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Abstract

Recently, deep reasoning large language mod-
els (LLMs) like DeepSeek-R1 have made sig-
nificant progress in tasks such as mathematics
and coding. Inspired by this, several studies
have employed reinforcement learning (RL)
to enhance models’ deep reasoning capabil-
ities and improve machine translation (MT)
quality. However, the terminology translation,
an essential task in MT, remains unexplored
in deep reasoning LLMs. In this paper, we
propose TAT-R1, a terminology-aware trans-
lation model trained with reinforcement learn-
ing and word alignment. Specifically, we first
extract the keyword translation pairs using a
word alignment model. Then we carefully de-
sign three types of rule-based alignment re-
wards with the extracted alignment relation-
ships. With those alignment rewards, the RL-
trained translation model can learn to focus
on the accurate translation of key information,
including terminology in the source text. Ex-
perimental results show the effectiveness of
TAT-R1. Our model significantly improves ter-
minology translation accuracy compared to the
baseline models while maintaining compara-
ble performance on general translation tasks.
In addition, we conduct detailed ablation stud-
ies of the DeepSeek-R1-like training paradigm
for machine translation and reveal several key
findings. The code, data, and models will be
publicly released!.

1 Introduction

Terminology translation is an essential task in ma-
chine translation, and its accuracy significantly im-
pacts the translation quality of specialized domain
texts. Many researchers have conducted extensive
studies on terminology translation, proposing vari-
ous methodologies. Kim et al. (2024) detect terms,
constructs a terminology database, and provides

"https://github.com/MrHungry/TAT-R1

term information via retrieval-augmented genera-
tion (RAG) before model translation. Moslem et al.
(2023) synthesize bilingual data containing terms,
fine-tunes the model, and applies post-processing
to correct terminology after translation. DragFT
(Zheng et al., 2024) employ few-shot examples
to enhance translation performance in specialized
domains. Bogoychev and Chen (2023) improve
term translation by constraining incorrect termi-
nology during decoding. These methods generally
rely on relatively accurate terminology extraction
to either (1) construct training data for supervised
fine-tuning or (2) incorporate relevant terminologi-
cal information during the inference phase.

Recent advances have demonstrated promis-
ing progress in leveraging reinforcement learning
(RL) to stimulate models’ deep reasoning capa-
bilities, exemplified by DeepSeek-R1 (DeepSeek-
Al 2025). These developments have further val-
idated that the enhanced model abilities acquired
through RL exhibit strong generalization perfor-
mance. Inspired by DeepSeek-R1 (DeepSeek-Al,
2025), some studies have tried to use reinforcement
learning to stimulate the model’s deep reasoning
capabilities and improve translation quality. R1-T1
(He et al., 2025) synthesize training data with rea-
soning processes for translation, first applying SFT
and then conducting reinforcement training using
COMET (Rei et al., 2020) as the reward. Similar
to DeepSeek-R1-Zero, MT-R1-Zero (Feng et al.,
2025) directly perform reinforcement training on
a pretrained model, employing BLEU (Papineni
et al., 2002) and COMETKiwi (Rei et al., 2022) as
rewards. DeepTrans (Wang et al., 2025) directly
uses DeepSeek-V3 (DeepSeek-Al, 2025) scoring
as the reward, enhancing the model’s performance
in literary translation through reinforcement learn-
ing. To the best of our knowledge, no existing
research has explored the integration of reinforce-
ment learning and deep reasoning for terminology
translation tasks.
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Reference Translation

DI PLEHEZREEBETRSBNER
-7 ATEIR (This is Chinese)

Source Text to be Translated

Don't let SNP to tum health service crisis into the
"new normal" - Scotsman comment

TAT-R1 model ‘

Predicted Translation
<think>

1. “Don‘t let SNP to turn health service crisis into the 'new normal™ can be
translated to "R EIL FIR ER KRB ETRSBNERFES " or "R E
b P 2 R BRSE G B 7 AR &5 1 R AL AR 3 %75 (This is Chinese) .

2. " can be lated to “FRiE2 ATFIR" or “FRi&= ATE
X" (This is Chinese) .
3. The overall structure and tone should maintain the style of a commentary or
editorial, while ensuring the translation is natural and fluent.

4. “Scotsman” typically refers to {742 A3R) (The Scotsman) , so
“Scotsman comment” can be translated as * {FRi1&2 AIR) L or “FrigE
ATFL" (This is Chinese) .

