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Abstract

The Ehime University team participated in
the Japanese-to-English Patent Claim Trans-
lation Task at WAT 2025. We experimented
with (i) Judge and Refinement, (ii) Specialized
Prompting, and (iii) Few-Shot Prompting. We
used GPT-5 as the LLM. Evaluation based on
the LLM-as-a-Judge framework confirmed im-
provements for (i), while (ii) and (iii) showed
no significant effects. On the other hand, the
official human evaluation indicated that the
translation quality of method (i) decreased.

1 Introduction

In patent documents, patent claims represent a
critically important section defining the scope of
rights. Patent claims often consist of extremely
long sentences with complex structures, making
it difficult to translate them while maintaining
correct legal interpretation. Additionally, select-
ing appropriate translations for patent-specific ex-
pressions and technical terminology presents chal-
lenges. The emergence of large language models
(LLMs) in recent years has enabled machine trans-
lation to achieve results surpassing existing tasks.
In the patent claim translation task, Azami et al.
(2025) performed continued pre-training and fine-
tuning of publicly available LLMs using parallel
patent-translation data. However, human evalua-
tion was not conducted for patent claim transla-
tions, leaving the challenges in patent claim trans-
lation unclear.

This paper describes the Ehime-U team’s
Japanese-to-English translation system for the
WAT2025 patent claim translation task. We im-
plemented three approaches in our LLM-based
translation system. First, to address the issue that
the challenges in patent claim machine translation
have not been clearly identified, we introduce (i)
Judge and Refinement based on the method of
Chen et al. (2024) and (ii) Specialized Prompt-
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ing . Furthermore, to improve terminology selec-
tion and consistency, we search training data for
usage examples and employed them as (iii) Few-
Shot training. We use GPT-5 as the base LLM.
Evaluation using the LLM-as-a-Judge framework
confirmed the effectiveness of (i) Judge and Re-
finement. However, (ii) Specialized Prompting
and (iii) Few-Shot showed no discernible effect.
On the other hand, the official human evaluation,
which assessed only method (i), showed no im-
provement of method (i). This result indicates that
the performance of the LLM-as-a-Judge frame-
work was not sufficient in this case. Although the
three methods evaluated in this study improved
surface-level quality errors, we observed an in-
crease in errors related to the fidelity of the orig-
inal patent claims. This suggests that, when con-
straints are imposed through prompting, the LLM
used in this work struggles to satisfy those con-
straints without degrading the overall fidelity of
the content.

2 System Description

In this section, we describe the three techniques in-
corporated into our system: Judge and Refinement,
Specialized Prompting, and Few-Shot.

2.1 Judge and Refinement

Judge and Refinement (Judge&Refinement) con-
sists of three processing stages, and the procedure
of each stage is described in order.

(1) Base Translation The Japanese patent claims
are translated by an LLM on a per-claim basis
while preserving line breaks. We defined a
PROMPT_POLICY for the model as follows:

* Ensuring fidelity to the source text,
including prohibiting additions, omis-
sions, changes in legal meaning or legal
scope, alterations of dependencies, and
modifications of numerical values;
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* Enforcing the distinction between inde-
pendent claims, which are written with-
out referencing preceding claims, and
dependent claims, which must explicitly
reference preceding claims;

 Standardizing punctuation;
e consistent antecedent references;

* complete preservation of numerical val-
ues, units, and formulas;

* consistent terminology across technical
domains.

After that, We instructed the model to trans-
late Japanese patent claims into U.S.-style
English claims by using the policy as the per-
sona of a professional patent-claim translator.
In addition, we instructed the model not to
add any annotations and to avoid any addi-
tion, omission, splitting, or merging of con-
tent. The detailed prompt is shown in Fig-
ure 1 in Appendix A. This method is called
as Base Translation.

(2) Judge Using the source text and the generated
translation, an LLM as a Judge evaluates the
translation quality. The evaluation is con-
ducted across the six criteria (Table 1), and an
overall score (0-100 points) is calculated by
averaging them equally. The detailed prompt
is shown in Figure 3 in Appendix A.

