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Abstract
Efficient analysis of patent literature is crucial for technological development and protecting intellectual property. A
key task is verifying the “support requirement,” which mandates that the detailed description must fully describe the
claimed invention. This requirement is fundamental to a patent’s validity. Manual verification is a labor-intensive
process that demands technical and legal expertise, making automation highly desirable. However, research on
this task has been hampered by two key challenges: (1) the absence of a public benchmark, and (2) the reliance of
prior work on lexical matching, which fails to capture semantic equivalence. To address these issues, we introduce
JAPAS, the first public benchmark for this task, comprising over 2,000 instances manually annotated for Japanese
patents. Each instance is labeled with a claim span, a supporting description paragraph, a relation type, and the
annotator’s confidence level. Using this benchmark, we also establish modern baselines that capture semantic
similarity, such as embeddings and LLMs. Our experiments show that a fine-tuned Qwen3-14B model achieves an
F1 score of 0.50, outperforming the conventional lexical-based baseline. This result, which demonstrates that the
task is feasible yet challenging, highlights the utility of JAPAS as a research foundation and provides a performance
target for future work.

Keywords: claim analysis, alignment, dataset

1. Introduction

Patent documents are a rich source of detailed in-
formation on the latest technological innovations,
and their analysis is essential for technological
development and protecting intellectual property.
A patent application document is composed of
patent claims and detailed descriptions. The
claims define the legal scope of the protection,
while the detailed descriptions provide exhaustive
information about the invention. Under national
and international patent law 1, the claim scope
must be fully supported by the detailed descrip-
tions: They should include some statements by
which a person skilled in the art can understand
the claimed invention and how it works; failure to
meet this requirement can result in the patent be-
ing refused or later invalidated.

Consequently, it is necessary to verify whether
every claim is adequately supported by the de-
tailed descriptions. Figure 1 shows an example
of the support relationships. However, this pro-
cess is labor-intensive and requires deep domain
knowledge of both the technology and intellectual
property law: Each claim often comprises several
statements describing the structure of the inven-
tion, which may be scattered throughout the de-
tailed description at different levels of abstraction.

1For example, this requirement is codified in Article
36 of the Japan Patent Act, 35 U.S.C. §112 in the United
States, Article 84 EPC in the EU, and Article 6 of the
Patent Cooperation Treaty (PCT)

Automating this task would offer significant bene-
fits to various professionals. For patent examiners,
it could lead to more efficient and consistent exam-
inations. For applicants and patent practitioners, it
would assist in drafting high-quality applications.

To address this challenge, several automatic
support-relation extraction methods have been
proposed. The existing studies formulate the task
as an alignment problem between claims and de-
tailed descriptions. Murata and Isahara (2002) pro-
posed a global alignment method using the Unix
diff command to identify correspondences be-
tween claims and detailed description paragraphs.
Shinmori et al. (2004) introduced a local alignment
approach that leverages the discourse structure
of claims and lexical similarity. However, these
methods rely on exact lexical matching and there-
fore miss support relations when the claim and de-
tailed description use different lexical choices. Al-
though recent pre-trained models can capture se-
mantic similarity, they have not yet been applied to
this task. Second, and more fundamentally, a pub-
lic benchmark for advancing research in this area
has been absent. Prior work either lacks quantita-
tive evaluation or uses in-house datasets, leaving
no publicly available benchmark for the support-
relation extraction task and thus impeding system-
atic progress.

Here, we present JAPAS, a manually annotated
dataset of 2,056 support-relation instances ex-
tracted from Japan Patent Office (JPO) applica-
tions. The annotation was conducted by annota-
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【0007】前記課題を達成するために、本発明による⾐類処理装置は、
第１ケースを含む第１⾐類処理ユニットと、第２ケースを含む第２⾐
類処理ユニットと、前記第１ケース及び第２ケースの少なくとも２⾯
を固定するユニオンアセンブリーとを含む（備える）。
[0007] In accordance with an aspect of the present invention, the above and 
other objects can be accomplished by the provision of a clothes treatment 
apparatus including a first clothes treatment including a first case, a second 
clothes treatment including a second case, and a union assembly for fixing at 
least two surfaces of the first case and the second case.

【0008】前記ユニオンアセンブリーは、前記第１ケース及び第２ケー
スを横⽅向に結合させる横⽅向ブラケットと、前記第１ケース及び第
２ケースを前後⽅向に結合させる前後⽅向ブラケットと、前記第１
ケース及び第２ケースを上下⽅向に結合させる上下⽅向ブラケットと
を含むことができ、前記横⽅向ブラケット、前後⽅向ブラケット⼜は
上下⽅向ブラケットの少なくとも⼆つが前記第１ケース及び第２ケー
スの少なくとも２⾯を固定することができる。
[0008] The union assembly may include a width-direction bracket for 
coupling the first case and the second case to each other in a width direction, 
a depth-direction bracket for coupling the first case and the second case to 
each other in a depth direction, and a height-direction bracket for coupling 
the first case and the second case to each other in a height direction, and at 
least two of the width-direction bracket, the depth-direction bracket, or the 
height-direction bracket may fix the at least two surfaces of the first case 
and the second case.

