ 4 #5 % T R S iE A Ki%, L FE T RLAGR

A i X DB . </think>

<answer>Now, he needed to find the place where the outer sect disciples cultivated.</answer>

. J

Figure 13: Examples of our curated difficulty-adaptive Long CoT data (Easy and Medium).
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@ou rce Text: \

During a meeting with chargéd ‘affaires ad interim Li Zhimin of the Chinese Embassy in Vietnam on 15 June 1956, Vice Foreign Minister of the Democratic Republic of Vietnam Ung
Van Khiem solemnly stated that, “according to Vietnamese data, the Xisha Islands and Nansha Islands are historically part of Chinese territory." Le Loc, Acting Director of the Asian
Department of the Vietnamese Foreign Ministry, who was present, specifically cited Viethamese data and pointed out that, “judging from history, these islands were already part of
China at the time of the Song Dynasty."

Long CoT data distilled from DeepSeek-R1 (648 tokens):

<think>%F 49, K% ZIREBEIMFRT L Hk, RiBE—BRL, ZHAZ.

KT A K T 19565 Ak R £ 4k Av B &1 9h K b o Bz AR 445 1 B K A2 d 6992k, ARG S fod iV B B 69 EAE B PIAL. AR, K TR AN ARG LA, T
BRGEHERBRX R F @meRiE.

TR, MEiVR XEFRMGRD L FHAsZEY, &TERKXERA L RGAR. Bk, #MiFHTERJFEX, BB, RAERMGETHKE, i N
KRB L CEIAKRT L CHEFR F,

R JG AL 32 BAR G #1i% 5

"chargéd'affaires ad interim" E#&1i% 2 “Usu KR A" |, & KM EHA.

"solemnly stated" &ifH “#iE F” | HFAIIHEEXAE,

. "Vietnamese data" #1i% A “Al @ ey At b S, @R AER BT .

"Acting Director" & “HK:ZaK” .

“cited Vietnamese data” iX £ 7T it % %% A 7 TAAd T @A, REF LT L8,

"Song Dynasty" £ “ K7 , & ZHK LA EHIIE,

Sh, BIEEEE, RS AAL GG EHEE, Hde “Ung Van Khiem” 2% % “HEik” , “Le Loc™ikH “Hik” o & ZHiiNiX BRI AL G9ATA b Lk 4, THE ZEH
A8 K T A R A

o) KeEM) B, Fe3 b ayut BRGEM 6) An HLAE S50 M BB A P LM kik 7 X, rded¥ “During a meeting on 15 June 1956”% % “1956-6 415H, ...... REEET
IS5 R 5 5 E AR .

RGBT RAERLT R, REFAIIIMRGYEXAA, KiERF—K, AL, b, WHLERXTRAMAIR, e “ T JRZIKER” REEH, REHERY
B4 3 ko

THREEZEE—EmY, e “HIBL” fo HIBL” QEHEL, AR AELFH o REHLERE” $SERARTEALLZRE.

BRI, EASET EEHEBRLNE, AL ENMEBA R, RFSEGRKiEF O X, HREMIFG R LM, </think>

<answer>19564-6 /] 15 H , A R % 2405 4] KLk S E AR KRR EERABRARE AT, “ARBAAH T @O, B BESAed )M

DX AT P AL o [ ek s30T H 5] XL 5) RAARAF A F| 2 T Ay 7 Wy e At e, “Ap L bA, Kb RMHMHE BT EH” o </answer>