5. Carefully refine each segment to ensure the full translation aligns with
natural Chinese conventions.

</think>

<answer>

FEUEFEZREEBETRSERBNER T ES —HREATFR ———

</answer> (This is the final Chinese translation) r

—

—

TAT-R1 model ‘
Extract key alignment

GRPO

Overall Reward

Answer-align-word reward Rgqy

Reference Key Alignment

(SNP/3, HIEZRIKFES) ... ,

Predicted Key Alignment

(SNP/3, FAEZRIKIE3) ...

Answer-align-order reward Rgq,

Think-align-word reward R;gq,,

e

Extract key alignment

o P
o%°

% Format reward Rgormar

5 COMET reward Reomet

Figure 1: The overview of TAT-R1 training with RL and word alignment.

In this paper, we propose TAT-R1, a terminology-
aware translation model trained with reinforcement
learning and word alignment. First, using word
alignment techniques, we design effective rein-
forcement learning reward signals for terminology
translation tasks. Word alignment involves analyz-
ing parallel bilingual corpora to determine transla-
tional equivalence between words across languages.
By leveraging word alignment techniques, we can
effectively extract domain-specific key terms from
parallel training corpora, thereby substantially miti-
gating the challenge of scarce terminology-labeled
training data. Then, we directly train our model us-
ing RL, and extensive experimental results demon-
strate the effectiveness of our proposed method.
Our main contributions are as follows:

* We propose TAT-R1, the first terminology-
aware translation model trained with RL and
word alignment rewards. Leveraging word
alignment, we design three simple yet effec-
tive reward functions for terminology transla-
tion model training.

» Experimental results demonstrate the effec-
tiveness of TAT-R1. TAT-R1 significantly im-
proves terminology translation accuracy com-
pared to the baseline while maintaining com-
parable performance on general translation

tasks. Moreover, we do not need any termi-
nology detection during inference.

* We conduct detailed ablation studies of the
DeepSeek-R1-like training paradigm for ma-
chine translation, and reveal several key find-
ings, including the generalization capability of
RL, the different impacts of various rewards,
and the effectiveness of the reasoning process.

2 Methods

In this section, we present the reward mechanisms
and reinforcement learning algorithm employed in
our proposed TAT-R1 model.

2.1 Design of Rewards

As shown in Figure 1, the rewards we use in our
RL training have three parts: format reward, comet
reward, and word alignment reward.

Format Reward. As shown below, we employed
a template similar to that used in DeepSeek-R1,
requiring the model to output its reasoning process
within <think></think> tags and the translation
results within <answer></answer> tags. Here, tar-
get_language specifies the target language, while
source_text denotes the input text. To prevent the
model from generating non-translation content in
the <answer></answer> section, we explicitly in-



cluded the instruction "without additional explana-
tions" in the User prompt.

Template for TAT-R1

A conversation between User and Assis-
tant. The User asks a question, and the
Assistant solves it. The Assistant first
thinks about the reasoning process in the
mind and then provides the User with the
answer. The reasoning process is enclosed
within <think></think> and the answer
is enclosed within <answer></answer>
tags, i.e., <think> reasoning process
here </think><answer> answer here
</answer>.

User:

Translate the following text into ({tar-
get_language} without additional explana-
tions:

{source_text}

Assistant:

\. J

We employ regular expressions to verify whether
the model’s output conforms to the format specified
in the template. If compliant, the format reward is
set to 1; otherwise, it is 0. Specifically:

1, if the format is correct
Rformat = . Lo 1
0, if the format is incorrect

COMET Reward. COMET is a widely-used eval-
uation metric in machine translation that assesses
translation quality at the semantic level. The effec-
tiveness of COMET-based rewards has been vali-
dated in papers (He et al., 2025) and (Feng et al.,
2025). In this work, we incorporate COMET-22 as
one component of our reward functions. To main-
tain training stability, we adopt a similar approach
to that used in (He et al., 2025), specifically:

Reomet = round(comet, 2) 2)

Word Alignment Reward. Semantic evaluation
metrics like COMET primarily assess the overall
translation quality of a model but often fail to accu-
rately capture the translation accuracy of localized
information, such as technical terms. BLEU, an
n-gram-based metric, mainly measures the n-gram
overlap between reference translations and model

outputs. However, for translation tasks, BLEU
imposes overly strict requirements. Unlike mathe-
matics or code, where there is a single correct an-
swer, translation permits multiple valid renditions.
Enforcing strict n-gram matching between model
outputs and references—as BLEU does—may not
always be reasonable and could even introduce
negative semantic effects, as we later verify in our
experiments. For instance, a single Chinese sen-
tence may have multiple valid English translations
with varying syntactic structures.

