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Abstract

Patent claims are legal documents with dis-
tinctive formats and complex syntactic depen-
dencies. Translating these claims requires
not only accurately understanding the com-
plex syntactic structure of the source claims
but also ensuring the translation follows the
structural conventions of claims in the target
language. In this study, we leverage reason-
ing models to disentangle the complex syntac-
tic structures of source claims. Furthermore,
to ensure the translation reflects the structural
requirements in the target language, we in-
corporate FastKASSIM—a syntactic similar-
ity metric—into the reward of reinforcement
learning, alongside conventional metrics such
as BLEU and COMET. Experimental results
confirm that our model, trained on Qwen3-8B,
outperforms Qwen3-235B in syntactic similar-
ity while simultaneously achieving comparable
translation quality, despite the latter having ap-
proximately 30 times more parameters. Auto-
matic and human evaluations show that mod-
els trained with rewards combining FastKAS-
SIM and translation quality metrics such as
COMET or COMETKiwi achieve strong per-
formance, suggesting that syntactic rewards
help improve patent-specific structural confor-
mity while maintaining translation quality.

1 Introduction

Patent claims legally define the technical scope
of an invention using distinctive formats, such as
noun phrases with complex syntactic dependen-
cies. Translating these claims presents two chal-
lenges: accurately understanding the complex syn-
tactic structure of the source claims and ensuring
that the translation faithfully reflects the structural
conventions of the target language.

Recent advances in Large Language Models
(LLMs) demonstrate that generating a reasoning
process before a final answer can improve perfor-
mance on complex tasks. While leveraging such
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reasoning capability in patent claim translation
may facilitate a more precise understanding of the
source text, the full extent of this benefit has yet to
be fully established.

Additionally, to effectively align LLMs with
such specific tasks, Group Relative Policy Opti-
mization (GRPO) (DeepSeek-Al, 2025) has at-
tracted attention. Previous studies (Feng et al.,
2025; Wang et al., 2025b) have attempted to apply
GRPO to machine translation by using standard
translation quality metrics, such as BLEU (Pap-
ineni et al., 2002) and COMET (Rei et al., 2020), as
rewards, demonstrating significant improvements
in translation accuracy. However, in patent claim
translation, relying solely on these metrics is in-
sufficient to reflect the target-side structural con-
ventions of patent claims.! These metrics focus
primarily on surface-level agreement or semantic
similarity and do not necessarily ensure adherence
to the structural constraints specific to patents.

In this study, we first apply reasoning models to
patent claim translation to improve the ability to
understand complex source structures. Evaluating
such translations requires assessing two orthogo-
nal dimensions: semantic quality and structural
adherence in the target language. Second, to ex-
plicitly enforce the latter, we propose incorporating
FastKASSIM (Chen et al., 2023), a syntactic simi-
larity metric, into the GRPO reward. Through ex-
periments on Japanese-English patent claim transla-
tion, we confirm that our model, trained on Qwen3-
8B, outperforms Qwen3-235B in syntactic similar-
ity while achieving comparable translation quality,
despite the latter having approximately 30 times
more parameters.

"For example, an English claim must generally form a
single noun phrase where constituent elements of the inven-
tion are usually separated by ; (semicolons) and , (commas)
depending on the context, whereas in Japanese, by . (Japanese
commas).
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2 Related Work

Explicitly generating a reasoning process before a
final answer has been reported to improve perfor-
mance on complex tasks (Wei et al., 2022; Kojima
et al., 2022). Initial studies suggest that reason-
ing models are beneficial for non-literal transla-
tions, such as metaphors and similes, as well as for
translations that require long contexts and cultural
understanding, particularly in literary works (Liu
et al., 2025; Wang et al., 2025a). On the other hand,
in general-domain machine translation tasks, it is
reported that the benefits of such reasoning capa-
bilities are limited (Feng et al., 2025; Zheng et al.,
2025). This limitation is likely because general-
domain texts typically feature relatively simple
syntax, which does not necessitate deep reason-
ing. In contrast, patent claims are characterized by
intricate source structures. Given this high com-
plexity, reasoning capabilities would be effective
for translating patent claims, as they can facilitate
the disentanglement of complex dependencies that
pose difficulties for standard translation models.

GRPO (DeepSeek-Al, 2025) is a reinforcement
learning approach that efficiently tailors LLMs for
specialized tasks by optimizing their outputs ac-
cording to task-specific reward signals. MT-R1-
Zero (Feng et al., 2025) applied GRPO to ma-
chine translation without supervised fine-tuning
or cold start data, by employing automatic eval-
uation metrics as reward functions. This method
prompts the LLMs to enclose the thinking process
within <think> tags and the final translation in
<translate> tags. They demonstrated that using
translation quality metrics, such as BLEU (Pap-
ineni et al., 2002), COMET (Rei et al., 2020), and
COMETKiwi (Rei et al., 2022), as rewards directly
improves translation quality. While these rewards
improve general translation quality, they do not
explicitly penalize syntactic deviations. Conse-
quently, relying solely on standard metrics is in-
sufficient for domains such as patent translation,
where adherence to target-side structural conven-
tions is essential.