【0051】左側に配置された⾐類処理装置を第１⾐類処理ユニット１と
定義し、右側に配置された⾐類処理装置を第２⾐類処理ユニット２と
定義する。
[0051] The left clothes treatment apparatus is defined as a first clothes 
treatment unit 1, and the right clothes treatment apparatus is defined as a 
second clothes treatment unit 2.

⾐類処理装置であって、②[③[第１ケー
スを備えた第１⾐類処理ユニットと、
第２ケースを備えた第２⾐類処理ユ
ニット]と、①[前記第１ケース及び第２
ケースの少なくとも２⾯を固定するユ
ニオンアセンブリーとを備えてなる]、
⾐類処理装置]。
②[A clothes treatment apparatus 
comprising: ③[a first clothes treatment 
comprising a first case; a second clothes 
treatment comprising a second case;] and 
①[a union assembly for fixing at least two 
surfaces of the first case and the second 
case.]]

Claim

Detailed Description

…

description

itself

description③

②

①

Figure 1: An example of support relationships within a patent document. Each colored passage from
the detailed description supports the phrase in the claim enclosed in brackets of the same color. English
translations are provided below the original Japanese text for reference.

tors with substantial experience in reading patent
documents, following a detailed schema designed
in consultation with patent experts. Each instance
is annotated with 1) a claim span, correspond-
ing to each component of the invention structure,
2) a supporting paragraph of a detailed descrip-
tion, 3) the type of support relation, and 4) a
confidence label. With JAPAS, we have estab-
lished the first public benchmark for the support-
relation extraction task. We also propose novel
support relation extraction models that utilize se-
mantic similarity with text embeddings and large
language models (LLMs) to establish strong base-
lines for future research. Our experiments show
that fine-tuning a Qwen model on JAPAS achieved
a +11 F1 point improvement over a conventional
lexical-based baseline. This result demonstrates
that semantic-aware representations markedly en-
hance automated patent claim support verification
and underscores the value of our task-specific an-
notated dataset.2

2. Related Work

Several large-scale patent corpora have been re-
leased for tasks such as patent-topic classifica-
tion, information retrieval, and abstractive sum-
marization (Iwayama et al., 2003; Li et al., 2018;
Sharma et al., 2019; Suzgun et al., 2023; Piroi
et al., 2011). While these resources provide an-

2The dataset is available at https://www.kecl.
ntt.co.jp/icl/lirg/japas/.

notations for each textual segment in a patent, in-
dicating its corresponding data field (e.g., title, ab-
stract, claims, detailed description), they lack an-
notations for relations between these fields, such
as support relations. As a result, there is cur-
rently no publicly available benchmark for support-
relation extraction, and this has impeded progress
on this task.

Early attempts at extracting support relations fo-
cused on aligning claims with the detailed descrip-
tion. Murata and Isahara (2002) proposed a global
alignment method using the Unix diff command,
while Shinmori et al. (2004) parsed claims into dis-
course structures to perform local alignment be-
tween key elements and sentences in the descrip-
tion. The primary limitation of these methods, how-
ever, is their reliance on lexical matching to assess
text similarity, making them less effective at han-
dling paraphrases.

Other approaches have also been proposed
to evaluate the degree of support at the docu-
ment level by calculating the similarity between
the entire claims and description, using either
sets of words (Mann and Underweiser, 2012) or
topic distributions from LDA (Khachatryan and
Muehlmann, 2020). However, these methods
have a significant limitation: because they calcu-
late a single similarity score for the entire docu-
ment, they cannot identify which specific parts of a
claim are unsupported. Furthermore, similar to the
methods mentioned above, their datasets are not
publicly available, which has made reproducible
evaluation and comparison difficult.

https://www.kecl.ntt.co.jp/icl/lirg/japas/
https://www.kecl.ntt.co.jp/icl/lirg/japas/
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More generally in NLP, recent research has
utilized semantic similarity based on text embed-
dings to overcome the limitations of lexical match-
ing. E5 (Wang et al., 2024a) and Multilingual
E5 (Wang et al., 2024b) are text embedding mod-
els for English and multilingual contexts, respec-
tively. Both models have achieved state-of-the-art
performance on various benchmarks, including in-
formation retrieval and the Semantic Textual Simi-
larity (STS) task. In the case of Japanese, special-
ized embedding models such as Ruri (Tsukagoshi
and Sasano, 2024) and Sarashina-Embeddings3,
which build on Japanese pre-trained language
models, have demonstrated superior performance
on comparable benchmarks. Nevertheless, the
effectiveness of these methods on the support-
relation extraction task remains to be investigated.
Establishing a benchmark and evaluating such
models in this context is therefore an essential step
toward advancing automated patent analysis.