OO

Our curated difficulty-adaptive Long CoT data (550 tokens):
<think># St 3 #1i e LHAT IR A5 A BUR LA 2885 A 19505 R b AR I 69 5h 3 K F#F, TN EXSERF AN LB KR, NWERAPK, &REFLT ERTRAA
B AL, b, RSN AE 7 B Rk, AL, MEFLTEREIERBRIFE, FIEE RS 5, L5 E AN EAREQRDIEL. B, M&THS0ELG0 L
IF AR S, RSP mE .
Hh, @RI, HAEMRENELE, Adh, K RXaCE,
1. “chargé d'affaires ad interim”#R /%5 %4 “WSEK A" ; “vice foreign minister”i# % “&IshK” | mAkd R E LA B @Kl AELN “HFLR” ; b E AL
R “FER” o
i1 4R 3% “During a meeting ... on 15 June 1956”2 % % “195646 1158, A&+ Eiz&migis K AFERGLLT” o
EARAE, SREFAEA HERT o
“Vietnamese data”—#Ak %4 “Al 7 @ F A"
“acting director” % LiFE R “KK” , “Le Loc” it BAUEEL Y “HAk” .
“judging from history”——% % “AH L LA" K “WLTIE” , £&5 ETF LN LI MRy Rik,
A LA b B & E T ARRE L
8. 515 @m, RENENTEEER)AMILELLHE, EPRMNY ARESZ] 5/F 5o F 005 TE Y BEARMEL F &K DB,
TARMAGG, BB E, RERE, EiRhibk, ARKER— RS EX. FRLAZRED L RNE, b L AREMAIR, HHRFEZHDIR, </think>
<answer>1956-4F6 15 8, Al R E Ao 8 51 52 3 &) oh K Sk A2 A I o [E] A oy (046 1 E K B2 8 R ARE A T : “ARIBAR ey b, B R G Aed B G §F
Qﬁfﬁr‘i‘?@ﬁfléﬂiu Y Yt ey A S AR S K S KR ARAREE N R TG S R CABRER, IAHGHAERKHTZETFE. ” </answer> /

N

N s w

Figure 14: Examples of our curated difficulty-adaptive Long CoT data (Hard).
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Prompt: Translate the following sentence from Chinese into English.
“HEMmEx! 7

P3

=3
F’rhink*irs‘r, I assess the difficulty of this translation. The source sentence "#M1= %! ” is short and \

clear, with no cultural nuances or domain-specific terms, making it a simple task.
Next, I analyze each component: " #4117 translates directly as "we"; "B %” means "go back”, and in
English, "Let's go back!" is accurate and natural. Considering possible contexts (such as action movies,

novels, or casual conversation), the phrase should maintain its brevity and emphasis. Since there are no

special cultural references or ambiguities, a concise and faithful translation is appropriate.
Overall, the optimal approach is to translate word-for-word accurately and preserve the original

tone.</think>
kanswew"Le‘r's go back!"</answer> Eltuhens /

Prompt: Translate the following sentence from German into English.
Neuen Eintrag hinzufiigen

g\
>
g/

<think>First, I assess the difficulty of translating "Neuen Eintrag hinzufiigen" from German to English.
The sentence consists of a straightforward phrase with no cultural nuances or domain-specific jargon,
making it a simple task.

Next, I analyze each component: "Neuen" translates directly as "new"; "Eintrag" means "entry"; and
"hinzufiigen" is accurately rendered as "add". In ftechnical contexts, such as soffware interfaces,
precision and brevity are valued, but there is no need for elaborate strategies.

Reviewing possible alternatives like "Add new entry", "Add new item", or "Add entry", I find that "Add
new entry" maintains accuracy and fidelity to the original while fitting typical UI conventions in English.
Overall, this translation requires minimal cognitive effort beyond accurate word choice and attention to

register.</think>

\answermdd new entry</answer> 182 tokens /

Figure 15: Output examples of our TWT-7B.
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@ Prompt: Translate the following sentence from Chinese into English.
GFHFPOFEETHEFTHRS, W THBAEX—ZLFHERE EF,

<think>First, I assess the difficulty of this translation. The sentence involves literary description and
requires attention to accuracy in character details and imagery, but there is no deep cultural nuance or
technical challenge, so I consider it a moderate task.

Next, I analyze each component: ' % % J.F &) % % F' translates as 'a middle-aged man wearing leather
armor', accurately conveying both the attire and age. '35 % ¥ %' becomes 'stood on the deck', which
maintains fidelity and fits typical novelistic style. ' & T il X —2 L7 49 F R 5 % %' means looking down
at the endless grassland and beautiful scenery below; ‘looked down at the vast grassland and the beautiful
scenery below' preserves the original's emphasis and flow. To optimize, I ensure that ‘vast grassland' is
appropriately rendered as 'the endless prairie’ for naturalness and accuracy.

Overall, the sentence should be concise yet vivid, suitable for an English-language novel.