FastKASSIM (Chen et al., 2023) is a metric that
measures syntactic similarity by quantifying the
overlap of subtrees between two syntax trees using
tree kernels. In contrast to computationally expen-
sive tree edit distance, FastKASSIM efficiently cap-
tures structural isomorphism regardless of vocab-
ulary overlap and demonstrates a high correlation
with human judgment. Unlike standard metrics,
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FastKASSIM directly quantifies structural isomor-
phism. Therefore, incorporating such a syntac-
tic metric into the reward function is essential to
bridge the gap between semantic correctness and
structural conformity in patent claim translation.

3 Proposed Method

Translating patent claims requires understanding
the complex structure of the source claims and gen-
erating translations that conform to the sentence
structure of the target claims. In this study, we
propose a method that combines reasoning models
with a syntactic reward in GRPO to address these
requirements. We first adopt reasoning models to
accurately capture the complex syntactic structures
of patent claims. By utilizing reasoning capability,
the model can perform a deep analysis of depen-
dency structures, generating translations based on
this reasoning. Second, to reflect the target-side
structural conventions, we incorporate a syntac-
tic reward into GRPO based on the MT-R1-Zero
framework.

The reward r during training consists of two ele-
ments: Sformqt, Which is 1 if the format constraints
are satisfied and —1 otherwise, and S,;,¢¢7c, Which
measures translation quality and structural confor-
mity. Specifically, r is defined as follows:

|

To explicitly enforce structural adherence along-
side semantic quality, we define Sy,etric as the sum
of the scores from a selected set of evaluation met-

rics M:
Smetr'ic - § Sm
meM

Here, M C {FastKASSIM, BLEU, COMET,
COMETKiwi} denotes the set of metrics selected
for the reward, and .S;,, represents the score calcu-
lated by metric m. Note that we exclude the si-
multaneous use of COMET and COMETKiwi (i.e.,
{COMET, COMETKiwi} Z M). For FastKAS-
SIM, which is an asymmetric metric, we define
its score Srasikassmv as the average of the bidirec-
tional similarities between the reference ref and
the generated translation trans:

-1

if Sformat = (1)
1 .

Sformat - 27
Sformat + Smetria if Sfm‘mat

2

1
SFastKASSIM = i(FastKASSIM(ref , trans) 3)
+ FastKASSIM(trans, ref)).



This syntactic reward encourages the translation to
be faithful to the syntactic structure of the refer-
ence. Crucially, because this evaluation is based
on the similarity between the model’s output and
the reference translation, our approach is indepen-
dent of the source language and focused solely
on the target side. In the patent domain, syntac-
tic and structural conventions are determined by
the filing country’s practices and legal frameworks.
Therefore, our approach is designed to adapt to
these country-specific requirements, such as the
structural differences between Japanese and En-
glish claims.

4 Experimental Setup
4.1 Task and Dataset

We evaluated our method on patent claim transla-
tion using the claim subset of the publicly avail-
able patent parallel corpus, JaParaPat (Nagata et al.,
2024). In this paper, we primarily focus our evalu-
ation and analysis on the Japanese-to-English (JA-
EN) direction, as it holds greater practical signifi-
cance and higher demand in intellectual property
operations, such as foreign patent filings. The ex-
perimental results and analysis for the English-to-
Japanese (EN-JA) direction are provided in Ap-
pendix D.

4.2 Models Used

We employed Qwen3-8B in thinking mode as the
base model for GRPO training, jointly training a
model on both Japanese<+English directions.> As
baselines, we used Qwen3-8B and Qwen3-235B-
A22B in both thinking and non-thinking modes,
alongside GPT-5.3

4.3 Rewards and Evaluation Metrics

As defined in Section 3, we used combinations of
FastK ASSIM, BLEU, COMET, and COMETKiwi
as the metric reward.*

To evaluate translation performance, in addi-
tion to these four metrics, we used XCOMET-
XXL (Guerreiro et al., 2024) as a neutral met-
ric not used in the reward calculation. Because
it was excluded from the GRPO reward calcula-
tion and trained with a different objective from

2See Appendix A for detailed settings and Appendix B for
the prompt template.