3. Dataset Construction

3.1. Resources
The data source for this study is the bulk-download
service for patent information provided by the
Japan Patent Office (JPO). The JPO offers this ser-
vice free of charge4. We obtained the patent doc-
uments by sending a hard disk to the JPO, which
they returned to us containing the requested data.

3.2. Data Selection and Preprocessing
We focused on the patents filed as international
applications under the Patent Cooperation Treaty
(PCT), rather than those filed directly with national
patent offices. A PCT application is written in
a unified format as a single international filing,
and this structure is preserved during the subse-
quent national-phase procedures in each contract-
ing state. This unified format allows any PCT appli-
cation filed with one state to be readily transferred
into applications for other member states. There-
fore, in regard to future prospects, it is much easier
to extend the dataset to include other languages if
we use PCT applications. Additionally, PCT ap-
plications are more expensive than direct applica-
tions for each state, and thus, they are more likely
to be carefully organized and technically reliable,
thereby providing a high-quality source for annota-
tion.

From the PCT applications published by the JPO
in 2019, we randomly selected 62 patents. For

3https://huggingface.co/sbintuitions/
sarashina-embedding-v1-1b

4https://www.jpo.go.jp/system/laws/
sesaku/data/download.html

each patent, we extracted the Detailed Description
and Claims sections from the provided XML files.
Due to budget constraints, we limited our annota-
tion to the first four claims of each patent. This is a
reasonable simplification, as the initial claims typ-
ically define the broadest and most fundamental
inventive concepts.

3.3. Annotation Schema
We constructed the dataset by defining a support
relation between a text span in a claim and a para-
graph in the detailed description. The annotation
guidelines were established through discussions
with patent experts. The schema comprises four
elements:

Claim Span The start and end character offsets
of a contiguous textual span within a claim. The
span typically corresponds to a clause containing
a predicate.

Description ID The paragraph number of the de-
scription that supports the Claim Span.

Relation Type A three-way categorization of the
support relation: (a) itself: The paragraph re-
states the claim text verbatim or with minor para-
phrasing. (b) description: The paragraph pro-
vides definitions, elaborations, or detailed explana-
tions of the claim text. (c) example: The para-
graph presents embodiments, examples, or varia-
tions corresponding to the claim text.

Confidence The annotator’s self-assessed cer-
tainty about the assigned label. We defined three
confidence tiers: high for cases where the anno-
tator is more than 80% certain; medium for cer-
tainty between 50-80%; and low for certainty be-
low 50%.

These annotated elements are stored in a sin-
gle JSON file for each patent. Figure 2 shows an
example of our data format.

Note that a single Claim Span can be supported
by multiple description paragraphs, resulting in a
one-to-many relationship.

3.4. Annotation Procedure
The annotation was conducted by annotators with
substantial experience in reading patent docu-
ments and in document annotation. First, anno-
tators carefully read a claim and identified textual
spans at the clause level that require supporting
evidence. Next, for each identified span, the an-
notator treated it as a query and searched the en-
tire description to find paragraphs that provide sup-
port. Finally, for each identified claim-description

https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b
https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b
https://www.jpo.go.jp/system/laws/sesaku/data/download.html
https://www.jpo.go.jp/system/laws/sesaku/data/download.html
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{
"claims": [{

"id": "1",
"text": "複数の通信装置を管理する管理装置で
あって、...",
"segments": [{

"start": 0,
"end": 20,
"description_id": "0021",
"relation_type": "description",
"confidence": "high"

}, ...]
}, ...],
"descriptions": [{

"id": "0001",
"text": "本発明は、通信システムに関する。"

}, ...]
}

Figure 2: An Annotated Data in JSON Format

Subset Train Dev Test

Patents 40 11 11
Claims /patent 4 4 4
Char. length /claim 175.6 210.6 232.6
Descriptions /patent 108.6 102.8 111.4
Char. length /desc. 228.4 209.1 224.6
Supports 1335 347 406
Supports /claim 8.34 7.89 9.23

Table 1: Statistics of the constructed dataset.
“Char.” and “fesc.” stand for “Character” and “de-
scription,” respectively.

pair, the annotator assigned one of the three Re-
lation Types and recorded their confidence level.
This process was repeated until almost all claim
spans were linked to at least one supporting para-
graph. After annotation, we split the dataset into
training, development, and test sets in an approxi-
mate 4:1:1 ratio.

Table 1 and Table 2 present the statistics of the
constructed dataset and the proportion of each la-
bel in the dataset. The training set contains 1,335
annotated instances, which is sufficient for fine-
tuning LLMs. The development and test sets are
also large enough for robust evaluation.