Nevertheless, key elements like terminology of-
ten demand precise translation. By incorporating
reward signals that specifically evaluate the accu-
racy of such critical terms, we can enhance their
translation fidelity without compromising overall
semantic quality.

In machine translation, word alignment is a crit-
ical task that aims to automatically establish cor-
respondences between words in source and target
language sentences. This task involves analyzing
parallel bilingual corpora to determine translational
equivalence between words across languages. In
this work, we leverage word alignment to design
three distinct reward mechanisms for improving
translation quality. Next, we present the detailed
computation process for the three word-alignment-
based reward mechanisms.

First, we can use word alignment models to iden-
tify word-level alignment information between the
source text, reference text, and translated text.

Assume the tokenized sequence of the source
text is S and s; is the i-th word in S. Therefore,
the tokenized sequence of the source text can be
represented as:

. SN] (3)

where IV represents the length of source sequence.
Similarly, the tokenized sequence of the corre-
sponding reference translation and predicted trans-
lation can be represented as:

S = [81, 82,83, ce0y Sjy enn

R = [7'1,7'2,7“3,...,7’3',...,7"]\4] (4)

P = [p17p27p37"'7pk7"'apK] (5)

where M represents the length of reference tokens
and K represents the length of predicted tokens.
Given the tokenized sequences of the source text,
reference translation, and predicted translation we
can input them into the word alignment model to
obtain token-level alignment relationships:

Aref — AlZgTL(S, R) — [,A:jef, ] (6)



AP = Align(S, P) = ..., AL S, .. (D)

where A"/ represents the alignments between
source and reference tokens, and AP represents
the alignments between source and predicted to-
kens. A:;f represents the i-th token in source to-
kens and the j-th token in reference tokens are
aligned. A%'“ represents the i-th token in source
tokens and the k-th token in predicted tokens are
aligned, which can be expressed in formulas re-
spectively as Azjef = (si/i,rj/j) and ALC =
(Si/i7pk/k)'

Next, we perform Named Entity Recognition
(NER) on the source tokens, retaining nouns as
key elements requiring alignment. This is because
noun translations typically exhibit less variability
compared to sentence structures or conjunctions,
where multiple valid translations often exist. So,
after this step, the key alignments are a subset of
original alignments, and the aligned source tokens
are all nouns. We denote the set of key alignments
as A'ref_key and Ap're_key‘

Last, we can calculate the alignment reward
with A7¢f-ke¥ and APre-*e¥  As shown in Fig-
ure 1, we design three types of alignment rewards,
namely answer-align-word reward R,q,,, answer-
align-order reward R4, and think-align-word re-
ward Riq.

Answer-align-word reward reflects the word
overlap ratio between the reference key alignment
and the predicted key alignment. This reward en-
courages the model to translate key information in
its output accurately and can be denoted as:

len(Aref_key N Apre_key)
len(S) + len(P)

we include the length of the model’s output token
sequence in the denominator to prevent the model
from generating excessively long outputs to hack
this reward.

The answer-align-order reward is a reward that
reflects the order overlap ratio between the refer-
ence key alignment and the predicted key align-
ment. This reward encourages the model to follow
the order of key information as it appears in the
reference translation and can be denoted as:

Raaw = (8)

len(OD(AT¢f-Fev) N (O D(APre-Fey))
len(OD(Aref key))

Raao =
)]

where OD(X) means getting the order pairs of
sequence X . For example, if X = [a,b, ], then
OD(z) = {ab, ac, bc}.

Similar to the answer-align-word reward, the
think-align-word reward is a reward that reflects the
word overlap ratio between the reference key align-
ment and the text in tags <think> and </think>.
This reward encourages the model to consider how
to translate key information before outputting the
final answer and can be denoted as:

num of AT¢f-keY hit in think
len(Aref_key)

Rtaw = ( 10)

where num of A"¢f-*¢Y hit in think means
the number of appearances of aligned word
pairs in text between <think> and </think>
tags. For example, if one item of A"¢f-Fey
is Azjef*key = (si/i,rj/j) and both words s;
and r; appear in thinking process, then the
num of A"¢f-%¢Y hit in think should be incre-
mented by one.