3We used gpt-5-2025-08-07 via the OpenAl APL

“We explored applying min-max normalization; however,
our experiments did not confirm its effectiveness, as detailed
in Appendix E.
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COMET and COMETKiwi, it serves as a reliable
benchmark free from reward-hacking bias. Simi-
larly, to evaluate structural fidelity independently of
the FastK ASSIM reward, we employed Tree Edit
Distance (TED) for configurations that achieved
a balance between syntactic and semantic metrics.
We used Stanza (Qi et al., 2020) for parsing re-
quired for both FastKASSIM and TED calculations.
Specifically, we applied TED to constituent phrase
structure trees with leaf nodes removed, normal-
ized by the number of nodes:

TED(T},T5)

TED Th,Th)=1— ——————
norm( 1 2) |T1’—|—‘T2|—2

“
where T and T, denote the constituent phrase
structure trees of the two sentences being com-
pared, and |T'| represents the number of nodes in
tree 7'.

To assess the statistical significance of the key
comparisons discussed in Section 5, we performed
paired bootstrap resampling (10,000 iterations)
across the full test set.

Additionally, we conducted human evaluation
using two complementary protocols. First, follow-
ing Direct Assessment with a continuous rating
scale (Graham et al., 2013), evaluators assigned a
direct assessment score on a 0—100 scale. Second,
inspired by the question-based evaluation frame-
work of LiTransProQA (Zhang et al., 2025), we em-
ployed a checklist-style evaluation in which evalu-
ators rated each criterion on a five-point scale from
1 to 5. Our human evaluation was conducted by
a linguistic data service provider specializing in
syntactic treebank construction and reference trans-
lation development. Each sample was assessed
by an expert in syntactic analysis and translation,
then double-checked by another professional. The
detailed human evaluation protocol is provided in
Appendix C.

5 Results and Analysis

5.1 Automatic Evaluation

The left side of Table 1 shows the automatic evalua-
tion results. First, we examine the impact of reason-
ing on the base models. Focusing on XCOMET-
XXL, a semantic similarity metric highly correlated
with human evaluation, models using reasoning out-
performed those without it across both the 8B and
235B model scales in the JA-EN direction.’ This

SReasoning models did not improve BLEU and FastKAS-
SIM. However, these metrics are insufficient for capturing



Model Automatic evaluation Human evaluation
Fast COMET XCOMET Direct A B C D E

FIRlC K KASSIM sk Kiwi XXL Assessment  Fidelity Coverage Scope Syntax Fluency
8B w/o Thinking 57.87 30.84 78.33 77.80 81.16 67.00 4.79 4.63 4.89 4.65 4.81
8B w/ Thinking 56.82 27.63 77.90 78.46 82.66 65.20 4.65 4.69 4.92 4.65 4.76
O 65.13 32.42 78.93 76.51 80.92 59.20 4.75 4.57 4.88 4.84 3.96
O 59.61 42.80 81.16 76.87 81.10 83.80 4.92 4.73 4.88 491 4.95
O O 64.38 41.65 81.15 76.83 80.40 81.00 4.834 4.75 4.95 4.88 4717
O 60.10 36.85 80.78 78.90 83.78 83.20 4.39 4.75 491 4.93 4.85
O O 63.44 36.51 80.10 78.37 83.08 90.80 4.96 4.77 4.97 4.98 4.92
O O 60.74 42.44 81.45 77.01 81.06 87.00 4.39 4.75 4.95 4.90 5.00
O O O 63.17 39.75 80.30 78.09 83.09 85.80 4.93 4.87 4.95 4.87 4.89
O 53.82 22.63 78.81 80.60 83.92 61.20 4.30 4.65 471 447 4.92
O O 63.03 30.19 80.17 79.73 84.43 79.20 4.88 4.75 4.89 4.90 4.80
O O 60.08 40.70 80.57 78.41 82.93 86.20 491 4.83 4.92 4.94 4.83
O O O 64.37 40.81 81.12 71.73 80.54 72.40 493 4.72 4.93 4.94 432
235B-Instruct 56.57 34.70 79.88 78.81 84.43 72.00 4.64 4.81 4.93 4.75 4.83
235B-Thinking 57.32 32.97 79.57 79.03 85.05 87.20 4.92 4.85 4.93 4.90 491
GPT-5 57.01 36.84 80.48 78.92 84.63 87.60 4.93 4.95 4.97 4.86 4.85

Table 1: Automatic and human evaluation results for JA-EN patent claim translation. The left block shows automatic
evaluation scores, and the right block shows human evaluation scores. In the “Model” columns, F, B, C, and K denote
FastKASSIM, BLEU, COMET, and COMETKiwi used as rewards, respectively. “Direct Assessment” denotes the
average independent direct assessment score on a 0—100 scale, while A-E are average item-wise checklist scores on
a five-point scale from 1 to 5. The detailed human evaluation criteria are provided in Appendix C.

suggests that reasoning enhances the understanding
of the complex syntactic structures of the source
claims, improving comprehension of the semantic
content. Based on this evidence, we adopted the
reasoning model as the base for GRPO training.