As shown in Table 1, we found an average of 8-
9 support relations per claim. Considering that a
typical patent application at the JPO in 2019 has
an average of 11.0 claims (IP5 Offices, 2020) and
that patents in our dataset have roughly 100 de-
scription paragraphs on average, this annotation
number is plausible.

4. Proposed Methods

Verifying the support relation can be viewed as
the task of aligning constituent parts of the claim
with their supporting evidence in the description. A
claim consists of multiple clauses describing differ-

Relation Prop. Confidence Prop.

itself 10.4 % high 54.9 %
description 66.4 % medium 30.2 %
example 23.2 % low 14.9 %

Table 2: Distribution of relation‑type and confi-
dence levels in the dataset. Prop. indicates pro-
portion of the whole dataset, expressed as a per-
centage.

ent elements of an invention, and the evidence for
these elements is often scattered across various
paragraphs in the description. Therefore, we de-
cided to formalize the task as a problem of aligning
each paragraph in the description to the specific
claim spans it supports. To tackle this problem, we
propose and evaluate two approaches leveraging
pre-trained models: an embedding-based method
and an LLM-based one.

4.1. Embedding-based Method
Prior studies in the field of information retrieval
and on sequence alignment have demonstrated
the usefulness of using text embeddings (Thomp-
son and Koehn, 2019; Jalili Sabet et al., 2020; Dou
and Neubig, 2021; Reimers and Gurevych, 2019).
Inspired by these studies, we compute the similar-
ity between the embedding of a claim span and
that of a description paragraph to decide whether
a support relation exists between them.

Let C := (c1, . . . , cN ) be the token sequence of
a claim and D := (d1, . . . , dM ) be that of a de-
scription paragraph. A claim is segmented into the
smallest units for which we wish to determine a
support relationship: S := {(s1, e1), . . . , (sL, eL)},
where sℓ ∈ N and eℓ ∈ N are the start and end to-
ken indices of the ℓ-th span. Here, we simply use
linguistic units as span units, such as an entire sen-
tence or clauses segmented by punctuation.

First, we obtain token-level embeddings for the
entire claim using a pretrained text-embedding
model Emb:

(uc
1, . . . ,uc

N ) = Emb(c1, . . . , cN ), (1)

where uc
n is the embedding vector of cn. To capture

contextual information, we encode the entire claim
at once. Alternatively, for a context-free represen-
tation, we encode only the tokens within each indi-
vidual span.

Next, each span (sℓ, eℓ) is represented by a sin-
gle vector vC

ℓ :

vC
ℓ = pooling

(
uc
k | sℓ ≤ k ≤ eℓ

)
, (2)

where the pooling function follows the strategy of
the embedding model (e.g., mean, or max). The
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embedding for the description paragraph vD is ob-
tained in the same manner:

vD = pooling(Emb(d1, . . . , dM )). (3)

Finally, we compute a similarity score between
the span embedding vC

ℓ and the description para-
graph embedding vD:

scoreℓ = sim
(
vC
ℓ , vD

)
, (4)

where the similarity function also follows the set-
ting used by the embedding model (e.g., cosine
similarity). If the score exceeds a threshold τ , we
classify the span as supported by the description
paragraph. The threshold τ is determined by max-
imizing the F1 score on a development set.

4.2. LLM‑based Method
In order to leverage large language models (LLMs)
in this task, we use a structured prompt template.
The prompt consists of system instructions and
user input. The system instructions outline the
task and specify the required output format, while
the user input provides a claim and a description
paragraph. While the prompts were developed in
Japanese based on preliminary experiments, we
present their English translations in Figure 3 for
clarity and wider understanding.5

The LLM is expected to generate a JSON-
formatted string containing the extracted claim
span text, support type, and confidence level.
Note that the model must generate the actual text
of the span, not its character or token offsets. If no
support relation is found, the model is instructed to
return an empty list.

We have explored three settings for this method:
(1) Zero-shot, where the model performs the
task based only on the instructions; (2) Few-shot,
where we include three input-output examples in
the prompt to provide in-context learning; (3) Fine-
tuning, where we adapt the model to our task by
training it on our annotated dataset using the same
prompt-response format. For fine-tuning, we use
the Low-Rank Adaptation (LoRA) technique (Hu
et al., 2022) to efficiently train the model, given the
relatively small size of our dataset.

5. Experiments

We conducted two sets of experiments. First, we
evaluated the proposed methods on the primary
task of support relation extraction. Second, we as-
sessed the best-performing model’s ability to clas-
sify the relation type and confidence level of the
extracted relations.

5The original Japanese prompt is shown in Ap-
pendix A.

You are an analyst who is well versed in
checking the support requirement for patent
specifications. For the claim and the detailed
description paragraph below, extract the spans
that supported by the description paragraph, and

determine the relation type of support and the
confidence level.