Overall Reward. Given the above rewards, the
overall reward we design can be denoted as:

Oa if Rformat =0
R — Reomet + a * Raqw
all —
+8 * Raao
+7 * Riquw, if Rformat =1

(1D
where the hyperparameters «, 3 and -y control the
trade-off between different reward components.

2.2 RL Algorithom

Our translation model is trained using the Group
Relative Policy Optimization (GRPO) method
(Shao et al.,, 2024), which optimizes policies
through a hybrid reward function proposed in Sec-
tion Design of Rewards. During training, for each
input question g, we generate a set of candidate out-
puts {01, 02, ..., 0} from the current policy model
7o,,,- The advantage value A; for each candidate
is calculated by normalizing its reward r; against
the group’s mean and standard deviation:

r; —mean({ri,r2,...,7q})
std({r1,r2,...,7¢})

A = (12)

GRPO then optimizes the policy parameters
by maximizing the following objective:



Jarro(0) = EqNP(Q)v{Oi}iG:1N7T901d (Olg)

G
éZmin(m(Oi [9) Aj;,
i=1

0514 (0i | @)
clip(iﬂe(oi [9) 1 —e, 14 5) AZ->
W@md(0i| q)

— B DkL (70 H 71—ref)]
13)

3 Experiments and Results

In this section, we will introduce the relevant ex-
perimental setup, present the corresponding experi-
mental results, and provide ablation studies.

3.1 Experimetal Setups

Backbone. We choose Qwen2.5-7B-Instruct (Yang
et al.,, 2024) as the backbone model because
it demonstrates strong multilingual performance
among open-source models of comparable param-
eter size. This helps minimize potential nega-
tive impacts caused by insufficient capabilities of
the base model. We also choose six models as
our baselines, including GPT-40 (OpenAl, 2024a),
Deepseek-V3 (DeepSeek-Al, 2025), Deepseek-R1
(DeepSeek-Al, 2025), Gemma-2-9B-it (Riviere
et al., 2024), Llama-3.1-8B-Instruct (Meta, 2024)
and Towerlnstruct-7B-v0.2 (Alves et al., 2024).
Datasets. Following MT-R1-Zero (Feng et al.,
2025), we used Chinese (ZH) to and from English
(EN) parallel data from WMT 2017 to WMT 2020
as our training data. Additionally, we incorporate
ZH-EN translation pairs from Flores-200 (Costa-
jussa et al., 2022) and NTREX (Federmann et al.,
2022), resulting in 16,124 training samples.

We selecte the ZH-EN test sets from WMT23
and WMT24 for general translation quality evalu-
ation. For terminology-specific translation quality
evaluation, we adopte the RTT test set (Zhang et al.,
2023), a challenging English—German terminol-
ogy test set containing 500 sentence pairs.
Evaluation Metrics. For general translation qual-
ity evaluation, we choose BLEU (Papineni et al.,
2002; Post, 2018), COMETKiwi-23-XL (Rei et al.,
2022), and XCOMET-XL (Guerreiro et al., 2024).
BLEU is a lexical metricc. COMETKiwi is a
reference-free learning-based metric. XCOMET
is a reference-based learning metric. These three
metrics complement each other to some extent, en-

abling the evaluation of translation quality at both
the lexical and semantic levels.

For terminology translation quality evaluation, in
addition to the three metrics mentioned above, we
also assess terminology accuracy (TA), indicating
how many of the source terms have a corresponding
target term in the translation.

Word Alignment. We select the open-source
model SimAlign (Sabet et al., 2020) to extract word
alignment information between the source text and
the translation. SimAlign is an unsupervised word
alignment tool with strong performance in word
alignment tasks across multiple language pairs, in-
cluding English and Chinese. SimAlign takes the
tokenized sequences of the texts to be aligned as
input. For Chinese, we use Jieba® for word segmen-
tation, while for English, we employ NLTK?>.
Training Details. We conduct our training based
on the verl # framework. For the hyperparameters
in overall reward, we set o, 3, and vy to 1, %, and
1—10, respectively. In the GRPO algorithm, we set the
number of rollouts to 16, the sampling temperature
to 1.0, and use a constant learning rate of 1e-6. The
maximum generation length is 4,096 tokens, with
a training batch size of 128. All experiments are
trained for three epochs.

