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Abstract

Retrieving Japanese patents presents a unique conflu-
ence of linguistic and structural challenges due to seman-
tic compression and Japanese morphological ambiguity.
To address this, we propose Claim-Wise Interaction Mod-
eling with Hybrid Context and Domain-Adaptive Dictio-
nary (CWIM-HCDAD). Our approach uniquely combines
a domain-adaptive lexical retriever with a neural semantic
retriever. We employ the Frequency-weighted Likelihood
Ratio (FLR) to construct a technical term dictionary for
BM?25. Parallelly, we utilize a dual-vector architecture
to mix claim-wise vectors on the hybrid semantic mean-
ing of the abstract and main content. Evaluations on the
GENIAC dataset demonstrate that CWIM-HCDAD outper-
forms baselines for retrieving claims containing complex

technical compounds and variable identifiers.

1 Introduction

Unlike web search, where precision is often sufficient,
patent retrieval is a high-recall task [1]. Missing a sin-
gle relevant document can result in serious legal problems.
This requirement asks retrieval systems to understand not
just the broad theme of the patents, but the specific, gran-
ular technical elements defined in the patent claims. The
analysis of Japanese patents is in Appendix A. We identi-
fied the following two challenges:

Firstly, most neural Information Retrieval (IR) systems
are designed for document retrieval, treating the document
as a sequence of sentences [1]. However, the legal force of
a patent resides in its Claims. A claim is a single sentence
that lists the individual elements of an invention. For a prior

art document to anticipate a claim, it must disclose each
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and every element of that claim. Traditional architectures
encode a single claim for performing a fuzzy match that
captures the theme of the patent, but lose context [2].

Secondly, standard dense retrieval models achieve high
recall on controlled test collections with small corpora but
suffer drastic performance degradation when deployed on
massive real-world corpora [2]. In a small corpus, theme
alignment is often sufficient to isolate the patent. However,
in a corpus of millions, thousands of patents share the same
theme. The single-vector model cannot distinguish the true
prior art from the theme matches.

To address these problems, we proposed Claim-Wise
Interaction Modeling with Hybrid Context and Domain-
Adaptive Dictionary (CWIM-HCDAD). Based on the ar-
chitecture presented in Figure 1, our system includes three
highlights:

* Domain-Adaptive Lexical Filtering: We address the
"semantic drift" of dense vectors by incorporating
an FLR [3][4] based compound term extraction for
constructing a keyword dictionary, ensuring formula-
tion queries of keyword retrieval using only techni-
cal terms critical for retrieval. Retrieval accuracy for
similar patent documents improved by over 5.6% com-
pared to dictionaries constructed using other methods.
Hybrid Context (H-Context) in Embedding: We adopt
hybrid contexts in the embedding stage, explicitly

adding context claims that depend on the texts to be
embedded. As shown in Table 1, this proposal im-
proves the experiment results with 3.4% in Ax and
19.23% in Ay.

Claim-level MaxSim operator [5]: We adopt a two-

L]

stage retriever on Ax Vectors and Ay Vectors seper-

ately to extend the searching region and distinguish
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Figure 1 The overview of architecture

the hard negatives. As shown in Table 1, this proposal
improves the experiment results with 6.6% in Ax and
38.1% in Ay.

2 Task Definition

The evaluation is conducted on a large-scale corpus com-
prising approximately 4 million patent documents. For a
given query patent, the retriever is tasked with retrieving
the Top-100 most relevant prior art documents. The rele-

vance targets are categorized into two specific sub-tasks:

* Task Ax (Primary Claim Match): Documents that are
semantically most similar to Claim 1, the independent
claim of the query patent.

* Task Ay (Secondary Claim Match): Documents that
correspond to the dependent claims of the query
patent. This match evaluates the system’s ability to
perform both broad conceptual retrieval based on the
theme and specific retrieval based on technical details

within a massive search space.

3 Architecture

3.1 The Hybrid Parser

The entry point is the Parser, which creates Hybrid Con-

text Pairs.

e Abstract + Claim 1: We concatenate the Abstract
(as context) with Claim 1 (legal scope) to create a
Head representation that grounds abstract legal terms
in technical reality.

* Claim context propagation: Dependent claims are ex-
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plicitly paired with their parent independent claim to
ensure the embedding model receives a self-contained

semantic unit.

3.2 The Dual-Vector Encoding

The Embedding Model outputs two distinct types of

vectors:

* Ax Vector (SingleVector Storage): Captures the
global semantic theme. Used for coarse filtering.

* Ay Vectors (MultiVector Storage): Captures local in-
teraction sites. Used for fine-grained MaxSim opera-

tions.

3.3 Domain-Adaptive Lexical Dictionary

We complement vector retrieval with Okapi BM25 [6] to
ensure exact keyword matching. To address Japanese over-
segmentation, we utilize an FLR-based domain dictionary
[3][4] for recognizing technical compounds.