# Extraction Items
1. Supported Span (Which spans of the claim are
supported by the description)
2. Relation Type

- itself: The exact wording of the claim
apperas in the specification.
- description: The description provides a
definition or detailed explanation of the
claim langauge.
- example: The description gives an
embodiement, example, or variation that
corresponds to the claim language.

3. Confidence (high/medium/low)

* When sevelal spans are supported within the
same claim, list them all.
* If no span is found, return an emply list.

# Output Format (JSON)
[{

"claim_span": "<term or phrase within the
claim>",
"type": "itself | description | example",
"confidence": "high | medium | low"

}, ...]

Claim: {claim}
Description: {description paragraph}

Figure 3: The English translation of the prompt
used in the LLM-based model.

5.1. Support Relation Extraction
In this experiment, we evaluated the models’ ability
to identify support relations between claim spans
and description paragraphs using our dataset.

5.1.1. Model Settings

We evaluated the embedding-based method and
the LLM-based one as follows.

Embedding-based method We used two
Japanese text embedding models: Ruri-
v3-310m (Tsukagoshi and Sasano, 2024)
and Sarashina-Embeddings-v16, both imple-
mented using the sentence-transformers li-
brary 7. For each model, we used its default
pooling function (mean-pooling for Ruri,
last-token-pooling for Sarashina) and co-
sine similarity. We experimented with two types of
claim units for generating embeddings: the entire
claim treated as a single sentence, and clauses
segmented by commas8. For the clause-level

6https://huggingface.co/sbintuitions/
sarashina-embedding-v1-1b

7https://sbert.net/
8We used three types of commas for Japanese texts:

“、，,”

https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b
https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b
https://sbert.net/
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units, we further evaluated two distinct encoding
strategies: a context-free approach where each
clause is encoded individually, and a contextual
approach where the embedding for each clause is
derived from the full claim text, thereby retaining
context from surrounding clauses. In total, we
compared six configurations for this method: 2
models × 3 embedding strategies.

LLM-based method We used Qwen3-14B9 as
our base LLM. We used unsloth 10 for fine-tuning11

and vllm (Kwon et al., 2023) for inference.

Baseline As a baseline using only surface-level
information, we used cosine similarity between
sentence-level TF-IDF vectors. The TF-IDF vec-
tors were computed for each patent individually,
treating all its claims and descriptions as a sin-
gle document for vocabulary construction. While
other surface-based methods have been proposed
in prior work, we chose this TF-IDF baseline due
to the difficulty of reproducing earlier methods,
whose implementations are not publicly available.

5.1.2. Evaluation Metrics

To evaluate model performance, we use two gran-
ularities: claim level and span level. The claim-
level evaluation is the more fundamental metric,
assessing the model’s core ability to identify the
correct supporting paragraph for a claim. In con-
trast, the span-level evaluation is a stricter metric
that assesses the model’s precision in pinpointing
the exact text fragment being supported.

For the claim-level evaluation, we measured the
F1-score, which is widely employed in sequence
alignment tasks. To do so, we first aggregated our
span-level annotations to the claim level. Specif-
ically, if at least one ground-truth support relation
exists between any span within a claim and a given
description paragraph, we considered the entire
claim and that paragraph to be a positive pair for
evaluation. The claim-level precision (Pc), recall
(Rc), and F1-score (Fc) are calculated as:

Fc =
2× Pc ×Rc

Pc +Rc
(5)

Pc =
|Tc ∩Gc|

|Gc|
(6)

Rc =
|Tc ∩Gc|

|Tc|
(7)

9We used the 4-bit quantized model from Un-
sloth: https://huggingface.co/unsloth/
Qwen3-14B-unsloth-bnb-4bit

10https://unsloth.ai/
11For reproducibility, we show the hyperparameters

for fine-tuning in Appendix B.

where Tc is the set of predicted support relation
pairs (claim, description paragraph), Gc is the set
of ground-truth support relation pairs, and | · | de-
notes the size of the set.

For the span-level evaluation, we used the
micro-averaged token-level F1-score, a metric
used in span extraction tasks such as SQuAD
v2 (Rajpurkar et al., 2018). Since the ground-truth
spans are not pre-tokenized and different models
use different token units, a unified tokenizer is re-
quired for a fair evaluation. In our experiments,
we used fugashi (McCann, 2020).12 The span-
level F1-score (Fs) is the average F1-score over
all claim-paragraph pairs in the test set, calculated
on the basis of the overlap between predicted and
ground-truth tokens within the spans.

Fs =
1

N

N∑
i=1

2× P
(i)
s ×R

(i)
s

P
(i)
s +R

(i)
s

(8)

P (i)
s =

|T (i)
s ∩G

(i)
s |

|G(i)
s |

(9)

R(i)
s =

|T (i)
s ∩G

(i)
s |

|T (i)
s |

(10)

where N is the total number of pairs, and T
(i)
s and

G
(i)
s are the multisets of tokens for the predicted

and ground-truth claim spans for the i-th pair, re-
spectively.