After reviewing possible alternatives, such as 'a middle-aged man in leather armor stood on the deck,
looking down at the endless grassland and the beautiful scenery below', I confirm that this translation
maintains accuracy, fidelity, and appropriate tone.</think>

<answer>A middle-aged man in leather armor stood on the deck, looking down at the endless grassland and

the beautiful scenery below.</answer> 278 tokens

Prompt: Translate the following sentence from German into English.
® ii) von Riickstdnden dieser Stoffe in lebenden Tieren, deren festen und fluessigen
Ausscheidungen sowie im Tiergewebe und in tierischen Erzeugnissen wie Fleisch,
Milch, Eiern und Honig beschreiben;

<think>First, I assess the difficulty of this translation. The sentence involves precise legal terminology
and requires accuracy in mapping each phrase to its appropriate English equivalent, but there is no unusual
cultural nuance or ambiguity, making it a moderate task.

Next, I analyze each component: 'von Riickstdnden dieser Stoffe' translates as 'of residues of these
substances', which is accurate and faithful to the source. 'In lebenden Tieren' becomes 'in live animals', a
direct and correct choice. 'Thre festen und fluessigen Ausscheidungen' refers to solid and liquid excreta,
accurately rendered as 'their solid and liquid excreta’. ' Sowie im Tiergewebe' means 'and in animal
tissues', with ‘animal tissue' being an appropriate and concise term.

Finally, 'und in tierischen Erzeugnissen wie Fleisch, Milch, Eiern und Honig beschreiben' should become
‘describe in animal products such as meat, milk, eggs and honey'; here, 'products’ is suitable and maintains
precision, though 'derived products’ could also be considered if broader context demands it, but given the
specificity of the list, ‘animal products’ is accurate and clear.

Overall, the translation should preserve accuracy and flow typical for formal regulatory language.</think>

<answer>(ii) the residues of such substances in live animals, their solid and liquid excreta, in animal tissues

and in animal products such as meat, milk, eggs and honey;</answer> 310 tokens

Figure 16: Output examples of our TWT-7B.
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CRR CREENR RAVERERGH S, 0ERBRRG—LIEH HivE K ER GRS
LA, LABR—L RELXZK | IALRZE FHEEIKR HIAZARE5E K
HRAK, RALERT ! 7 MK LE,

@ Prompt: Translate the following sentence from Chinese into English.

<think>First, I assess the difficulty of this translation. The source sentence involves domain-specific
terms from fictional novels, such as ‘R £ XK', "4v & X #}', and ' ZIKH', requiring moderate to high
accuracy in terminology and logical reasoning. Therefore, it is a hard task suitable for careful attention to
accuracy and flow.

Next, I analyze each component: ' £ 7K' should be rendered as 'Eternal Youth Holy Water'; "4 & X #
' refers specifically to a 'Divine Realm Major World', which can be translated as 'Divine Realm World'
or 'Divine Realm Realm', with both accurate and concise options available; ' 245" is accurately
translated as 'War Star Federation'. For the phrase ' & sk 23 69 — 255 4 540 & KR 6938 4 4 0,
Laim—ik REZK" ', I need to ensure that the logic flows smoothly in English, suggesting a
connection between the powerful figures from the War Star Federation and those from the Divine Realm
World, who might exchange some 'Eternal Youth Holy Water'. This could be expressed as 'Some powerful
individuals in the War Star Federation have connections with the powerful beings in the Divine Realm
World, and they would also trade for some "Eternal Youth Holy Water"', maintaining accuracy and fidelity.
Finally, '# 2% & “REZR” SLkE DR 54 EKERA X, LALERT ! ' means 'Just because there is
a little bit of "Eternal Youth Holy Water", it's too strong to conclude that the organization is related to
the Divine Realm World!', emphasizing skepticism. A natural rendering would be: ‘However, since
"Immortal Holy Water" is a specialty of the Divine Realm World, but some powerful individuals in the War
Star Federation also have connections with the powerful beings in the Divine Realm World, and they would
also trade for some 'Immortal Holy Water', so it's a bit too far-fetched to conclude that the
organization has anything to do with the Divine Realm World just based on this small amount of ‘'Immortal
Holy Water'l