FLR quantifies the "unitariness" (coupling strength) of
constituent words, distinguishing valid technical terms
from frequent but loose collocations.
defined as:

The algorithm is

1
n 2n

FLR(W) = f(W) x (| [(LN(w:) + RN (w) + 1)

i=1

where f(W) denotes the frequency of the candidate com-
pound term W in the corpus, and #n is the number of con-
stituent simple nouns w; in W. The constituent simple
nouns are identified using the MeCab morphological ana-
lyzer [7]. The term w; represents the i-th constituent noun.
LN (w;) and RN(w;) denote the total frequency of nouns
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Figure 2 The retriever architecture

appearing as left and right neighbors of the constituent
word w;, respectively.

To suppress generic high-frequency phrases captured by
FLR, we introduce a composite score S(W) weighted by
Inverse Document Frequency (IDF):

S(W) = FLR(W) X (loglo (L) + 1)
df (W) +1
where N is the corpus size and df (W) is the document
frequency. We extract the top-k terms (length n = 1 to 8)

based on S(W) to construct the dictionary.

3.4 The Interaction of Encoding

This progress is shown in Figure 2. The final retrieval
score is computed by fusing the semantic and lexical sig-

nals.

1. Global Filtering: The system computes cosine sim-
ilarity between Ax Vectors to rapidly eliminate mil-
lions of irrelevant patents.

2. The MaxSim Operator: The MaxSim Operator ap-
plied to the Top candidates:

SMaxsim(Q. D) = %gleag(q d)
qe

This equation measures the total semantic relevance
between a query patent and a database patent by it-
erating through each individual claim vector g in the
query set O, identifying its most similar counterpart d
in the candidate set D via the highest similarity score,
and then summing these maximum values to aggre-
gate how well the entire scope of the query’s technical
claims is covered by the document in the database.

3. Hybrid Fusion (RRF): To robustly handle exact key-
word matches that neural models might halluci-
nate, we merge the rankings from Syiaxsim and the
dictionary-based BM25 via Reciprocal Rank Fusion

(RRF). RRF is a rank aggregation method that com-
bines results from multiple retrievers without requir-
ing score normalization. Since the score distributions
of vector similarity and BM25 differ significantly,
RREF provides a stable fusion mechanism. The RRF
score for a document d is calculated as:

Wheural Wiexical

n+ Tneural (d) n+ Flexical (d)

Scorerrp(d) =

where rheural (d) and rjexical (d) denote the rank of doc-
ument d in the retrieval results sorted by Syiaxsim and
BM2S5 scores, respectively. 7 is a smoothing constant
(typically set to 60) used to mitigate the impact of

high-ranking documents dominating the fusion score.

4 Experiments

4.1 Experimental Settings

For retriever experiments, we utilize a dataset parti-
tioned into training, testing, and validation sets with sizes
of 72,069, 13,514, and 4,504, respectively. This corre-
sponds to an approximate split ratio of 80:15:5. To evalu-
ate the effectiveness of the retrieval system, we report Re-
call@100, measuring the proportion of ground-truth doc-
uments present in the top-100 retrieved candidates. We
employ BAAI/bge-multilingual-gemma?2 as the backbone
model for the dense retriever and BAAI/bge-reranker-v2.5-
gemma?2-lightweight for the reranking stage. The details of
training are in Appendix B. The experimental environment
is in Appendix C.

For the BM25 component, we compare three methods
of constructing the dictionary: (1) a dictionary where key-
words are derived by segmenting category names from the
IPC classification table [8] using symbols; (2) a dictio-
nary comprising keywords extracted from the abstract and
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Table 1 The results of Claim-wise 2-stage filtering. The values
in parentheses denote the relative improvement over the Baseline.

Method Ax-Recall@100 Ay-Recall@100
Baseline 42.22 22.16
H-Context 43.66 (+3.4%)  26.44 (+19.3%)
2-Stage Filtering

200:100 45.01 (+6.6%)  30.61 (+38.1%)
300:100 44.81 (+6.1%)  30.60 (+38.1%)
500:100 45.01 (+6.6%)  30.61 (+38.1%)

Table 2 BM25 with different dictionary

Method Ax-Recall@100 Ay-Recall@100
category-csv 14.3 2.1
juman++ wikipedia 11.0 8.8
FLR dict 19.9 14.6

claims that are tagged as “extracted from Wikipedia” by
Juman++ [9][10] to target rare terms and exclude gen-
eral vocabulary; and (3) the dictionary constructed us-
ing the method described in Section 3.3. We formulate
queries using terms present in both the query patent’s
abstract/claims and the respective dictionary to perform
BM25 retrieval, measuring the proportion of ground-truth

documents present in the top-100 retrieved candidates.
4.2 Retriever

As shown in Table 1, the proposed method signifi-
cantly outperforms the baseline. While the inclusion of
H-Context (Hybrid Context, which is combining claim 1 to
complement the information of claim i) provides a moder-
ate improvement, the Claim-wise 2-stage filtering strategy
yields the most substantial performance gains. Specifi-
cally, under the 200:100 setting, the method achieves rela-
tive improvements of 6.6% on Ax-Recall@ 100 and 38.1%
on Ay-Recall@100. Notably, the gain on Ay-Recall@100
is considerably larger than that on Ax-Recall@100, sug-
gesting that the filtering strategy is particularly effective
for the more challenging Ay subset. Furthermore, the re-
sults are highly consistent across different initial pool sizes
(N =200, 300, 500).