Regarding the effectiveness of the syntactic re-
ward, GRPO-trained models showed improvements
in the scores corresponding to the rewards. While
optimizing directly on evaluation metrics raises
concerns about reward hacking, our independent
evaluation using XCOMET-XXL—which was not
used as a reward—suggests that the improvements
generalize beyond the reward signal. Specifically,
using FastKASSIM as the sole reward improved
the FastK ASSIM score substantially by +8.31pts
in JA-EN, confirming enhanced adherence of the
target structure. A similar trend was also ob-
served in EN-JA, where FastKASSIM-based re-
wards consistently improved syntactic similarity,
as detailed in Appendix D. Furthermore, when
FastKASSIM was combined with other metrics,
improvements were observed in the evaluation met-
rics corresponding to each reward, consistent with
the findings in MT-R1-Zero. Notably, the configu-
ration combining FastKASSIM and COMETKiwi
not only maintained high scores in both metrics
but also achieved the highest XCOMET-XXL of

source comprehension, as FastKASSIM focuses on target-side
structure while BLEU penalizes the paraphrases. To better
evaluate deep understanding, we focus on XCOMET-XXL.
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84.43 among the 8B models in JA-EN. This indi-
cates that combining FastKASSIM with a seman-
tic metric can balance target-side structural con-
formity and semantic quality in automatic evalu-
ation. To confirm this statistically, we compared
the models trained with FastKASSIM & COMET
against BLEU & COMET, and FastKASSIM &
COMETKiwi against BLEU & COMETKiwi. We
observed statistically significant improvements in
both FastKASSIM and XCOMET-XXL at the p <
0.05 level, confirming that integrating a syntactic
reward enhances structural fidelity while maintain-
ing high translation quality. As shown in the qual-
itative analysis in Appendix F, generated outputs
reflect target-side structural conventions, and we
observed reward-dependent differences in the rea-
soning traces, particularly in references to fluency
and syntactic structure, suggesting that FastKAS-
SIM gains represent structural alignment rather
than metric hacking.

Our Qwen3-8B-based model also outperforms
Qwen3-235B in syntactic similarity while achiev-
ing comparable translation quality, despite the lat-
ter having approximately 30 times more param-
eters. Since neither reasoning nor scaling from
8B to 235B substantially improved FastKASSIM
for the baselines, patent-specific structural confor-
mity appears to require explicit optimization with
FastKASSIM.

To ensure that the structural improvements



Model JA-EN EN-JA
8B w/o Thinking 0.794 0.749
8B w/ Thinking 0.796 0.747
FastKASSIM & COMET 0.817 0.752
FastKASSIM & COMETKiwi 0.805 0.756

Table 2: Syntactic similarity evaluated by normalized
Tree Edit Distance (TED).

are not merely artifacts of optimizing directly
for FastKASSIM, we conducted an additional
evaluation using Tree Edit Distance (TED). We
specifically evaluated the models trained with
FastKASSIM & COMET and FastKASSIM &
COMETKiwi, as these configurations demon-
strated a strong balance of high semantic and syn-
tactic similarities. As shown in Table 2, these con-
figurations consistently improved syntactic similar-
ity in both translation directions compared to the
8B baselines, confirming that the improvement in
syntactic similarity is also observed with a metric
not used during training.

5.2 Human Evaluation

The human evaluation results (the right side of Ta-
ble 1) further clarify the effect of each reward com-
bination. The model trained with FastKASSIM
and COMET as rewards achieved the highest direct
assessment score among all models (90.8), with
consistently high item-wise scores and a particu-
larly strong Claim Form & Syntax score (D=4.98).
This aligns with the automatic evaluation results,
where FastKASSIM-based rewards substantially
improved syntactic similarity, and indicates that
jointly optimizing syntactic similarity and seman-
tic translation quality is well suited to patent claim
translation. Notably, while FastKASSIM alone im-
proved structural similarity, it degraded fluency in
human evaluation (E=3.96); adding COMET re-
covered fluency (E=4.92), showing that COMET
complements FastK ASSIM by preserving transla-
tion quality.

Comparing reward combinations further reveals
that FastK ASSIM is most effective when paired
with a semantic metric. Combining BLEU with
COMET improved over single-metric rewards but
did not surpass combining FastKASSIM with
COMET, suggesting that explicit syntactic sim-
ilarity is more complementary to COMET than
surface-level n-gram overlap for this task. The
combination of FastKASSIM with COMETKiwi
also improved over either metric alone, although
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the gains were smaller than those of the other two-
reward combinations—possibly because neither re-
ward directly uses the reference translation as a
semantic target. In contrast, adding FastKASSIM
to BLEU-based rewards did not consistently im-
prove human scores, suggesting potential reward
conflicts between surface-level n-gram matching
and syntactic-structure optimization. Overall, these
results indicate that FastKASSIM contributes to
claim-specific structural aspects such as Element
Coverage, Scope & Logical Constraints, and Claim
Form & Syntax, but should be combined with an
appropriate semantic reward to maintain fidelity
and fluency.