3.2 Results and Analysis

This section presents the main experimental results,
demonstrating that our proposed word-alignment
reward is highly effective. We then provide a de-
tailed analysis of the experimental outcomes and
supplement the findings with relevant ablation stud-
ies.

Main Results. Table 1 presents the performance of
models trained under different settings on the WMT
test set, reflecting their general Chinese-English
translation capabilities. Table 2 shows the results
on the RTT test set, which demonstrate the models’
terminology translation abilities. Here, SFT de-
notes the model obtained by fine-tuning Qwen2.5-
7B-Instruct with our training data, while RL-x rep-
resents the model trained through reinforcement
learning on Qwen2.5-7B-Instruct using our data,
where x indicates different rewards employed dur-
ing the reinforcement process. For example, RL-
Reomet + R gy refers to the model reinforced
using both COMET and BLEU as rewards with
equal weights. The “NER + prompt” in Table 2

2https://github.com/fxsjy/jieba
3https://www.nltk.org/
*https://github.com/volcengine/verl
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Models ZH->EN EN->ZH

BLEU | COMETKiwi | XCOMET Avg. BLEU | COMETKiwi | XCOMET Avg.
GPT-40 24.86 79.01 89.26 64.38 40.69 75.92 79.17 65.26
DeepSeek-V3-0324 23.87 78.89 89.12 63.96 36.25 76.59 80.92 64.59
Deepseek-R1-0210 22.93 78.27 89.11 63.44 36.61 75.79 80.14 64.18
Gemma-2-9b-it 22.00 75.40 87.85 61.75 39.48 71.19 76.17 62.28
TowerInstruct-7B-v0.2 23.36 72.45 85.41 60.41 32.89 66.89 71.83 57.20
Llama-3.1-8B-Instruct 18.47 58.94 83.40 53.60 32.44 66.41 72.54 57.13
Qwen2.5-7B-Instruct 22.18 73.08 86.05 60.44 37.36 71.65 75.46 61.49
SFT 22.15 73.98 86.27 60.80 33.42 68.58 75.19 59.06
RL-Rcomet 22.32 77.51 88.59 62.80 36.12 75.79 79.42 63.78
RL-Rcomet + RBLEU 25.08 75.83 87.62 62.84 40.98 71.33 77.08 63.13
RL-Rcomet + Raaw 23.90 77.39 88.37 63.22 39.05 73.52 78.51 63.69
RL-Rcomet + Raaw + Raao 23.97 77.21 88.27 63.15 38.53 74.94 78.65 64.04
RL-R,;; (TAT-R1) 24.40 77.20 88.38 63.33 39.45 75.57 78.65 64.56

Table 1: Performance on WMT23 ZH to EN and WMT24 EN to ZH testset. ZH represents Chinese and EN
represents English. Avg. represents the average of BLEU, COMETKiwi and XCOMET metrics.

Models FI\{'>DE
BLEU|COMETKIiwi XCOMET| TA | Avg.
Qwen2.5-7B-Instruct 25.87 67.05 88.65 |53.29|58.72
NER + prompt 25.93 67.11 88.74 |53.35|58.78
RL-Rcomet 24.52 70.26 90.17 |54.42|59.84
RL-Reomet+RBLEU 27.37 66.49 88.77 |54.91|59.39
RL-Reomet+Raaw 26.21 71.33 90.56 |55.57|60.92
RL-Reomet+Raaw+Raao| 26.34 72.04 90.99 |55.73|61.28
RL-R,;; (TAT-R1) 27.10 73.82 91.22 |56.42(62.14

Table 2: Performance on RTT testset. DE represents
the German language. Avg. represents the average of
BLEU, COMETKiwi, XCOMET and TA metrics.

represents the method which first extract the ter-
minology using NER and then translate by prompt
engineering. “Avg.” in the table represents the
average value of all metrics.

Regarding general translation performance (Ta-
ble 1), our model TAT-R1 significantly improves
across all metrics compared to the baseline
Qwen2.5-7B-Instruct, and achieves SOTA perfor-
mance among models of similar size, though it still
lags behind closed-source large models like GPT-
40. For ZH—EN translation, the average metric
increased from 60.44 to 63.33 (2.99% improve-
ment), while for EN—ZH, it rises from 61.49 to
64.56 (3.07% improvement). Compared to using
only COMET as a reward (RL-Romet), incorpo-
rating three word alignment-related rewards fur-
ther enhanced the model’s overall performance
metrics. Qwen2.5-7B-Instruct, the baseline we
selected, is not a weak baseline. Its perfor-
mance is only slightly lower than the 9B-parameter
Gemma and significantly better than Llama-3.1-8B
and TowerInstruct-7B-v0.2. Our model, TAT-R1,
achieves SOTA performance among models of sim-
ilar size, though it still lags behind closed-source
large models like GPT-4o.