We report two variants of this metric: one that
includes the performance for pairs with no support
relation (inc. NS) and one that excludes them
(exc. NS). When calculating inc. NS, if both the
prediction and the ground truth for a given pair are
“No Support”, its F1-score is treated as 1. These
metrics require caution because, as the statistics
in Table 1 suggest, support relations are relatively
sparse. Consequently, a model that always pre-
dicts “No Support” would achieve a deceptively
high score on exc. NS, while a model that always
predicts a pair as supportive would score decep-
tively high on exc. NS. Thus, there is a trade-off
between these two metrics, making it crucial to
improve both for a comprehensive assessment of
model performance.

5.1.3. Results

The experimental results are presented in Table 3.
Overall, most of our proposed methods surpassed
the performance of the TF-IDF baseline. Further-
more, our results show a clear performance hier-

12We followed the Japanese SQuAD evalua-
tion script in Stability-AI/lm-evaluation-harness:
https://github.com/Stability-AI/
lm-evaluation-harness/blob/jp-stable/
lm_eval/jasquad/evaluate.py

https://huggingface.co/unsloth/Qwen3-14B-unsloth-bnb-4bit
https://huggingface.co/unsloth/Qwen3-14B-unsloth-bnb-4bit
https://unsloth.ai/
https://github.com/Stability-AI/lm-evaluation-harness/blob/jp-stable/lm_eval/jasquad/evaluate.py
https://github.com/Stability-AI/lm-evaluation-harness/blob/jp-stable/lm_eval/jasquad/evaluate.py
https://github.com/Stability-AI/lm-evaluation-harness/blob/jp-stable/lm_eval/jasquad/evaluate.py
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Claim-level Span-level F1-score
Systems Precision Recall F1-score inc. NS exc. NS

TF-IDF .39 .19 .25 .91 .16

SentEmb Ruri .41 .35 .38 .91 .26
SentEmb Sarashina .39 .39 .39 .90 .29

Context-free ClauseEmb Ruri .30 .37 .33 .87 .24
Context-free ClauseEmb Sarashina .07 1.0 .14 .03 .70

Contextual ClauseEmb Ruri .45 .34 .39 .91 .25
Contextual ClauseEmb Sarashina .28 .43 .34 .85 .23

Qwen3-14B 0-shot .16 .53 .26 .74 .24
Qwen3-14B 3-shots .16 .53 .26 .74 .24

Qwen3-14B Fine-tuning .51 .48 .50 .91 .37

Table 3: Comparison of accuracies extracting support relations.

archy: the fine-tuned LLM achieved the best per-
formance, followed by the embedding-based meth-
ods and the few-shot LLM approaches.

The best-performing model, Qwen3-14B Fine-
tuning, obtained a claim-level F1-score of 0.50.
While this represents a substantial improvement of
+0.25 points over the TF-IDF baseline and +0.11
points over the best embedding-based method,
SentEmb Sarashina, the absolute score of 0.50
suggests that the task is feasible for automated
approaches yet remains a significant challenge.
Notably, the fine-tuned LLM achieved a superior
trade-off between the inc. NS and exc. NS met-
rics. It maintained a high inc. NS of 0.91, com-
parable to the TF-IDF baseline, demonstrating
its ability to correctly identify the majority of non-
supported pairs. At the same time, it boosted the
exc. NS to 0.37, significantly outperforming all
other methods, which indicates a strong ability to
precisely identify correct text spans in supported
pairs. This well-balanced performance means the
model can accurately extract true positive spans
while avoiding false positives.

In contrast, Context-free ClauseEmb Sarashina
showed an anomalously high exc. NS of 0.70.
This can be explained by its extremely low preci-
sion (0.07) and perfect recall (1.0) on the claim-
level metric, indicating that the model classified
nearly every pair as having a support relation.
Consequently, its high exc. NS score is mislead-
ing, and its extremely low inc. NS score (0.03)
confirms that it is not a practically useful model.

This clear performance hierarchy among our
methods strongly suggests that while modern
LLMs have strong general-purpose capabilities,
specialized tasks like patent support verification
require task-specific fine-tuning. This highlights
the value of our newly constructed JAPAS dataset,
which enables such fine-tuning and helps advance

research in this area.

5.2. Relation Type and Confidence
Classification

Next, we chose the best-performing model from
the previous experiment, Qwen3-14B Fine-tuning
and evaluated its ability to classify relation types
and annotator confidence levels.