6 Conclusion

We propose a novel approach that combines rea-
soning models and GRPO with a syntactic reward
to address two challenges in patent claim transla-
tion: understanding complex source structures and
adhering to the structural conventions in the target
language. Experimental results confirmed that the
use of reasoning models improves semantic sim-
ilarity, indicating that the reasoning process con-
tributes to a better understanding of patent claims
characterized by complex sentence structures. Fur-
thermore, by explicitly incorporating a syntactic
similarity metric into the GRPO reward function,
we achieved translations that faithfully reproduce
the structural conventions unique to the target lan-
guage while maintaining semantic accuracy. This
demonstrates that for tasks like patent translation,
combining syntactic metrics such as FastKASSIM
with semantic quality metrics such as COMET is ef-
fective for achieving high-quality translations with
efficient model sizes.

Limitations

In this study, we verified the effectiveness of the
proposed method on the Japanese-English language
pair. Given that these two languages exhibit vastly
different syntactic structures, and the tools utilized
(e.g., Stanza and XCOMET) support numerous lan-
guages, the positive results suggest the potential
applicability and robustness of our method across
other languages and structure-constrained domains
(e.g., legal and contract documents). However, ex-
tending verification to a broader range of languages
remains a subject for future work.

Furthermore, the reliability of FastKASSIM de-
pends on the accuracy of the underlying syntactic



parser. Syntactic parsers may produce inaccurate
parse trees for the complex and lengthy structures
characteristic of patent claims, potentially introduc-
ing noise into both the training reward and auto-
matic evaluation. While GRPO optimization on
large datasets appears to smooth out these individ-
ual errors, developing training methods robust to
parsing failures is an important future direction.

Additionally, our approach assumes access to
high-quality reference translations. While such
data is readily available in the patent domain thanks
to multinational filings (Nagata et al., 2024), adapt-
ing this method to settings with noisier or less stan-
dardized references presents an intriguing avenue
for future research.

Finally, a key limitation lies in the lack of evalu-
ation metrics specifically designed for formatting
and structural constraints. Strict writing conven-
tions are required not only in patents but also in
broader legal documents; however, established au-
tomatic or human evaluation scales for assessing
adherence to such specific styles do not currently
exist. Moreover, patent claim translation lies at
the intersection of translation expertise and patent-
domain expertise. While translation experts may
not necessarily be familiar with patent-specific
claim structures, patent-domain experts may not
necessarily be trained to assess translation quality.
This makes it difficult to secure suitable evaluators
for large-scale expert human evaluation. Therefore,
developing standardized evaluation frameworks for
these structural constraints is an essential direction
for future research.

Ethical Considerations

Patent claims are legally binding documents where
precise terminology and structure are critical. Al-
though our proposed method improves translation
quality and structural conformity, the generated
translations may still contain errors or hallucina-
tions. Consequently, the generated outputs require
expert verification before being used officially due
to the sensitive legal nature of patent claims. Re-
garding the human evaluation, the assessment was
outsourced to a professional external company, en-
suring evaluators were fairly compensated at stan-
dard commercial rates. Furthermore, the evalua-
tion dataset consists of publicly available patent
claims containing no personal, sensitive, or harm-
ful information, posing no psychological risk to the
evaluators.
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A Detailed Settings

We used JaParaPat (Nagata et al., 2024) for the eval-
uation. For each direction, we used 6,565 sentence
pairs published in 2016 for training and 1,000 pairs
published in 2020 for evaluation. The JA-EN data

were extracted from patent pairs filed in Japan and
their U.S. counterparts claiming priority, while the
EN-JA data were extracted from the reverse patent
pairs.

We implemented our training framework using
PyTorch, utilizing the verl library for the Rein-
forcement Learning (RL) pipeline and vLLM for
efficient rollout generation. All experiments were
conducted on a single node equipped with four
NVIDIA RTX 6000 Ada Generation GPUs. The
training of the Qwen3-8B model took approxi-
mately 35 hours for 1 epoch. To optimize mem-
ory usage, we utilized Fully Sharded Data Parallel
(FSDP) and set the Tensor Parallelism (TP) size to
2. The specific hyperparameters are summarized
in Table 3.

Hyperparameter Value
Training

Base Model Qwen3-8B
Learning Rate 5x 1077
Global Batch Size 8
Max Sequence Length 2048
Total Epochs 1
GRPO Rollout Size 8
Inference

RL Framework verl
Inference Engine vLLM
Tensor Parallel Size 2

Table 3: Hyperparameters and settings used for training.