As shown in Table 2, on the terminology test
set RTT, our model TAT-R1 with word align-
ment rewards demonstrates significant improve-
ments over RL-Rome¢ (Without word alignment
rewards) across all evaluation metrics: BLEU
score increased by 2.58%, COMETKiwi by 3.56%,
XCOMET by 1.05%, and terminology accuracy
(TA) by 2%.

Compared to models not reinforced with word
alignment information, our TAT-R1 achieves
slightly better performance in general translation
tasks and significantly superior results in terminol-
ogy translation, demonstrating the effectiveness of
our proposed word alignment reward mechanism.
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mQwen25-7B-Instruct mSFT  mTAT-R1

RTT(EN->DE)

Figure 2: Compare the performance between SFT and
RL.

Comparison between SFT and RL. To demon-
strate the effectiveness of RL, we fine-tune the
model using the same training data with SFT.
As shown in Figure 2, although the fine-tuned
model showed a slight improvement over the base-
line in Chinese-to-English (Zh—En) translation on
WMT, there was a noticeable decline in English-
to-Chinese (En—Zh) metrics. We attribute this to
noise in the current training data and that not all
reference translations are of higher quality than



Source text to be translated

"New year, same idiotic behavior by
some," New York Republican
Representative Mike Lawler told
Newsweek. "We're not doing an
omnibus, so cach bill is going to
have to be dealt with at conference
and negotiated. Obviously, the
reality is we're probably gonna need
more time to do that. And I don't
support a government shutdown, 5o T
have no problem with doing a short-
term CR that allows for this process
to be completed.”

@m%;z&zm% L

MR . KRR,
BANTHER B S AR B RO
., BAZIFBTEE, AT
BAR R8I 55 R
RSEPLULARR. "(This is Chinese

<think> I need to translate
English text into Chinese
while ensuring the
translation accurately
conveys the original
meaning. </think>

<answer-“¥ifE T, ¥
LANBETAKBE
£, AR
Ribs RARRE R
CHE AT o BOR
SRBGEBRAIER,
Bl §E REBH B
ZREPH TR AN
B. BR, ARERZ,
BANTRER BE S Al
KX —dfE. BIF
REIFBAHE, Al
Bk AR R3S sk
SORWHINIH, XTI
X R/
Bl. "</answer>(The red
text indicates inaccurate
translation.)

[BLEU: 33.49]
[COMETkiwi: 81.35]
[XCOMET: 68.27]

RL-Reomer +
Raaw + Raao

/(RL'Rcamzt + RBLEU%

<think> I need to translate
this text into Chinese.
</think>

<answer>“Ff)—%&F, —
LEANNBETHRIBR
LR FHEESE (HiE
AT Ripfst. Bl
FLBUEERRER,
Bl §E REBH BAE
ZERRPLRIBIH AT
., BR, AXHERE,
BNTREBEE S A
REMX—TR, BIF
TEIFBFEE, Fi
B RE I gk LE
R, MFERIX —i
#8., "</answer> (The red
text indicates inaccurate
translation.)

[BLEU: 44.84]
[COMETkiwi: 82.86]
[XCOMET: 71.59]

<think> Just keep it

<answer> “Hi4E, L
AHBBTHKE, "
ALY FFNTE ARG B

-5 &R (A

F) | BANASHT
SAERR, ASTE
RBBEAEZRAR T4
BRI, BR, AWK
£ RNIEREES

</answer> > (The red
text indicates inaccurate
translation.)

[BLEU: 40.08]
[COMETkiwi: 71.29]
[XCOMET: 59.13]

TAT-R1

<think>1. “New year, same idiotic behavior by some™ can be
translated to “FE 7, REANBBTAKE or FET, FLEA
9B EEFTH BFELKSE" (This is Chinese) .

2."New York Republican Representative Mike Lawler told

simple and awle .
s‘rd:)gh[forWard_ Newsweek" can be translated to “A£Y3t M3 AW RIB 5T 558 &F
</think> (i AFI) " (This is Chinese) .

