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Abstract
[Purpose/Significance] Prior art documents are critical for determining patent
grant or invalidation. Addressing the limitations of traditional information re-
trieval methods and the scarcity of machine learning-based research on prior
art retrieval, this study constructs a patent relevance determination model by
incorporating prior art document information. [Method/Process] Experiments
are conducted using target patents and prior art documents from patent inval-
idation decisions as the dataset, extracting features including text similarity,
co-occurring vocabulary, and co-word quantity. The GBDT model transforms
the prior art retrieval problem into a classification task for determining rele-
vance. [Results/Conclusion] Results demonstrate that different fields contribute
variably to classification performance, with the specification field achieving accu-
racy, recall, and F1-score of 79%, 48%, and 59%, respectively. The multi-feature
integrated classification significantly outperforms single text similarity-based ap-
proaches. Finally, misclassification cases are analyzed to identify future research
directions.
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Abstract

[Purpose/Significance] Reference documents are crucial for determining
whether a patent can be granted or invalidated. Addressing the limitations
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of traditional information retrieval methods and the scarcity of research
employing machine learning for reference document retrieval, this study
constructs a patent relevance determination model by incorporating reference
document information. [Method/Process] Using target patents and reference
documents from patent invalidation judgments as the experimental dataset,
we extract features including text similarity, co-occurring vocabulary, and
co-word quantity information. The Gradient Boosting Decision Tree (GBDT)
model transforms the reference document retrieval problem into a classification
problem that determines relevance. [Result/Conclusion] Results demon-
strate that different fields contribute differently to classification effectiveness.
The description field achieves accuracy, recall, and F1-score of 79%, 48%, and
59% respectively. Moreover, the classification performance with multi-feature
integration significantly outperforms that of single text similarity. Finally, we
analyze misclassification cases to identify directions for future research.

Keywords: patent invalidity; reference document; feature selection; machine
learning

Introduction

As economic globalization accelerates and technological innovation’s driving role
in national economic development strengthens, countries increasingly emphasize
intellectual property protection for technological innovation, resulting in explo-
sive growth in patent filings. In China alone, patent applications processed by
the National Intellectual Property Administration in 2018 increased nearly 300-
fold compared to 1985. In contrast, patent examination remains primarily based
on “retrieval systems + manual interpretation,” which is costly, inefficient, and
subject to examiners’ professional backgrounds and technical expertise. This
not only leads to massive backlogs of pending applications but also creates
vulnerabilities that can result in erroneous grants, posing significant risks for
technology holders’ subsequent market activities. In this demanding environ-
ment with increasingly stringent requirements for patent examination quality
and efficiency, these contradictions become more pronounced.

Among the various factors affecting patent examination quality and efficiency,
reference document determination represents a critical bottleneck. Reference
documents are relevant files used to assess whether an invention or utility model
possesses novelty and inventiveness. The ability to identify such documents has
long been a key indicator of patent examiners’ and practitioners’ competence.
According to interviews with winners of the 3rd Patent Retrieval Competition,
even top domestic patent examiners find it extremely difficult to obtain an ef-
fective reference document within four hours. The challenge lies not only in
patents’ rich and highly specialized technical and legal content but also in the
fact that such content is frequently obscured through textual transformations,
hypernym-hyponym replacements, conventional technical means substitutions,
and implicit disclosures for commercial or technical considerations, rendering
conventional patent retrieval systems based on inverted indexes and text simi-
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larity calculations inadequate.

However, the third wave of artificial intelligence has brought statistical machine
learning techniques that offer possibilities for automating reference document
determination. This constitutes our research theme: moving beyond the tradi-
tional information retrieval perspective on reference document determination,
we employ a supervised learning approach to identify and determine reference
documents. Specifically, we first obtain ground-truth data of target patents and
their corresponding reference documents to create a training dataset, extract
multiple features from the association information between target patents and
candidate documents, and finally identify actual reference documents hidden
among candidates through classification. Compared with information retrieval
methods, this approach not only incorporates more effective features beyond
text similarity but also enables error analysis to identify current limitations in
data processing, feature engineering, and model construction, thereby providing
clear directions for future optimization.

1 Related Research

1.1 Fundamental Concepts of Reference Documents Reference docu-
ments include both patent and non-patent literature, with the invention or util-
ity model under examination referred to as the target patent. Patent retrieval
can be categorized based on different stages of the patent lifecycle and retrieval
purposes, including state-of-the-art searches, invalidity searches, infringement
searches, and validity searches. Invalidity searches are initiated when a valid-
ity challenger questions a patent right, aiming to retrieve evidence of erroneous
grants due to examination oversights or concealment of prior art, thereby reex-
amining the novelty of the invention. Finding invalidity evidence is critical to
the success of such challenges.

Reference documents can be classified into categories X, Y, A, R, P, and E based
on their relationship with claims in search reports, as shown in . Categories X
and Y are most closely related to the target patent.

** Types and Meanings of Reference Documents**

Type Meaning
X Documents that alone affect the novelty or

inventiveness of a claim
Y Documents that, in combination with other

Y-category documents in the search report,
affect the inventiveness of a claim

A Background art documents that reflect
some technical features of the claim or
related prior art
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Type Meaning
R Documents filed by any entity with the

patent office on the filing date that belong
to the same invention

P Intermediate documents whose publication
date falls between the application’s filing
date and the claimed priority date

E Conflicting application documents that
alone affect the novelty of a claim

1.2 Reference Document Retrieval

1.2.1 Traditional Reference Document Retrieval Examiners or validity
challengers typically conduct searches using technical keywords or combined
patent classification symbols in massive databases. Although combination ap-
proaches improve retrieval efficiency to some extent, issues such as ambiguous
terms and synonyms persist. Even experienced examiners employing advanced
techniques like inventor/applicant information mining, reference tracing, and
frontier non-patent literature tracking for efficient reference document acquisi-
tion face cumbersome processes of repeatedly constructing search queries, read-
ing relevant documents, and determining their suitability as reference docu-
ments.