(3) Refinement Without using any reference
translations, the model is instructed to au-
tomatically extract and organize translation
errors from the evaluation report, and then
retranslate accordingly. From the LLM
evaluation results obtained in (2), the model
performs knowledge distillation to generalize
the insights useful for refinement. Instead of
focusing on specific errors (e.g., individual
grammar or lexical mistakes), it abstracts
recurring error patterns and systematic weak-
nesses into generalized categories, which
serve as revision policies for refinement.
Since the goal is to apply generic rather than
case-specific corrections, all specific and
unique information are removed, and each
error is labeled according to one of the six
categories used in (2). Common patterns
within each category are then rewritten into
rule-like sentences, typically following a
two-part structure: “Symptom — Expected
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Form.” For example: Symptom: “Range
expressions use ‘X-Y’.” Expected Form:
“Write ‘X to Y’ in ascending order.” This
design clarifies the purpose of the correc-
tion while avoiding semantic changes or
redundant fixes.

we provide the extracted evaluation results,
the Japanese source text, and the Base Trans-
lation as input to the LLM, expecting it to
produce an English output with only minimal
modifications. Here as well, we instructed
the model to translate the text into U.S.-style
English patent claims, in the same manner as
in the Base Translation. The detailed prompt
is shown in Figures 4 and 5 in Appendix A.

2.2 Specialized Prompting

In this section, we describe three methods for im-
proving the translation prompts introduced in Sec-
tion 2.1 to achieve translations that adhere more
closely to U.S. claim conventions.

Specialized Base Translation

Instead of the simple instruction in Section 2.1
(1), “Translate into U.S. claim style,” we adopt a
strict audit-based translation prompt. The main re-
visions are as follows:

¢ Pre-output audit (SILENT QA): The model
self-verifies claim type, numbers/units, an-
tecedents, and sentence structure before out-
put.

* Stronger output constraints: Restriction to
ASCII only, single-sentence structure, and en-
forcement of “colon + semicolon + ; and”
pattern.

* Explicit prohibitions: Elimination of
“and/or,” non-ASCII symbols, ambiguous
pronouns, and unnecessary respectively.

* Fixed terminology and style: Explicit en-
forcement of standard phrases such as “ap-
paratus,” “configured to,” and “equal to or
greater than ...”.

This enables the translator to function simultane-
ously as a self-auditing agent, ensuring both legal
and structural consistency. The detailed prompt is
shown in Figure 6 in Appendix B.

Select of Evaluation Results
The phase that extracts only the information nec-
essary for refinement from the evaluation output is



Criterion

Description

fidelity_legal scope
us_style structure
numbers_units ranges
antecedent dependency
terminology
naturalness

Fidelity to legal scope and limitations

Conformity to the format and structure of U.S. patent claims
Accuracy of numbers, units, ranges, and formulas
Consistency of antecedents and referential dependencies
Accuracy and consistency of terminology

Naturalness and readability of expressions

Table 1: Evaluation criteria used in the LLM-as-a-Judge framework.

Development Data Test Data
Number of patents 13 26
Number of claims (sentences) 19 70

Table 2: number of claims

redesigned as a systematic error-category extrac-
tion prompt as follows:

* Priority of extraction: Fidelity > depen-
dency > numbers/units > legal format.

* Controlled output volume: Limited to 10—
15 representative issues, merging duplicates
and superficial errors.

* Unified output format: Exampled as
“Symptom > Expected Form” structure.

* Noise filtering: Extraction limited to essen-
tial issues that affect legal meaning.

This allows the system to identify the core issues
to be fixed in refinement using the evaluation re-
sults. The detailed prompt is shown in Figure 7
Appendix B.

Refinement
In the refinement phase, a minimal-edit policy is
introduced to suppress overcorrection.

* Two-layered objective: (1) Maximize se-
mantic and legal consistency, (2) Preserve n-
grams for minimal editing (BLEU retention).

Limited edit scope: Revise only the portions
listed in “Issues to fix.”

Format revalidation: Re-enforce the U.S.
claim structure (colon, semicolon, “; and”,
single-sentence rule).

Local correction policy: Prohibit any
rephrasing beyond essential grammatical cor-
rections.
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Through this approach, refinement is defined not
as a full rewrite but as a localized legal correction
phase. The detailed prompt is shown in Figure 8
in Appendix B.