3.“We're not doing an omnibus, so each bill is going to have to be
dealt with at conference and negotiated” should be translated as “F ]
T HEMEEER, FIASIE REPBAEE RE T AERHE" "
(This is Chinese) .

4.“Obviously, the reality is we‘re probably gonna need more time to

do that” can be translated to @48, IMEKHRE, BIMNTERES
LB Bk 58 BLIXTR TE" (This is Chinese) .

5.“And I don‘t support a government shutdown, so I have no problem
with doing a short-term CR that allows for this process to be completed”
can be translated to i ER A XHFBUFEE, P URF R3BLE
Rk GORIL, 5E PUX—I3AE" (This is Chinese) .

i j8) R FE X ME 7 ’

RRRBETEE, f 6. Ensuring overall coherence and natural flow, translate sentence by
NFRE A 1%5&43 sentence with appropriate adjustments to word order for smooth

— MRS, W readability.

=R, * After incorporating the above sentence-level translations, refine the

overall structure to enhance naturalness and fluency. </think>

<answer-FE T, RLALBES HEKE.
B 151 <?M'T AT . "?iﬂ'];f'“ﬁll

B RIE A4 9§

3%
green text indicates accurate translation.)
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Figure 3: Qualitative examples illustrate the effect of different rewards on EN to ZH translation.
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Figure 4: Compare the average performance between
different word alignment rewards.

the model’s original outputs, negatively impact-
ing the translation performance after SFT. On the
terminology test set RTT, the fine-tuned model al-
most entirely mistranslates English into Chinese
for the English-to-German (En—De) task, resulting
in all metrics dropping close to zero. In contrast,
the RL-trained TAT-R1 model improved across all
metrics, demonstrating strong performance on the
out-of-distribution (OOD) En—De task. This phe-
nomenon indicates that, in translation tasks, RL-
trained models exhibit better stability and general-
ization capabilities compared to SFT.

The Effects of Different Word Alignment Re-
wards. Figure 4 demonstrates the average perfor-
mance of the model when incrementally incorporat-
ing answer-align-word reward, answer-align-order
reward, and think-align-word reward based on RL-
Rcomet- The results show that with the addition of
each word alignment reward, the model’s perfor-

Datasets Metrics c(?nl;e " com(l}tibleu TAT-R1
BLEU 22.32 25.08 24.40
WMT COMETKiwi 77.51 75.83 77.20
(ZH->EN) XCOMET 88.59 87.62 88.38
Avg. 62.80 62.84 63.33
BLEU 36.12 40.98 39.45
WMT COMETKiwi 75.79 71.33 75.57
(EN->ZH) XCOMET 79.42 77.08 78.65
Avg. 63.78 63.13 64.56
BLEU 24.52 27.37 27.10
COMETKiwi 70.26 66.49 73.82
(El\l}- 'l:ll;E) XCOMET 90.17 88.77 91.22
TA 54.42 54.91 56.42
Avg. 59.84 59.39 62.14

Table 3: Compare between BLEU and word alignment
rewards.

mance consistently improves, validating the effec-
tiveness of our proposed word alignment rewards.

In Figure 3, we also present some output cases of
the model after applying different rewards. We ob-
serve that when rewards are calculated only for the
model’s output within <answer> </answer> , the
final “think” step often produces non-functional
statements like “I need to translate the English
text into Chinese and ensure the translation accu-
rately conveys the original meaning.”—failing to
generate meaningful reasoning. This is evident
in the RL-R.omet, RL-Reomet + Raaw, and RL-
Reomet + Rprpy examples in Figure 3. However,
after introducing the think word alignment reward,
the model begins to reason about the translation
of key information in the “think" step, leading to
a significant improvement in the final metrics, as



shown in the TAT-R1 example in Figure 3.
Comparison between BLEU and Word Align-
ment Rewards. As shown in Table 3, while the
BLEU reward significantly improves the BLEU
metric, it has a notably negative impact on semantic
evaluation metrics such as COMET. We further an-
alyze specific cases (e.g., RL-Reomet + Rprpy in
Figure 3) and find that models trained with BLEU
as the reward exhibit an apparent degradation in
translation fluency. In contrast, the word alignment
rewards focus solely on the correctness of keyword
translations, demonstrating positive effects on lexi-
cal and semantic translation quality.