5.2.1. Settings

To evaluate the relation type classification, we de-
fined a metric called claim-level labeled F1-score.
This is an extension of the claim-level F1-score
from Section 5.1.2. A prediction is counted as cor-
rect only if the predicted (claim, description para-
graph) pair is correct and the predicted relation
type label (e.g., description) exactly matches
the ground-truth label. If a ground-truth pair has
multiple relation type labels, the model must pre-
dict all of them correctly.

As for the confidence level classification, we
measured the accuracy for each predicted label
(high, medium, low). This allowed us to assess
whether the model’s confidence predictions align
with the annotators’ certainty.

5.2.2. Results

The classification results for relation types and con-
fidence levels are presented in Table 4 and Table 5,
respectively.

As for the relation type classification, the model
achieved an overall labeled F1-score of 0.40, in-
dicating a reasonable capability to identify rela-
tion types. Performance varied significantly across
types. The itself relation, which involves
near-verbatim repetition, was the easiest to clas-
sify, achieving a high F1-score of 0.58. The
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Support Type Labeled P/R/F #pred

Overall .38 / .41 / .40 377
- itself .80 / .46 / .58 25
- description .40 / .48 / .43 282
- example .18 / .10 / .13 70

Table 4: Classification performance for relation
types. Labeled P/R/F refers to the Precision, Re-
call, and F1-score for the claim-level labeled F1-
score metric.

Confidence Accuracy #Pred

Overall 51.40% 377
- high 58.67% 236
- medium 39.52% 132
- low 33.33% 9

Table 5: Classification accuracy for confidence.

description relation was also identified with
moderate success, achieving a F1-score of 0.43.
In contrast, performance on the example relation
was notably lower, with an F1-score of just 0.13.
The difficulty here may stem from two factors: the
wide range of topics and styles in example, and
the smaller proportion of example instances in the
training data.

As for the confidence level classification, the
model’s predictions showed a strong correlation
with its empirical accuracy. The accuracy for
predictions the model labeled as high (58.67%)
was substantially higher than for those labeled
medium (39.52%) or low (33.33%). This sug-
gests that the model learned to estimate the re-
liability of its own predictions by learning from
human-annotated confidence scores. However,
the results also reveal a need for better calibra-
tion, as the model’s high-confidence predictions
were still incorrect over 40% of the time. This
finding highlights the potential for future work on
confidence calibration techniques and the need for
larger-scale training data.

5.3. Analysis of Relation Type
Classification

In the previous experiment, the model performed
support relation extraction and relation type clas-
sification simultaneously. Consequently, the clas-
sification performance was potentially affected by
the success or failure of the extraction step. Thus,
we conducted a further analysis to evaluate the
model’s classification ability under an oracle set-
ting, assuming that the support relations are cor-
rectly identified.

Specifically, we used the fine-tuned Qwen3-14B

Label Correct / Total Acc. (%)

itself 22 / 24 91.7
description 212 / 278 76.3
example 66 / 104 63.5

Overall 300 / 406 73.9

Table 6: Accuracy of relation type classification un-
der an oracle setting.

model with the 406 ground-truth support relation
pairs (claim span and description paragraph) from
the test set and had it predict only the relation
type (itself, description, or example). The
ground-truth claim span text was supplied to the
model using forced decoding. We used accuracy
as the evaluation metric.

The results are presented in Table 6. The
overall accuracy was 73.9%. By label, itself,
which has a high degree of lexical overlap,
achieved the highest accuracy at 91.7%, followed
by description at 76.3%. In contrast, example,
which describes embodiments or variations of the
invention, was the most difficult category to clas-
sify, with an accuracy of 63.5%. As noted in the
previous section, this difficulty may stem from two
factors: the wide range of topics and styles in
example, and the smaller proportion of example
instances in the training data. Furthermore, it may
be attributed to the inherent ambiguity of the task
since the difference between description and
example is often a matter of abstraction. The
stark disparity between the labeled F1-score for
example in Section 5.2 (0.13) and the accuracy
under this oracle setting (63.5%) strongly suggests
that the primary cause of performance degradation
in the end-to-end task is the difficulty of the relation
“extraction” stage.

6. Conclusion

In this work, we addressed the task of extracting
support relations between patent claims and their
detailed descriptions. This area has been limited
by a lack of public benchmarks and a reliance on
surface-level lexical matching in prior methods.

To bridge this gap, we introduced JAPAS, a man-
ually annotated dataset. Using JAPAS, we es-
tablished the first public benchmark for this task.
We also evaluated novel methods that utilize se-
mantic similarity with text embeddings and LLMs
to establish strong baselines for future research.
Our experiments demonstrated that Qwen3-14B
fine-tuned on JAPAS achieved a claim-level F1-
score of 0.50, outperforming a TF-IDF baseline by
a large margin of +0.25 F1 points. This result high-
lights that JAPAS is an effective, high-quality foun-
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dation for solving this complex task, while the F1
score of 0.50 suggests that the task itself is feasi-
ble yet remains challenging.