Overall, the translation requires precision and logical coherence, fitting the style of a novel.</think>
<answer>"Although the 'Tmmortal Holy Water' was a specialty of the Divine Realm Major World, some

powerful individuals in the War Star Federation also had connections with the powerful beings in the

Divine Realm Major World, and they would also trade for some ‘Tmmortal Holy Water'. Therefore, it was a

bit too far-fetched to conclude that the organization was related to the Divine Realm Major World just

because of this small amount of 'Tmmortal Holy Water'l" Hans shook his head and said.</answer>

556 tokens

Figure 17: Output examples of our TwT-7B.
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Laws News Science Subtitles

Method
BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI  Tokens
Large Language Models
DeepSeck-V3 59.58 89.15 84.42 - 35.86 86.94 85.44 - 33.54 88.28 85.46 - 23.66 82.44 82.69 -
Gemini-2.0-Flash 56.43 88.90 84.39 - 36.39 86.37 85.14 - 3347 87.69 85.24 - 24.64 81.91 82.33 -
GPT-40 48.50 88.28 84.52 - 34.58 86.22 85.02 - 32.09 87.34 84.84 - 2491 81.91 81.93 -
Large Reasoning Models
DeepSeck-R1 59.34 89.15 84.68 577 33.35 86.67 85.40 498 31.82 88.08 8547 478 20.50 8210 8284 514
Gemini-2.0-Flash-Thinking 55.75 88.61 84.27 702 33.90 86.02 84.79 1149 31.98 87.47 85.06 1092 23.83 80.90 81.22 708
OpenAl-03-mini 4273 87.67 84.44 428 32.90 86.29 85.35 443 31.38 87.42 85.24 385 22.95 81.90 82.40 355
OpenAl-ol 48.11 88.32 85.13 478 33.93 86.61 8547 408 32.32 87.92 85.56 367 22.96 8231 82.60 340
GPT-5 54.06 89.34 85.43 784 35.05 86.65 85.52 740 3221 88.06 8547 606 23.23 82.32 82.68 519
QwQ-32B 43.77 87.35 84.39 667 33.24 85.77 84.63 584 32.05 87.11 84.42 563 22.58 81.54 81.29 584
MT-Specialized Models
SFT-Parallel-7B 56.64 88.82 84.28 - 28.89 85.43 8391 - 29.28 86.19 83.68 - 26.93 81.41 80.26 -
ALMA-7B-R 36.34 85.45 81.86 - 24.53 83.95 81.64 - 22.16 84.33 81.83 - 18.56 80.18 79.40 -
ALMA-13B-R 40.33 86.89 83.10 - 26.87 84.65 82.43 - 24.37 85.72 82.59 - 19.54 81.11 80.00 -
TowerlInstruct-7B-v0.2 50.53 88.25 82.96 - 30.72 84.61 82.45 - 27.76 85.60 82.99 - 2245 80.75 80.01 -
Towerlnstruct-13B-v0.1 52.28 88.57 83.09 - 3224 85.36 83.09 - 29.43 86.00 83.17 - 23.74 81.19 80.74 -
CoT-FT-7B 57.05 88.76 84.35 51 30.17 85.23 83.31 42 28.72 86.02 83.48 39 28.17 80.92 79.20 29
MT-R1-Zero-7B 35.49 86.78 84.51 72 31.69 86.01 84.54 64 29.45 86.87 84.61 61 22.48 81.73 81.70 55
SSR-X-Zero-7B 38.88 86.44 83.44 56 28.14 85.87 83.98 52 28.54 87.11 84.65 49 23.18 80.50 81.99 39
mExTrans-7B 38.77 87.11 84.44 597 25.05 86.07 85.34 553 25.74 87.34 85.31 546 14.31 81.40 82.85 476
Our Models