4.3 BM25

As shown in Table 2, the FLR-based dictionary achieved
the highest performance. While baseline methods relying
on simple category segmentation or heuristic tags for rare
words proved to be too coarse, our results demonstrate
that explicitly quantifying "term technicality” for dictio-

nary construction significantly enhances retrieval accuracy.
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Table 3 Comparison of Recall@100 among BM25, Vector
Search, and Hybrid Search (RRF).

Method Ax-Recall@100 Ay-Recall@100
BM25 18.2 15.7
Vector Search 41.8 36.9
RRF (Hybrid) 42.0 36.9
Candidate Pool (Top-200) 44.7 42.0

4.4 Impact of Hybrid Search

We evaluated a Hybrid Search combining BM25 and our
dense retriever via Reciprocal Rank Fusion (RRF). Results
are reported on the common subset where both Vector
Search and BM25 outputs are available, leading to different
Merging the top-200

candidates with fusion parameters k = 59, wiex = 0.42, and

figures from earlier experiments.

wneu = 1.0, Table 3 shows that Vector Search significantly
outperforms BM25. Hybrid Search yields slight gains on
Ay (42.0%) but maintains performance on A,. However,
the high recall of the top-200 candidate pool (A: 44.7%,
Ay: 42.0%) indicates that while relevant documents are
retrieved, the current fusion strategy fails to promote them
to the top-100. This suggests that further refinement in the
ranking mechanism is required to fully capitalize on the

retrieved candidates.

5 Conclusion

In this paper, we proposed CWIM-HCSD, a novel frame-
work designed to address the linguistic and structural
complexities of Japanese patent retrieval. By synergiz-
ing domain-adaptive lexical filtering based on FLR with
a dual-vector neural architecture, our approach effectively
resolves the trade-off between semantic generalization and
token-level precision. Experimental evaluations on a large-
scale dataset of approximately 4 million documents demon-
strated that CWIM-HCSD outperforms standard dense re-
trieval baselines. These results confirm that explicit in-
teraction modeling and hybrid context preservation are es-
sential for high-recall tasks in the patent domain. Fur-
thermore, our analysis of hybrid search revealed that while
the candidate pool achieves high recall, standard fusion
methods like RRF do not fully capitalize on this potential.
Future work will focus on developing more sophisticated
ranking mechanisms to bridge the gap between candidate

generation and final retrieval performance.
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A Structure of Japanese Patent
Documents
The Japanese patent documents (JPO XML) are struc-
tured hierarchically. For the task of prior art retrieval and
novelty detection, we specifically focus on two critical sec-
tions: the Abstract and the Claims.

A.1 Abstract

The <abstract> serves as a condensed semantic repre-
sentation of the document, often used as the target unit for

initial retrieval or relevance scoring.

* Content: It summarizes the technical problem (<tech-
problem>) and the solution (<tech-solution>) in a
compact form. Comparing the query claim against the
abstracts of potential prior art documents is a standard
approach to filter candidates efficiently before full-text

analysis.

A.2 Claims

The <claims> section defines the legal scope of the in-
vention and serves as the primary query for validity verifi-
cation.

e Structure: This section consists of a sequence of
<claim> elements. Each element is identified by a
num attribute (e.g., <claim num="1">).

e Content: Inside each <claim>, the technical features
of the invention are described in <claim-text>. In nov-
elty detection tasks, the independent claim (typically
Claim 1) is of utmost importance as it encompasses
the broadest scope of the invention. Dependent claims
refer back to preceding claims to add specific limita-

tions.

B Training

B.1 Training of Retriever

Retriever is trained using a composite objective combin-
ing Multiple Negatives Ranking Loss (MNRL) [11] and
Hard Sample Mining (HSM) distillation [12].

1. MNRL: We first employ standard MNRL to optimize
the embeddings using in-batch negatives, ensuring
coarse-grained semantic alignment between the query
claim and the document.

2. HSM (Distillation): To capture fine-grained interac-
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tions, we apply a Score Distillation objective. The
Retriever mines Hard Negatives with high vector sim-
ilarity but low ground-truth relevance. These hard
samples are scored by an independent eeranker. We
use the Reranker’s continuous relevance score as the
target for a Margin-MSE loss, forcing the Student to
reproduce the Teacher’s precise margin between the
positive and the hard negative, rather than treating all

negatives as equal zeros.

B.2 Training of Reranker

The training data for the Reranker is composed of
Ground Truth (GT) positive pairs augmented with the HSM
Data. The specific hard negatives are identified by the Re-
triever during its training phase. By explicitly training on
the Retriever’s confusion set (HSM), the Reranker learns

to correct specific structural hallucinations.
C Experimental Environment

All retriever experiments are conducted on a computa-
tional environment equipped with 4 NVIDIA A100 GPUs
with LoRA [13] to save GPU memory.
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