2.3 Few-shot Prompting

We extend the method described in Section 2.1 by
incorporating a few-shot mechanism (Brown et al.,
2020) using translation examples based on FAISS
(Douze et al.,, 2024) and SentenceTransformer
(Reimers and Gurevych, 2019). FAISS is a high-
speed library for vector similarity search, designed
to efficiently retrieve “similar vectors” from large-
scale vector datasets. When constructing the
FAISS index, we use bilingual Japanese—English
sentence pairs from the Patent Cooperation Treaty
(PCT) route portion of the JaParaPat (Nagata et al.,
2024) corpus, which is the training data for this
task. Under the PCT route, a single international
patent application is submitted to multiple national
offices through translation, making the resulting
multilingual publications effectively parallel. Be-
cause these pairs represent direct translations of
the same application, they can be regarded as
highly reliable parallel data.

The Japanese claim sentences are embedded us-
ing the multilingual sentence embedding model
(intfloat/multilingual-e5-base), enabling the sys-
tem to evaluate semantic similarity between sen-
tences based on cosine similarity. Consequently,
for a given input claim, semantically similar
Japanese—English pairs can be efficiently retrieved
and utilized as reference examples in few-shot
translation. Few-shot prompting is applied to the



System LLM as a judge score (%)
Base Translation 91
Base Translation + Judge&Refinement 92
Specialized Prompting 80
Specialized Prompting + Judge&Refinement 84
Few-shot (sentence) 84
Few-shot (sentence) + Judge&Refinement 84
Few-shot (sentence) + Specialized Prompting 78
Few-shot (sentence) + Specialized Prompting + Judge&Refinement 79
Few-shot (term) 78
Few-shot (term) + Judge&Refinement 83
Few-shot (term) + Specialized Prompting 82
Few-shot (term) + Specialized Prompting + Judge&Refinement 83

Table 3: Evaluation results based on LLM as a judge for the test data

System COMET BLEU
Base Translation 84.59 53.81
Base Translation + Judge&Refinement 84.95 48.89
Specialized Prompting 85.35 56.55
Specialized Prompting + Judge&Refinement 85.48 55.64
Few-shot (sentence) 84.45 50.09
Few-shot (sentence) + Judge&Refinement 84.67 5143
Few-shot (sentence) + Specialized Prompting 85.14 53.88
Few-shot (sentence) + Specialized Prompting + Judge&Refinement 85.08 52.43
Few-shot (term) 85.01 53.54
Few-shot (term) + Judge&Refinement 84.97 51.92
Few-shot (term) + Specialized Prompting 85.16 52.92
Few-shot (term) + Specialized Prompting + Judge&Refinement 85.15 52.21

Table 4: Evaluation results based on COMET and BLEU for the development data

translation and refinement stages.
Two types of few-shot examples are used in this
study:

Sentence-Level Example The first method per-
forms cosine similarity search against the
FAISS index built from full-sentence vectors.
The top three most similar Japanese—English
pairs are retrieved and inserted into the trans-
lation prompt as few-shot (sentence) exam-
ples.

Term-Level Example To retrieve translation ex-
amples including important terms in the
source sentence, the second method uses the
LLM to extract three terms from the input
sentence and uses them as queries. These
queries are used for FAISS retrieval, and the
retrieved bilingual sentence pairs are orga-
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nized into a few-shot sentence. This method
is referred to as few-shot (word) in the follow-
ing evaluation.

Additionally, both of these few-shot methods
are combined with the specialized prompt de-
scribed in Section 2.2 for comparative evaluation.
The detailed prompt is shown in Figure 9 in Ap-
pendix C.

24 LILM

In this system, we use OpenAl’s GPT-5' as the
underlying LLM.

2.5 Dataset

We use the official development and test data pro-
vided for the WAT 2025 “Patent Claims Transla-
tion / Evaluation Tasks”. The development data

"https://platform.openai.com/docs/models/gpt-5
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consist of source-language patent claims and their
corresponding translations, whereas the test data
contain only the source-language patent claims.
We show the number of patent and patent claims
for each data point in the Table 2. In addition, we
use data from JaParaPat for the Few-Shot Prompt-
ing. JaParaPat is a large-scale Japanese—English
parallel corpus aligned between Japanese and En-
glish patent application documents. It consists of
approximately 107 million Japanese—English sen-
tence pairs automatically extracted from patent
document families filed between 2016 and 2020,
and includes metadata such as application-type la-
bels and document IDs. From this corpus, we used
only the sentence pairs whose document IDs cor-
respond to claim sections.