4 Related Work

4.1 Reason-based LLMs

In recent years, reason-based large language mod-
els, such as OpenAl’s ol (OpenAl, 2024b) and
DeeeSeek-R1((DeepSeek-Al, 2025)), have demon-
strated strong performance across various tasks, at-
tracting significant attention from researchers. Re-
cent studies primarily focus on solving complex
reasoning tasks, such as mathematical problem-
solving and code generation (Zeng et al., 2025; Hu
et al., 2025; Luo et al., 2025; Song et al., 2025;
Qin et al., 2024; Zhang et al., 2024). However,
recent efforts have increasingly explored applying
reason-based LL.Ms to general tasks. For instance,
marco-ol (Zhao et al., 2024) investigates the use
of reasoning-enhanced models in open-ended text
generation, where there are no clear-cut standards
for evaluating correctness, unlike in mathematics or
programming. Some surveys (Chen et al., 2025b;
Li et al., 2025) provide systematic reviews of the
advancements and trends in reason-based LLMs.

4.2 Reason-based LLMs for MT

Some researchers have attempted to explore the ca-
pabilities of reason-based LLMs in machine trans-
lation tasks. Marco-ol (Zhao et al., 2024) and Liu
et al. (2025) briefly demonstrate that reason-based
LLMs can somewhat improve translation perfor-
mance. DRT (Wang et al., 2024) enhances the
model’s effectiveness in literary translation by syn-
thesizing translation data with reasoning processes
and performing supervised fine-tuning (SFT). Chen
et al. (2025a) provide a preliminary assessment of
the performance of multiple reason-based LLMs
in machine translation. Inspired by DeepSeek-R1
(DeepSeek-Al, 2025), some studies have tried to
use reinforcement learning to stimulate the model’s

deep reasoning capabilities and improve transla-
tion quality. R1-T1 (He et al., 2025) synthesizes
training data with reasoning processes for transla-
tion, first applying SFT and then conducting rein-
forcement training using COMET as the reward.
Like DeepSeek-R1-Zero, MT-R1-Zero (Feng et al.,
2025) directly performs reinforcement training on
a pretrained model, employing BLEU and COMET
as rewards. DeepTrans (Wang et al., 2025) directly
uses DeepSeek-V3 scoring as the reward, enhanc-
ing the model’s performance in literary translation
through reinforcement learning.

4.3 Terminology Translation

In many fields, accurate translation of terminology
is crucial. In recent years, numerous researchers
have explored terminology translation using LLMs.
Kim et al. (2024) detect terms, constructs a termi-
nology database, and provides term information
via retrieval-augmented generation (RAG) before
model translation. Moslem et al. (2023) synthe-
sizes bilingual data containing terms, fine-tunes
the model, and applies post-processing to correct
terminology after translation. For technical terms,
Myung et al. (2024) propose a parenthetical termi-
nology translation method. DragFT (Zheng et al.,
2024) employs few-shot examples to enhance trans-
lation performance in specialized domains. Bogoy-
chev and Chen (2023) improves term translation
by constraining incorrect terminology during de-
coding. To better evaluate models’ terminology
translation capabilities, Zhang et al. (2023) intro-
duce a new terminology test set and examines the
effects of various data augmentation methods on
term translation.

5 Conclusion

In this work, we introduce TAT-R1, the first
terminology-aware translation model trained with
RL and word alignment. Empowered by word
alignment in machine translation, we design three
types of new rule-based rewards. Combining the
word alignment rewards with format reward and
comet reward, we train our model with GRPO. Ex-
perimental results demonstrate the effectiveness of
TAT-R1. TAT-R1 significantly improves terminol-
ogy translation accuracy compared to the baseline
while maintaining comparable performance on gen-
eral translation tasks.



Limitations

While TAT-R1 has achieves significant improve-
ments in terminology translation accuracy, cer-
tain limitaions remain. The reasoning process we
observes is relative simple, and we have not ob-
served the complex reasoning process such as self-
correction and verification, which is appeared in
mathematical tasks. This discrepancy may reflect
the differences between machine translation task
and mathematical task or indicate the need for spe-
cialized design in machine translation tasks. An-
other limitation is that we have not systematically
explore multiple translation evaluation metrics as
potential rewards, such as BLEURT (Sellam et al.,
2020), MetricX (Juraska et al., 2024), and GEMBA
(Kocmi and Federmann, 2023). A promising future
research direction would be to investigate diverse
reward signals for translation quality assessment,
combined with word-alignment-based rewards, to
further validate their effectiveness in terminology
translation tasks.
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