B Prompt Template Used for Training

In this appendix, we detail the exact prompt tem-
plate utilized during the training phase of our model
(Table 4). To elicit a structured reasoning pro-
cess, the model is instructed to generate its internal
thought process within <think> tags prior to out-
putting the final translation within <translate>
tags. The prompt does not contain any rules spe-
cific to patent translation.

The placeholders enclosed in curly brackets de-
note variables dynamically replaced by the cor-
responding instances from the training dataset:
{src_language} and {tgt_language} represent
the source and target languages (e.g., English and
Japanese), respectively, and {src_text} is the ac-
tual input sentence to be translated.

C Human Evaluation Protocol

We conducted human evaluation on 25 samples
randomly extracted from the JA-EN evaluation set.
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User Prompt

A conversation between User and Assistant. The User asks for a translation from {src_language} to {tgt_language}, and
the Assistant solves it. The Assistant first thinks about the reasoning process in the mind and then provides the user with
the final translation. The reasoning process and final translation are enclosed within <think> </think> and <translate>
</translate> tags, respectively, i.e., <think> reasoning process here </think><translate> final translation here </translate>.

User:{src_text}
Assistant:

Table 4: The prompt template used for training the model on the translation task. The template incorporates
instructions for Chain-of-Thought reasoning using <think> and <translate> tags.

The evaluation was performed by bilingual lan-
guage experts through a professional external an-
notation company. Each sample was assessed by
an expert in syntactic analysis and translation, then
double-checked by another professional. To en-
sure that the evaluation captured patent-specific
requirements, we used patent-translation-aware cri-
teria covering both general translation quality and
claim-specific structural constraints.

We used two complementary protocols. First,
following Direct Assessment with a continuous
rating scale (Graham et al., 2013), evaluators as-
signed a direct assessment score on a 0—100 scale.
Second, inspired by the question-based evaluation
framework of LiTransProQA (Zhang et al., 2025),
we conducted a checklist-style evaluation for five
patent-specific criteria. For each criterion, evalu-
ators assigned a score on a five-point scale from
1 to 5, where higher scores indicate better quality.
The item-wise criteria used in the checklist-style
evaluation are shown in Table 5.

D Results on English-to-Japanese
Translation

As shown in Table 6, we also evaluated our method
on the English-to-Japanese (EN-JA) direction. The
results show a trend similar to JA-EN in terms
of syntactic similarity: using FastKASSIM as a
reward substantially improved the FastKASSIM
score, and models with FastK ASSIM-based com-
bined rewards generally outperformed the baselines
on this metric. This suggests that syntactic rewards
can encourage target-side structural conformity in
both translation directions.

However, unlike in JA-EN, FastKASSIM did
not clearly contribute to translation quality in EN-
JA. Among the 8B models, the highest XCOMET-
XXL score was achieved by the model trained with
COMET alone, rather than by FastKASSIM-based
combined rewards. This difference may stem from
the lower accuracy of Japanese syntactic parsing

compared with English parsing. Because FastKAS-
SIM relies on syntactic parses, parsing errors in
Japanese patent claims may introduce noisy reward
signals during training, making it harder to improve
semantic quality while optimizing structural con-
formity.

E Min-max normalization

Metrics such as BLEU and FastKASSIM are
highly sensitive and tend to exhibit large variances
compared to semantic metrics like COMET and
COMETKiwi. Consequently, when the reward
is defined as a simple sum of these metrics, the
training process tends to be disproportionately in-
fluenced by BLEU and FastKASSIM due to their
larger score fluctuations. To address this imbalance,
we experimented with applying min-max normal-
ization to each metric to ensure they contribute
equally to the total reward. As shown in Table 6,
applying normalization resulted in a decrease in
FastKASSIM and BLEU scores compared to the
non-normalized counterparts, while COMET and
COMETKiwi scores improved. Therefore, since
FastKASSIM and XCOMET are both important
for this task, we used the simple sum as the reward
function.

F Qualitative Analysis

F.1 Translation Outputs

We conducted a qualitative analysis (Table 7) to
verify whether the generated translations success-
fully capture target-side structural conventions.
Specifically, we examine two conventions: (1) the
global noun phrase structure (e.g., “The fastening
method...”); and (2) the syntactic structure for the
nominalizer “% @ (thing/one) in the source phrase
“LHDOD 6. H DN, which should be reflected
as the reference phrase “from the one whose ... to
the one whose ...” to match the reference conven-
tions.
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Human Evaluation Criterion and Description

Direct Assessment
An independent direct quality assessment assigned by the evaluator on a 0-100 scale.

A. Content Fidelity

(1) Is the core inventive concept (i.e., what the invention is about) accurately preserved?