3 Evaluation

3.1 Our Evaluation

Patent claim translation involves very long and
syntactically complex sentences, making it dif-
ficult to fully understand the structure of each
claim. Furthermore, accuracy must be preserved
across multiple dimensions—not only in mean-
ing but also in legal scope and technical termi-
nology—thus, existing automatic evaluation meth-
ods struggle to precisely assess translation ade-
quacy. In contrast, LLM-as-a-Judge, which evalu-
ates translations using an LLM, is expected to con-
sistently assess the appropriateness of translations
across all parts of a long sentence. Therefore, we
employ the LLM-as-a-Judge as our primary evalu-
ation method. The evaluation criteria are the same
as those defined in Section 2.1 (2).

For evaluation, we use the test dataset described
in Section 2.5, which does not include reference
translations. The results are shown in Table 3.
The Judge&Refinement configuration achieved a
higher score than the Base Translation. On the
other hand, the Specialized Prompting score was
lower than the baseline, and both Few-shot (sen-
tence) and Few-shot (term) also showed lower
scores than the baseline. Therefore, the effective-
ness of these few-shot and specialized prompting
methods was not confirmed.

For reference, Table 4 presents the results of
automatic evaluation using the COMET (wmt22-
comet-a; Rei et al., 2022) and BLEU (sacrebleu;
Post, 2018) metrics. These scores were calculated
using the development dataset, which includes ref-
erence translations, instead of the test dataset.
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3.2 Official Evaluation

As the official evaluation for WAT 2025, the task
organizers conducted human assessment. Man-
ual error annotations and evaluation scores were
assigned to each source sentence and its trans-
lated output by human evaluators. FError anno-
tations were assigned to problematic segments
based on error categories such as mistransla-
tion, omission, and hallucination, with each er-
ror being labeled for severity (major or minor).
In addition, an official score out of 100 points
was assigned to each sentence. After assigning
evaluation priorities to the translation results of
the test data and submitting all results shown
in Table 2, two systems—Base Translation and
Judge&Refinement—were evaluated by the orga-
nizers. For each system, the 28 sentences out of
the 70 test sentences were evaluated by humans.
The official human evaluation results for error cat-
egories and average scores are presented in Tables
5 and 6. Compared with the Base Translation,
the number of major errors in the Refinement out-
put increased from 18 to 42, and the number of
minor errors increased from 119 to 150. There-
fore, the total number of errors increased from
137 to 192. In addition, the average score de-
creased from 86.07 for Base Translation to 81.60
for Judge&Refinement.

4 Analysis
4.1 Analysis Based on the Official Evaluation

We analyze the reasons why Judge&Refinement
received lower evaluation scores than Base Trans-
lation While surface-level errors—such as gram-
matical errors and punctuation issues involving the
use of commas and semicolons—were improved,
no improvements were observed for other types
of errors. In particular, substantial increases were
observed in hallucination, omission, and mistrans-
lation errors, indicating a rise in errors related to
the fidelity of the original patent claims. However,
many of the mistranslation errors were attributable
to article-related issues, such as incorrect selection
of “a” or “the” and omitted articles. When these ar-
ticle errors are excluded, the number of remaining
mistranslations becomes much closer, with 11 for
Base Translation and 13 for Judge&Refinement.
Although the change in the number of these errors
was not large, many errors related to terminology
consistency and contextual inappropriateness were
also observed.



Base Translation ~ Judge&Refinement

Error Category Major Minor  Major Minor
Omission 8 13 24 14
Terminology Consistency 1 33 0 36
Grammar 1 8 2 1
Mistranslation 5 18 7 25
Other 0 2 0 5
Contextually Inappropriate 3 11 2 14
Hallucination 0 10 5 34
Source Text Error 0 3 1 2
Punctuation 0 17 0 8
Lack of Consistency 0 0 0 4
Awkward Expression 0 4 0 5
Article Error 0 0 1 2
Total Errors 18 119 42 150
Total (Major+Minor) 137 192

Table 5: Official human evaluation results (number of error categories).

Base translation

Judge&Refinement

Average score

86.07

81.60

Table 6: Official human evaluation results (average score)

In the Judge&Refinement method, the initial
translation is evaluated using the LLLM-as-a-Judge
framework, and the output is refined based on the
abstract error types extracted from the evaluation
report. In addition to the strict U.S.-style con-
straints defined in the PROMPT_POLICY used
for the Base Translation, the model is explicitly in-
structed to revise the English text in accordance
with the identified issues. As a result, while
surface-level improvements were made—such as
corrections to grammar and punctuation, better
adherence to U.S. claim style, and the introduc-
tion of common expressions used in patent transla-
tion—we consider that there was also an increase
in errors related to loss of fidelity to the origi-
nal text, including incorrect scope or comparison
direction, erroneous antecedent references (mis-
translations), the addition of elements not present
in the source (hallucination), and the omission
of obligatory elements (omission). In particular,
the refinement step appears to prioritize produc-
ing well-formed English over maintaining strict fi-
delity to the source text, as it tends to rewrite the
entire sentence rather than apply minimal edits.