TwT-Qwen2.5-7B-Instruct 52.56 88.76 84.73 310 33.63 86.75 84.88 311 3241 87.53 84.77 294 24.74 82.63 81.73 247
TwT-Qwen2.5-14B-Instruct 56.03 89.07 84.65 320 34.57 86.65 84.63 285 32.75 87.54 84.66 272 24.44 82.73 81.74 241
Method Literary IT Koran Medical Average
BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens
Large Language Models
DeepSeek-V3 16.14 77.28 77.07 - 38.16 83.90 78.86 - 17.94 74.91 80.33 - 41.43 84.15 81.90 - 3329 83.38 82.02 -
Gemini-2.0-Flash 1837 7720  76.67 - 3793 8320 7849 - 1970 7497 7971 - 4439 8449 8176 - 3391 83.09 8172 -
GPT-40 17.75 77.48 77.18 - 37.23 83.52 78.37 - 17.65 75.04 80.64 - 41.89 84.23 81.89 - 31.83 83.00 81.80 -
Large Reasoning Models
DeepSeek-R1 1125 7544 7516 574 3666 8349 7868 593 1705 7476 8063 790  40.69  83.94 8239 667 3133 8295 8191 586
Gemini-2.0-Flash-Thinking 18.01 77.06 76.63 781 37.26 82.94 78.40 345 19.57 75.03 79.79 677 43.36 84.14 81.70 415 32.96 82.77 81.48 734
OpenAl-03-mini 17.48 76.77 76.67 546 37.13 82.63 78.20 343 15.52 73.54 80.19 511 39.82 83.60 81.79 346 29.99 82.48 81.78 420
OpenAl-ol 1654 7750 7781 521 3640 8320 7975 403 1676 7503 8202 506  40.44  83.88 8329 441 3093 8310 8270 433
GPT-5 15.01 76.72 77.08 859 36.92 83.58 79.22 492 18.83 7549  81.80 751 43.00 8429  83.13 531 3229 83.31 82.54 660
QwQ-32B 12.99 75.98 76.31 863 21.93 82.95 79.43 583 12.36 73.59 81.47 963 33.95 83.27 82.82 735 26.61 82.20 81.85 693
MT-Specialized Models
SFT-Parallel-7B 15.77 76.73 75.37 - 40.64 84.08 79.35 - 21.09 74.66 78.39 - 43.76 84.40 82.47 - 32.88 82.72 80.96 -
ALMA-7B-R 13.46 75.12 74.97 - 3375 81.12 77.72 - 14.09 71.92 79.12 - 37.97 83.04 81.36 - 25.11 80.64 79.74 -
ALMA-13B-R 1420 7589  75.81 - 3422 8163 7778 - 1475 7276 79.63 - 4034 8338  81.49 - 2683 81.50  80.35 -
Towerlnstruct-7B-v0.2 15.54 75.49 74.93 - 38.20 83.47 78.67 - 10.99 69.02 70.13 - 46.81  84.58 80.80 - 30.38 81.47 79.12 -
TowerlInstruct-13B-v0.1 16.81 76.01 75.46 - 39.26 83.85 78.44 - 11.41 69.23 69.16 - 48.55 84.99 80.93 - 3172 81.90 79.26 -
CoT-FT-7B 15.31 76.45 74.96 52 40.41 83.79 79.27 35 20.52 74.04 78.16 45 44.21 84.34 82.59 46 33.07 82.44 80.66 42
MT-R1-Zero-7B 13.75 76.93 76.72 69 3451 82.71 79.59 56 13.05 72.84 80.66 71 27.28 83.31 82.69 71 25.96 82.15 81.88 65
SSR-X-Zero-7B 13.66 76.82 76.14 54 27.01 80.08 76.57 36 13.97 72.86 79.75 46 28.86 82.12 80.98 50 25.28 81.47 80.94 48
mExTrans-7B 10.43 76.16 76.62 610 25.54 78.76 77.19 452 11.80 73.88 80.56 604 25.40 81.66 81.93 565 22.13 81.55 81.78 551
Our Models

TwT-Qwen2.5-7B-Instruct  17.93 7835 7730 281 40.12 84.04  80.05 222 21.13 7545 80.19 269 4374 8432 8281 262 33.28 8348 8206 274
TwT-Qwen2.5-14B-Instruct 19.10 7840 7693 354 4126  84.17  79.68 234 2220 7571 80.13 336 4445 84.42 8289 287 3435 8359 8191 291