(2) Are the technical effects and functions explicitly stated in the source text free from distortion?

(3) Is the translation completely free from any added technical content not present in the source text (hallucination)?

B. Element Coverage
(1) Are all essential constituent elements (apparatus components, steps, or ingredients) in the source text fully translated?

(2) Are the relationships between elements (e.g., “comprising,” “connected to,” “disposed on”) accurately preserved?
(3) Are quantities, ranges, and conditions (e.g., “one or more,” “at least,” “consisting of”) faithfully maintained?
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C. Scope & Logical Constraints

(1) Is the claiming scope (e.g., “comprising,” “consisting of,” “characterized in that”) left unaltered?

(2) Are the modifier antecedents (the targets modified by “wherein” or “wherein the...”) correctly maintained?
(3) Does the interpretation of parallel vs. modifying relationships match the source text?

2 <

D. Claim Form & Syntax

(1) Is the hypothesis formatted as a single-sentence claim?

(2) Is the statutory category of the claim (e.g., apparatus, method, composition) accurately preserved?

(3) Is the consistency of reference terms and definite/indefinite articles (e.g., “a,” “the,” “said,” “the said”) strictly maintained?
(4) Does the hypothesis preserve the noun-phrase-like structure of patent claims, rather than becoming a narrative or
explanatory sentence?

E. Fluency & Grammar

(1) Is the translation grammatically correct in the target language?

(2) Does the translation utilize natural and standard phrasing appropriate for patent documents?

(3) Is the text completely free from ambiguity, redundancy, or phrasing that compromises readability?

Table 5: Human evaluation criteria. Direct Assessment denotes a direct quality assessment on a 0-100 scale,
following prior work on Direct Assessment with continuous rating scales (Graham et al., 2013). For the checklist-
style evaluation inspired by LiTransProQA (Zhang et al., 2025), each sub-question under A—E was rated on a
five-point scale from 1 to 5, and the reported score for each criterion is the average of its sub-question scores.

Model JA-EN EN-JA
Fast COMET XCOMET Fast COMET XCOMET
Norm. | F B C K BLEU COMET . BLEU COMET .
KASSIM Kiwi XXL KASSIM Kiwi XXL
8B w/o Thinking 57.87 30.84 78.33 77.80 81.16 47.29 19.16  81.41 82.07 67.83
8B w/ Thinking 56.82  27.63 77.90 78.46 82.66 4791 19.18 81.14 82.34 68.56
O 65.13 3242 78.93 76.51 80.92 57.06 25.62 81.06 77.86 57.19
O 59.61 4280 81.16 76.87 81.10 52.16  38.07 83.80 80.20 69.95
O O 64.38 41.65 81.15 76.83 80.40 54.10 36.09 83.60 81.11 68.96
O O O 6293 4155 81.32 77.15 80.99 5439 3552 84.10 82.05 69.59
O 60.10 36.85 80.78 78.90 83.78 51.60 24.81 85.78 83.10 73.17
O O 63.44 36.51 80.10 78.37 83.08 55.75 28.98 84.86 81.91 68.47
O O O 62.67 36.70 81.15 78.12 81.17 55.41 28.73 85.10 81.92 68.60
O O 60.74 4244 8145 7701  81.06 | 50.17 3696 8461 82.83 7185
O O O 60.09 41.03 80.66 78.21 83.50 4939 3643 84.84 82.94 72.53
O O O 63.17 39.75 80.30 78.09 83.09 5433 3487 84.35 81.77 70.65
O O O O 61.61 40.57 81.48 77.56 82.02 54.02 34770 84.57 82.53 70.82
O | 53.82 22.63 78.81 80.60 83.92 41.62 1692 8231 84.27 72.08
O O | 63.03 30.19 80.17 79.73 84.43 5596 26.77 83.40 83.08 71.22
O O O | 60.62 2591 79.69 80.16 84.41 5225 2037 82.69  83.84 71.34
O O | 60.08 40.70 80.57 78.41 82.93 49.20 36.12 84.55 83.43 72.16
O O O | 5941 3743 80.55 79.64 83.73 48.52 35.10 84.51 83.80 73.35
O O O | 6437 40.81 81.12 77.73 80.54 54.07 35.62 84.24 82.47 70.74
O O O O | 61.34 3747 80.40 79.25 84.06 52.06 33.87 84.55 83.58 72.73
235B-Instruct 56.57 34770 79.88 78.81 84.43 4890 27.84 83.38 83.39 73.39
235B-Thinking 5732 3297 79.57 79.03 85.05 4836  25.62 82.67 82.51 71.57
GPT-5 57.01 36.84 80.48 78.92 84.63 50.20 26.84 8391 83.58 74.17