A comparison between the official evaluation
and the LLLM-as-a-Judge evaluation shows that, al-
though the score for Judge&Refinement improved
under the LLM-as-a-Judge framework, its transla-
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tion quality deteriorated in the human evaluation.
Therefore, it was confirmed that the performance
of the LLLM-as-a-Judge framework was not suffi-
cient in this study.

4.2 Analysis of Results Not Assigned Official
Evaluation

For Specialized Prompting and Few-Shot Prompt-
ing, we conducted our evaluation using the
LLM-as-a-Judge framework. @ Compared with
Judge&Refinement, Specialized Prompting and
Few-Shot Prompting improved consistency with
U.S. patent-claim style, the naturalness of the
English output, and the stability of terminol-
ogy and unit expressions. As a result, their
scores for us_style_structure and naturalness in
Table 1 increased. However, incorrect modifica-
tions of claim scope and the insertion of erro-
neous dependency relations led to decreases in
fidelity_legal_scope and antecedent_dependency
scores. In Specialized Prompting, the model
is strongly biased toward producing “natural En-
glish” and adhering to “U.S. claim style” whereas
essential aspects of patent translation—such as
structural preservation and legal fidelity—tend to
degrade. We consider that this imbalance led to
lower LLM-evaluation scores. Similarly, Few-
Shot Prompting showed improvements in stylis-



tic aspects of the translation, including punctua-
tion placement, element enumeration, lexical con-
sistency such as the use of “configured to,” and sta-
bilization of U.S.-claim-specific sentence patterns.
However, while Few-Shot Prompting improves
stylistic consistency and terminology, we consider
that it is strongly influenced by the structural bias
of the retrieved examples, causing structural dis-
tortions in the translated output—such as reorgani-
zation of elements, shifts in clause positions, and
unnecessary insertions of wherein. These issues
likely resulted in substantial score reductions in
the fidelity and antecedent_dependency categories
of Table 1. We consider that the performance of
Few-Shot Prompting declined relative to Special-
ized Prompting because the model was heavily in-
fluenced by the complexity of the retrieved exam-
ples. This influence led to several structural dis-
tortions, such as subtle alterations of numerical
and range expressions, shifts in the positions or
antecedents of modifiers and conditional clauses,
the splitting of a single original element into mul-
tiple parallel components, and the unnecessary in-
sertion of wherein clauses. Since these distortions
are treated as structural deviations from the source
text in the evaluation, substantial penalties were
applied to the fidelity and antecedent dependency
categories.

Based on our analysis, when constraints are im-
posed on the LLM through prompting, it is dif-
ficult for the model used in this study to satisfy
those constraints without reducing the overall fi-
delity of the content, indicating that this remains
an important challenge for future work.

5 Conclusion

For patent claim translation using LLMs, we
explored three different approaches. = Among
them, Judge and Refinement successfully im-
proved the evaluation scores under the LLM-
as-a-Judge framework. the other two ap-
proaches—Specialized Prompting and Few-shot
did not show any improvement in the LL.M-as-a-
Judge evaluation. In the official human evaluation,
the comparison between Judge and Refinement
and Base Translation showed that the total number
of errors increased, and the average score dropped
from 86.07 for Base Translation to 81.60 for Judge
and Refinement, confirming that human-evaluated
quality declined. This result indicates that the
performance of the LLM-as-a-Judge framework
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was not sufficient in this study. The analysis
showed that although the three methods improved
surface-level quality errors, they also led to an in-
crease in errors related to the fidelity of the origi-
nal patent claims. When constraints are imposed
on the LLM through prompting, it is difficult for
the model used in this study to satisfy those con-
straints without reducing the overall fidelity of the
content, making this an important challenge for fu-
ture work.
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A Prompt for Judge and Refinement

You are a professional Japanese-English translator for patent claims.

Follow the full policy below strictly. Translate the single input line into exactly one line of
US-style claim English.