Table 18: Detailed metric breakdown for Table 3. We report in-domain translation results across eight domains,
averaged over En—Zh, Zh—En, and De—En.
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Method Conversation Ecommerce Social
BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens
Large Language Models
DeepSeek-V3 36.76 87.03 81.48 - 32.29 85.53 81.19 - 32.26 84.59 81.44 -
Gemini-2.0-Flash 38.05 86.90 81.37 - 3241 85.49 80.87 - 32.98 84.28 81.04 -
GPT-40 38.02 86.79 81.43 - 32.88 85.57 81.04 - 32.75 84.47 81.08 -
Large Reasoning Models
DeepSeek-R1 33.34 86.47 81.37 534 27.41 85.03 80.91 552 27.22 83.94 81.17 554
Gemini-2.0-Flash-Thinking 37.21 86.64 81.24 1204 31.50 85.24 80.74 822 31.79 83.89 80.83 1081
OpenAI-03-mini 36.66 86.31 81.15 290 31.51 85.13 80.97 363 31.79 84.00 80.96 372
OpenAl-ol 35.50 87.10 82.81 327 29.65 85.61 82.13 399 29.21 84.50 82.43 405
GPT-5 35.25 87.14 82.82 448 29.09 85.37 82.02 609 29.00 84.10 8231 652
MT-Specialized Models
SFT-Parallel-7B 32.20 84.11 80.62 - 26.94 82.92 80.12 - 25.88 81.61 80.12 -
ALMA-7B-R 29.49 84.67 79.96 - 25.13 82.98 79.50 - 25.76 82.51 79.717 -
ALMA-13B-R 31.86 85.48 80.76 - 26.24 83.75 80.12 - 27.00 83.06 80.47 -
CoT-FT-7B 31.58 84.09 80.63 31 26.71 82.95 80.11 45 24.98 81.37 79.83 42
MT-R1-Zero-7B 32.38 85.88 81.50 53 26.98 84.25 81.25 66 26.39 83.28 81.40 65
SSR-X-Zero-7B 30.65 85.32 81.13 37 25.64 83.94 80.79 50 25.47 83.19 81.26 49
mExTrans-7B 24.53 84.72 81.15 464 20.46 83.52 81.24 566 19.60 82.29 81.70 555
Our Models
TwT-Qwen2.5-7B-Instruct 35.10 86.37 81.69 231 30.92 84.85 81.35 273 30.79 84.08 81.58 269
TwT-Qwen2.5-14B-Instruct 35.35 86.39 81.58 240 31.04 85.11 81.21 309 31.04 83.91 81.46 298
Method Culture CommonSense Average
BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens
Large Language Models
DeepSeek-V3 40.27 85.46 83.21 - 32.55 85.36 79.98 - 34.83 85.59 81.46 -
Gemini-2.0-Flash 39.11 85.02 82.94 - 31.60 84.71 79.38 - 34.83 85.28 81.12 -
GPT-40 38.65 85.24 83.14 - 32.54 85.26 79.87 - 34.97 85.47 81.31 -
Large Reasoning Models
DeepSeek-R1 35.88 85.45 83.14 560 28.50 84.52 79.99 602 30.47 85.08 81.32 561
Gemini-2.0-Flash-Thinking 36.94 84.63 83.68 1220 32.15 84.50 79.68 2335 33.92 84.98 81.23 1332
OpenAI-03-mini 34.05 84.36 84.25 596 28.23 84.28 80.85 436 32.45 84.82 81.64 411
OpenAl-ol 34.57 85.06 84.25 542 28.43 84.97 80.95 392 31.47 85.45 82.52 413
GPT-5 35.79 85.04 84.15 984 27.08 84.43 80.75 530 31.24 85.22 82.41 645
MT-Specialized Models
SFT-Parallel-7B 31.81 82.87 81.35 - 22.19 81.91 78.98 - 27.81 82.68 80.24 -
ALMA-7B-R 33.25 83.81 82.83 - 23.25 82.80 80.00 - 27.38 83.35 80.41 -
ALMA-13B-R 22.23 81.12 79.48 - 27.35 82.41 78.97 - 26.94 83.16 79.96 -
CoT-FI-7B 3041 82.46 81.10 54 22.38 81.97 78.88 33 27.21 82.57 80.11 41
MT-R1-Zero-7B 31.86 83.99 82.85 79 24.50 82.94 79.53 51 28.42 84.07 81.31 63
SSR-X-Zero-7B 28.70 83.25 81.11 66 23.93 82.82 79.80 34 26.88 83.70 80.82 47
mExTrans-7B 27.12 84.30 83.92 631 18.61 81.92 79.23 470 22.06 83.35 81.45 537
Our Models
TwT-Qwen2.5-7B-Instruct 35.24 84.59 83.64 352 29.08 84.30 80.07 219 32.23 84.84 81.67 269
TwT-Qwen2.5-14B-Instruct 37.70 84.71 83.23 333 29.81 84.36 79.98 259 32.99 84.90 81.49 288