Table 6: Comprehensive automatic evaluation results for JA-EN and EN-JA patent claim translation with and
without reward normalization. “Norm.” indicates the application of min-max normalization to rewards. In the
“Model” column, F, B, C, and K denote FastK ASSIM, BLEU, COMET, and COMETKiwi, respectively.
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Regarding the baseline models, they fail to fully
capture the required structures despite preserving
semantic content. The output of the Qwen3-8B w/
Thinking model fails to maintain the global noun
phrase structure, generating a complete sentence
instead. While the larger Qwen3-235B-Thinking
model successfully forms a global noun phrase,
it fails to preserve the specific internal structure
for “® D (outputting “from the earliest to the
latest”). These failures suggest that the general flu-
ency and natural generation capabilities optimized
for standard domains become counterproductive
in the patent domain, where strict adherence to
distinctive formatting is required.

As evident in Table 7, the output of the
COMETKiwi reward model, despite having a high
XCOMET-XXL score and preserving semantic
content, does not take the form of a noun phrase,
failing to reflect the necessary sentence structure.
In contrast, the models using FastKASSIM &
COMETKiwi as rewards successfully form global
noun phrases and correctly reflect the “% @D struc-
ture. These translations achieve high scores in both
XCOMET-XXL and FastKASSIM, confirming that
the syntactic reward explicitly enforces adherence
to target-side structural conventions without sacri-
ficing translation quality.

These observations confirm that incorporating
FastKASSIM into the reward function significantly
contributes to generating translations that adhere
to the target-side structural conventions of patent
claims.

F.2 Reasoning Traces

To further examine how the syntactic reward guides
the model to disentangle complex syntax, we con-
ducted a qualitative analysis of the generated rea-
soning traces. We observed distinctive behaviors
driven by the different reward formulations:

* Base Thinking Model (Qwen3-8B w/ Think-
ing): The model recognizes the patent do-
main (e.g., noting “accuracy is crucial” for
patent documents) but struggles to translate
this awareness into the strict structural con-
straints of patent claims, and we observed in-
stances where it failed to construct the output
as a single overarching noun phrase.

¢ Semantic Reward Only (COMETKiwi):
Even when training is performed, if the
syntactic structure of the target language is
not included in the reward metric (as with
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COMETKiwi), it is not prioritized during the
reasoning process. In fact, we observed that
the COMETKiwi-trained model tends to focus
on fluency, often producing traces that include
phrases like “putting it all together smoothly.”
This emphasis on fluency can make it difficult
for the model to reflect the required single
noun phrase structure, which in some cases
results in translations consisting of multiple
sentences, failing to adhere to the claim struc-
ture.

Syntactic + Semantic Reward (FastKAS-
SIM & COMETKiwi): In contrast, for the
model trained with both rewards, our quali-
tative analysis suggests that this combination
more explicitly guides the model to construct
the correct syntax. In many cases, we ob-
served that the traces demonstrate a focus on
identifying the core structure, with the model
often anchoring on phrases such as “The main
part is...” (e.g., to identify “A method of
joining...”). This process appears to allow
the model to correctly establish the primary
noun phrase and appropriately integrate subse-
quent clausal modifiers, effectively preserving
the hierarchical structure typical of complex
patent claims.
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Reference The fastening method according to claim 1, wherein the cartridge has a columnar shape and the
plurality of types of fastening members are arranged on the same circumference in an order from
the one whose order of fastening is early to the one whose order of fastening is late in the cartridge.

8B w/ Thinking  The aforementioned cartridge is cylindrical, and in the cartridge, the multiple types of fastening members
are arranged in order from those with an earlier fastening sequence to those with a later one on the same
circumference, as claimed in claim 1. (FastKASSIM = 0.793, XCOMET = 0.946)

235B-Thinking  The fastening method according to claim 1, wherein the cartridge is cylindrical and the plurality of types
of fastening members are arranged on the same circumference within the cartridge in the order of their
fastening sequence from the earliest to the latest. (FastKASSIM = 0.789, XCOMET = 0.952)

COMETKiwi The aforementioned cartridge is cylindrical. In this cartridge, multiple types of fastening components are
arranged sequentially around the same circumference, from those fastened earlier to those fastened later.
This is a fastening method described in claim 1. (FastKASSIM = 0.246, XCOMET = 0.960)

FastKASSIM & A method of joining as described in claim 1, wherein the cartridge is cylindrical and the plurality of

COMETKiwi types of joining members are arranged in sequence from those that are joined earlier to those that are
joined later on the same circumference within the cartridge. (FastKASSIM = 0.891, XCOMET = 0.955)

Table 7: Qualitative comparison of Japanese-English patent claim translation generated by baseline models and our
proposed models. Green text indicates preservation of structure or content, while red indicates failure to preserve
structure.
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