Return only the translation (no notes). Do not add/omit/split/merge content.

Figure 1: System Prompt for Base Translation

Translate this single Japanese claim line into English:

Figure 2: User Prompt for Base Translation

You are a meticulous patent-claim reviewer. Evaluate an English translation (PRED) against the
original Japanese claim (JA) with NO reference translation.

Rubric categories (each 0-100; all categories have equal weight):
- fidelity_legal_scope

- us_style_structure

- numbers_units_ranges

- antecedent_dependency

- terminology

- naturalness

Output MUST be valid GitHub-flavored Markdown with the following sections:

Findings (>= min_findings items)

- Bullet list of concrete issues or confirmations (legal style, fidelity,
numbers/units/formulas/ranges, terminology consistency, antecedent  basis, dependency,
punctuation/format, naturalness).

- Each item starts with a label like [Fidelity], [Numbers/Units], etc., and quotes the exact
snippet(s) from JA/PRED.

Fix Suggestions
- Bullet list mapping to the Findings, each with a minimally-edited corrected English fragment.
- Preserve scope; do not introduce new elements.

One-line Verdict
- One sentence stating whether the PRED is acceptable for filing.

Subscores

Provide a JSON code block with EXACT keys and integer values 0-100:
"''Jjson

{{ "fidelity_legal_scope”: 0,

"us_style_structure”: 0,

"numbers_units_ranges"”: 0,

"antecedent_dependency”: 0,

"terminology": 0,

"naturalness”: @

FIaN

Figure 3: Prompt for Judge
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Figure 4: Prompt for Error-pattern Distillation

You are a professional patent-claims translator performing a second pass.

Obey the full policy below. You do NOT see any reference translation.

Given the Japanese line, your first-pass English line, and abstract issue types, fix the English
**xwithout adding/removing content*x.

Return exactly one English line in US claim style.

Figure 5: Prompt for Refinement

B Prompt for Specialized Prompting

You are a professional Japanese-English translator specialized in **US-style patent claimsx.
Translate **each input line** into x*exactly one English claim linexx.
Output: **ONLY*x the final English claim line (no notes, no bullets, no brackets, no extra spaces).

HARD CONSTRAINTS (must all hold):

- *x0One sentencex* per claim; period at the end; ASCII-only characters.

- US claim formatting: colon after the preamble; #**semicolons*x between parallel elements; *x’;
and’** before the last element.

- **xDo not add/omit/reorderx* content; preserve all numbers, units, symbols, ranges ("X to Y"),
inequalities (<=, >=, <, >), equations, and dependencies.

- Maintain claim category (apparatus/method/etc.), numbering, and antecedent basis (first mention
"a/an/at least one [X]" = thereafter "the [X]"; keep singular/plural consistent).

- For dependent claims: "The [subject] according to claim X (or X or Y/any one of claims X to Y),
wherein . . . ."” No new elements introduced in dependents.

- Forbidden: "and/or”, non-ASCII dashes (—~), ambiguous pronouns without antecedent,
"respectively” unless explicitly warranted by the JP text.

SILENT QA (do internally and **do not print*x the checks):

1) xxCategory map**: identify claim type; keep it unchanged.

2) **Numbers/units audit*x: 1list every value/unit/range/inequality/equation and verify 1:1
preservation; replace wave dashes with "to"; add a space between number and unit (10 mm); % is
attached (10%).

3) **Antecedent map#**: ensure every "the [X]" has a prior "a/an [X]" (or "first/second [X]1").

4) x*Format skeleton**: preamble + colon; element list with semicolons; insert "; and” before the
last element; final period.

5) *xTerminology lock*x: prefer "apparatus” (when appropriate), "configured to"”, "equal to or
greater than/less than or equal to", "idle channel”, "suction air temperature”, "thermo-OFF/ON",

etc., as aligned with the policy below.