Our dataset and benchmark will facilitate future
research in automated patent analysis. Future
work will include expanding the scale and linguistic
diversity of the dataset.

7. Limitations

While JAPAS, as constructed in this work, provides
a solid foundation for future research, it has sev-
eral limitations.

First, although JAPAS is a significant contribu-
tion to the field, it is the first public benchmark for
the patent support relation extraction task. That
is, as it is our initial effort, it targets Patent Coop-
eration Treaty (PCT) applications, which offer high
uniformity and are suitable for future expansion to
other languages, but only in Japanese. Conse-
quently, the scope of the current dataset is limited
to Japanese. An important direction for future work
is to build upon this foundation by expanding the
dataset to other languages, such as English.

Second, JAPAS contains 2,056 manually anno-
tated instances, which is a significant contribution
to this field and whose scale is sufficient for eval-
uating the performance of various models and es-
tablishing strong baselines; however, the data was
extracted from only 62 patents and thus does not
completely cover the linguistic diversity across all
technical fields. Future research could therefore
aim to improve the dataset’s scale and diversity by
incorporating patents from a wider range of techni-
cal fields, which would further enhance the gener-
alizability of models trained on it.

Third is the Inter-Annotator Agreement (IAA). In
our annotation process, a single annotation is de-
termined through discussion among multiple anno-
tators. Maintaining this level of annotation qual-
ity inherently incurs high costs because of the ex-
pertise required. Due to budget constraints in this
study, we assigned only a single annotation team
to each data instance. Therefore, an IAA score,
which quantitatively measures the consistency and
objective reproducibility of the annotation process,
has not been calculated. A future task is to conduct
multiple annotations on a subset of the dataset to
calculate and report a reliability coefficient, such
as Cohen’s Kappa, to further validate the annota-
tion quality.

Fourth concerns the evaluation of practical util-
ity. It is not yet clear what level of performance,
as demonstrated in this study, is required to be
useful to patent practitioners and to what extent
it can improve their efficiency. Furthermore, prac-
tical benefits depend not only on model accuracy
but also heavily on the design of the user interface

that presents the model’s output. Therefore, future
work should include user studies with patent prac-
titioners to identify practical performance targets
and discuss the design of an effective interface to
improve workflow efficiency.

8. Ethics Statement

The patent documents used in this research were
obtained through the official bulk data service pro-
vided by the Japan Patent Office (JPO). All data
is public information, and there are no privacy con-
cerns.

The annotation for this dataset was commis-
sioned to a company specializing in data construc-
tion for the Natural Language Processing (NLP)
field. Annotators were notified in advance that the
work would involve patent documents, and their in-
formed consent was obtained. Patent documents
are publicly available technical literature, and the
likelihood of them containing offensive content or
personally identifiable information is extremely low.
The annotation was conducted by the company’s
expert staff, who have extensive experience in
reading patent documents, and they were fairly
compensated for their expertise .

The objective of this research is to assist patent
examiners and practitioners with verifying support
requirements. The developed technology is in-
tended to assist professionals, and we anticipate
a low risk of misuse that could cause negative so-
cietal impacts.
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A. Original Japanese Prompt

The original Japanese prompt used in the LLM-
based model can be seen as follows:

Prompt Template

あなたは特許明細書のサポート要件チェックに詳しい
アナリストです。以下の請求項と明細書の段落につい
て、サポート要件を満たす部分（スパン）を抽出し、
その説明の種類と確信度を判定してください。

# 抽出項目
1. 対応スパン（請求項のどの語句・文言が、明細書
にサポートされているか）
2. 説明の種類（itself/description/example）

- itself: 請求項の文言そのものがそのまま書かれ
ている部分
- description: クレームの文言の定義や詳細説明
が書かれている部分
- example: クレームの文言に対応する実施例やバ
リエーションが書かれている部分

3. 確信度（high/medium/low）

* 同じ請求項内に複数箇所が該当する場合は、全て列
挙してください。
* 該当箇所がなければ、空のリストを返してくださ
い。

# 出力フォーマット (JSON)
[{

"claim_span": "<請求項内の語句・文言>",
"type": "itself | description | example",
"confidence": "high | medium | low"

},⋯]

請求項: {請求項}
明細書: {明細書段落}

B. LLM Training Settings

The hyperparameters for fine-tuning Qwen3-14B
are detailed in Table 7.

LoRA Rank 64
LoRA Alpha 64
LoRA Dropout 0
LoRA Target MLP & Attention layers
Optimizer AdamW (Loshchilov and

Hutter, 2019)
Learning Rate 2e-5
Learning Rate
Scheduler

Linear

Warmup Ratio 0.1
Weight Decay 0.01
Epochs 2
Batch Size 8

Table 7: List of hyperparameters for fine-tuning
LLM
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