Table 19: Detailed metric breakdown for Table 4. We report OOD translation results across five domains, averaged
over En—Z7h, Zh—En, and De—En.
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En—Zh Zh—En De—En

Method
BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens

Large Language Models

Qwen2.5-7B-Instruct 35.05 85.44 83.11 - 12.63 69.88 70.22 - 28.82 79.36 80.53 -

Gemma-2-9B-IT 32.66 84.49 82.36 - 13.57 72.41 71.94 - 25.84 77.06 79.01 -
MT-Specialized Models

ALMA-7B-R 26.69 84.13 81.43 - 13.46 75.12 74.97 - 28.87 79.66 80.13 -

Tower-Plus-9B 3791 86.76 84.88 - 16.56 77.88 71.78 - 36.56 82.21 82.36 -

SFT-Parallel-7B 38.58 86.34 83.39 - 15.77 76.73 75.37 - 35.72 81.63 81.11 -

MT-R1-Zero-7B 32.00 86.23 84.34 62 13.75 76.93 76.72 69 25.56 80.39 81.73 66

SSR-X-Zero-7B 34.20 86.86 84.58 50 14.83 77.45 77.27 54 26.65 80.39 81.55 45

mExTrans-7B 28.63 86.44 85.02 537 10.43 76.16 76.62 610 22.06 79.27 80.88 544

Our Models

TwT-Qwen2.5-7B-Instruct 38.28 87.27 84.43 298 17.93 78.35 77.30 281 35.53 81.93 81.90 256

TwT-Gemma-2-9B-IT 36.34 86.65 84.23 227 19.17 78.11 77.07 249 36.73 82.15 81.97 218

Method En—X X—En Average

BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens BLEU COMET KIWI Tokens

Large Language Models

Qwen2.5-7B-Instruct 597 55.56 51.30 - 20.45 76.22 74.30 - 20.58 73.29 71.89 -

Gemma-2-9B-IT 14.05 75.63 73.16 - 31.55 84.71 82.88 - 23.53 78.86 77.87 -
MT-Specialized Models

ALMA-7B-R 2.78 58.13 73.13 - 12.01 63.94 58.17 - 16.76 72.20 73.57 -

Tower-Plus-9B 6.07 63.86 69.46 - 27.99 81.38 79.68 - 25.02 78.42 78.83 -

SFT-Parallel-7B 1.19 52.16 43.97 - 18.47 75.58 73.05 - 21.95 74.49 71.38 -

MT-R1-Zero-7B 5.91 58.76 58.27 358 21.91 77.48 75.61 74 19.82 75.96 75.34 126

SSR-X-Zero-7B 6.02 58.94 56.34 306 20.73 78.05 75.78 48 20.49 76.34 75.10 101

mExTrans-7B 5.09 61.33 61.74 1047 15.95 76.80 75.21 731 16.43 76.00 75.89 694

Our Models
TwT-Qwen2.5-7B-Instruct  5.99 59.57 57.83 483 22.94 717.73 75.84 328 24.13 76.97 75.46 329
TwT-Gemma-2-9B-IT 11.12 72.02 80.82 280 32.79 85.02 83.30 257 27.23 80.79 81.48 246

Table 20: Detailed metric breakdown for Table 5. We report results on seen and unseen language directions.
En, Zh, and De are seen languages, while X denotes unseen languages; En—X and X—En report averages over
English<+unseen-language directions.
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