Figure 6: Prompt for Specialized Base Translation
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BT IFBER S EOERE T, AJIE JA & PRED OATIES N L R— h T,

ANF T D1 S GE I+ +EExx T 5 10~15 D TFIEX 1 7 GER-MFRE) | 2, BEEEZZ DT
fEUTHH LT ZE N,

BRSNS :

1) BEMORME (EFE/BEE/ S/ LUiR /A& /EIR /S E /AR

2) R0 ZIT - IFBIR (antecedent., wherein D#EEfE, FEREA/FHEGORES

3) B - BAAT - HPH - AEES - A (ASCII/NER /& Stk /M X 0 /B A R—R)

4H FEWT7A—<v b (Zuy/eIavay/r; and" /IR

x REOSVHZ O AITERIN, BR/IENIRICHET 2IHE 28,

WhEX (H) -
- [#PERB) "A~B" & "A to B" IZHi—, BEHRDO=/z13 JA IZHE,
- [antecedent] "the X" \ZIX5E4T "a/an/first X" % @ZEAL, B TO RGN Z 21,

- [FIZAER] ST VILERZIFE I au U HIE+REEZIZ 7 and”,

Figure 7: Prompt for Specialized Error-pattern Distillation

You are a senior patent-claims translator performing a =*xtargeted second pass** with **no

reference translation*x.

Objectives (in this order):

1) xxSemantic adequacy legal correctness** (maximize human adequacy judgment).

2) **Minimal-edit policy** to preserve n-grams/phrases of the first-pass English *xoutside the

problematic spans*x (helps BLEU and perceived consistency).

HARD CONSTRAINTS:
- Do NOT add/remove meaning vs. Japanese; preserve all numbers, units, symbols, ranges ("X to Y"),

inequalities, equations, dependencies, and claim category.
- Enforce US claim style: one sentence; colon after preamble; semicolons between parallel elements;

"s; and” before the last element; final period; ASCII-only.
- Maintain antecedent basis; attach "wherein” to the correct antecedent; do not introduce new

elements in dependent claims.
- *xEdit only spans implicated by the "Issues to fix" sectionx*; elsewhere keep tokens identical

to the first-pass output unless grammar requires a local micro-fix.
- Avoid "and/or"” and non-ASCII dashes; keep spacing for numbers/units; keep thousands separators;

noom_mon
®oorume .

SILENT QA BEFORE OUTPUT (do not print): numbers/units audit, antecedent map, format skeleton, and
dependency sanity check.

Figure 8: Prompt for Specialized Refinement
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C Prompt for Few-shot Prompting

"B HAGER A RIEDEMETT, MFOHAGEITT 2L —254) IZ20WT,
"FAISS CrRfEE Iz 255 7= D THARE
"E TV (A) HREEATE (HMEE

"

i
. ~FB,. ~[#, configured to %§) | "

FEI TV Zxxb & D E3MFxx, JSONELFITHAL TLZE W,
L% - BEPREESR - ERMEEAL R Y) |
CxxEDHTL XN,

HeRE (~
" fREE (EE. R, T —X%) OBBIREEZ B, SEIZAFA D T8~ 24 X FREE s TN £ T, "
RN - 2AEE - BREKGEXFIEMHLEEA,
MR ER TR IRD T A =y h DA "

’

(B) Hlk 23 /5%
"(C) WEMZREIR (whereinfefh, BUEL > o, AES, BAL, RIS, REBELR) 2l AR 7%

AR R R XTI~ R VW T ZE W,

Figure 9: Prompt for generating FAISS search queries
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Source Sentence

[RAORIF2) ATACES 1 #EEE 7OVIE, BTALHE | 2 — RO TN T WO 21—V ORME LA 1 7 -7V 7 — X & H
RSB ENEFNDIHEHORHE L oRIFIH | 2 —YBHOZNEND 2 —FITRIGT DG ZE N ENDIHE OfE
EHEEL,

BIELEE 2 HEEETVIE, it — Y HOZTh T NO -V ORBEB L HHE 2 T -7V T — X 2K T 5%
NZENDOIHE ORE & 2 Sl i@ L — PO TN TN D 2 —FIZHIE S 5 FiEL T N TN O H O % #HEE
L.

HURCHERERIE, BURCER | HEEE TV CHA S A RIRCE | 2 — VRO TN TN O 1 —H ORHE & BiRces 2 #E
ETNVCHHINBHEHE 2 T — 7T — X &R s 2 TN ThDIHE ORE L IO WT, #iitib@a—v
FEZPRSHTRCES 1 2— PRI DWW T ORI 2 T — X DIEZHET 5. G5RIE 1 IZGLBOHEELEE,

Base Translation

2. The estimation apparatus according to claim 1, wherein: the first estimation model is configured to
estimate values of respective items corresponding to each user of the first user group based on feature
quantities of each user of the first user group and feature quantities of the respective items constituting
the first table data; the second estimation model is configured to estimate values of respective items
corresponding to each user of the common user group based on feature quantities of each user of the
common user group and feature quantities of the respective items constituting the second table data; and
the estimation unit is configured to estimate values of the second data for the first user group excluding
the common user group, based on the feature quantities of each user of the first user group used by the
first estimation model and the feature quantities of the respective items constituting the second table
data used by the second estimation model.

Refinement

2. The estimation apparatus according to claim 1, wherein: the first estimation model is configured to
estimate values of the respective items corresponding to each user of the first user group based on
features of each user of the first user group and features of the respective items that constitute the first
table data; the second estimation model is configured to estimate values of the respective items
corresponding to each user of the common user group based on features of each user of the common
user group and features of the respective items that constitute the second table data; and the estimation
unit is configured to estimate values of the second data for users of the first user group excluding users
of the common user group based on (i) the features of each user of the first user group that are used by
the first estimation model and (ii) the features of the respective items that constitute the second table
data and that are used by the second estimation model.

Table 7: Example Output of Judge and Refinement
Examples in which, although punctuation errors were reduced, hallucinations and omissions occurred.
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Source Sentence

[F5RIE1] K CHEEASRIE G EICET S K5 ICHE X ., il BiRfle 35 & 251202 TRl 3557k
BERIEET B,
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ORSEAEEL, BIECERRE] 0 I EEETRER T RS &

BIE A THRZ 7 a R U TRl R OB D72 L nWIhh—HIZ T 5, BiEBHICIEY s &
t;h%ﬁ%ﬁ@ﬂ%ﬂén\%ﬁ%%%i%ﬁé@ﬁ@xb?vh&

% i A\

HIECEBDO A b Ty ME, B FARICEEC THIECENGR % i 2 JFR I U TAEARFNCEE X 4,

BiE A NSy FRTOMERBED S bR &6 1 DOMEMEIZ. MOREA NS v MR+ OMEBE S i
)

BTG % 38 2 & S 1T KFEAANTIEAET B KFHEIZN LT, EFAMBEHICAZRL & E 1 DDFFA Ty M3
BEINTWD, #HEE,

Base Translation

1. A propulsion apparatus comprising: a tubular portion arranged below a water surface such that an
axis extends in a fore-aft direction, the tubular portion forming a flow path in which a front side is an
upstream side and a rear side is a downstream side; a shaft portion disposed inside the tubular portion
and extending in an axial direction; a propeller mounted to the shaft portion, the propeller having a
plurality of propeller blades that extend in a radial direction of the axis and are arranged in a
circumferential direction of the axis, the propeller being rotatable about the axis; and a plurality of
struts provided in the flow path on at least one of a front side and a rear side with respect to the
propeller, the plurality of struts extending in the radial direction and being arranged in the
circumferential direction, the plurality of struts supporting the shaft portion; wherein: (i) the plurality of
struts extend in a vertical direction and are disposed left-right symmetrically with respect to a symmetry
line passing through the axis; (ii) at least one angular interval among angular intervals between the
struts is different from other angular intervals between the struts; and (iii) with respect to a horizontal
plane extending horizontally so as to pass through the axis, at least one of the struts is disposed on each
of both sides in a vertical direction.

Refinement

1. A propulsion apparatus comprising: a tubular portion arranged below a water surface such that an
axis of the tubular portion extends in a fore-aft direction, the tubular portion forming a flow path in
which a front side is an upstream side and a rear side is a downstream side; a shaft portion disposed
inside the tubular portion and extending in an axial direction; a propeller mounted to the shaft portion,
the propeller having a plurality of propeller blades that extend in a radial direction of the axis and are
arranged in a circumferential direction of the axis, the propeller being rotatable about the axis; and a
plurality of struts provided in the flow path on at least one of a front side and a rear side of the propeller,
the plurality of struts extending in the radial direction and being arranged in the circumferential
direction, the plurality of struts being configured to support the shaft portion; wherein: (i) the plurality
of struts extend in a vertical direction and are disposed left-right symmetrically with respect to a line of
symmetry that passes through the axis; (ii) at least one angular interval between the struts differs from
the other angular intervals between the struts; and (iii) with respect to a horizontal plane that passes
through the axis, at least one of the struts is disposed on each of an upper side and a lower side.

Table 8: Example Output of Judge and Refinement
Examples of increased hallucinations and omissions.
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