Research by K. Rajshekhar et al. demonstrated that target patents and at
least 20% of highly relevant patents show no obvious similarity in technical
terminology, while state-of-the-art semantic retrieval technologies can retrieve
at most 10% of highly relevant prior art. Long Jin proposed obtaining reference
documents from patent citations based on their similarity with target patents’
technical content, offering theoretical guidance but lacking a concrete retrieval
methodology. Existing approaches remain heavily dependent on retrieval expe-
rience.

1.2.2 Machine Learning Applications in Reference Document Re-
trieval Traditional information retrieval models rank relevance between
queries and documents using manually fitted formulas based on term fre-
quency, inverse document frequency, and document length. As more factors
influence relevance, learning-to-rank has emerged as a popular domain that
combines outputs from multiple ranking models to train new models with
automatically learned parameters. While applying machine learning to search
result ranking has become a hot research topic, no relevant applications or
studies exist in the patent invalidity retrieval domain.

Domestic research primarily approaches from similar patent identification.
Zhang Jie et al. proposed using subject-predicate-object structures from claim
text for similar patent identification. Liu Yuqin et al. constructed a Chinese
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patent invalidity retrieval model combining independent claim structural
features with two-step retrieval. Traditional methods relying on text similarity
or retrieval systems like cosine similarity and ElasticSearch produce limited
results due to string-level comparison. Analyses based on claim text uniqueness
explore patent text segmentation models, named entity recognition, and text
classification to further advance patent identification and retrieval.

International research began earlier, predominantly employing machine learning
methods. These include optimizing term frequency-based patent feature mining
using weighted maximum confidence methods, automatic patent topic classifi-
cation based on metadata and citation information, and collaborative training
methods for annotating functional sentences in abstracts to improve retrieval
precision. F. Kreuchauf et al. proposed patent retrieval strategies based on
part-of-speech, citation, or combined methods using title, abstract, and IPC in-
formation from a small core patent dataset in service robotics. W. Ho et al. from
UC Berkeley developed a program to predict PTAB patent invalidation request
probability based on text similarity. L. Ryan et al. from Stanford University
used metadata features such as the ratio of granted patents to company appli-
cations and examiner grant rates with convolutional neural networks for patent
grant prediction, demonstrating superior performance over text-only models.

Machine learning assistance indeed outperforms traditional retrieval methods.
However, existing research based on patent text, structured information, and
bibliographic data requires improvements in term relevance judgment, semantic
representation, and expert experience integration to enhance reference docu-
ment retrieval effectiveness. This study focuses on reference document acqui-
sition in invalidity searches, using machine learning to identify reference docu-
ments from invalid evidence databases.

2 Research Design for Automatic Reference Document Identification

2.1 Overall Framework This research transforms the reference document
retrieval problem into a binary classification problem of determining relevance
between reference documents and target patents in machine learning. By incor-
porating richer features beyond text similarity, we achieve reference document
identification. The overall framework, shown in [Figure 1: see original paper],
follows the process of “dataset construction → data preprocessing → feature
selection and extraction → label information extraction → model testing” to
explore the feasibility of using machine learning to solve manual retrieval prob-
lems. Detailed steps are provided in .

[Figure 1: see original paper] Technical Route of Patent Relevance
Determination Model

** Basic Research Steps**

2.2 Data Preparation Given that invention patents offer broader protec-
tion scope, better stability, and stronger legal protection, this study focuses
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on patents that underwent invalidity examination between 1990-2018, totaling
4,246 target patent samples. Each sample includes basic information such as
invalidation decision number, requester, and patentee, as well as legal basis,
decision points, and full text.

Patent invalidation judgments consist of legal provisions, decision points, and
full text. The full text contains four parts: (1) target patent basic information;
(2) reasons for invalidation request, relevant articles, and evidence attachments;
(3) detailed evidence recognition results; and (4) case decision determining the
patent’s legal status (maintained valid, partially valid, or wholly invalid) based
on evidence and patent law.

We used regular expressions to extract invalid evidence patent numbers from ev-
idence texts provided by requesters in invalidation judgments, obtaining 21,718
numbers. These were batch-retrieved from the Wanxiangyun database to down-
load bibliographic information as invalid evidence samples. Finally, we ran-
domly selected 60 patents from the target patent sample pool and extracted
matching invalid evidence as reference document datasets based on patent num-
bers, yielding 299 documents. The title, abstract, claims, and description fields
constitute the most important research data. Patent fields and their meanings
are shown in .

** Patent Fields and Their Connotations and Functions**

Patent Document Field Connotation and Main Function
Title Concisely and accurately indicates the

subject matter and type of protection
sought

Abstract States the patent title and technical field,
clearly reflecting the technical problem to
be solved

Claims Based on the description, clearly and
concisely defines the scope of protection
sought. Records technical features of the
invention and serves as the basis for
patent examination

Description Clearly and completely describes the
invention so that technical personnel in
the field can understand and implement
it. Includes technical field, background
art, invention content, brief description of
drawings, and detailed embodiments

Note: All descriptions in are from the Patent Examination Guidelines 2010.
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2.3 Feature Extraction This step selects valuable key information and elimi-
nates noise to enable the classifier to learn the most important text information,
thereby improving performance. This study primarily uses three features: text
similarity, co-occurring vocabulary, and co-word quantity. The extraction pro-
cess is shown in [Figure 2: see original paper].

[Figure 2: see original paper] Feature Extraction Process

1. Text Similarity: We first trained TF-IDF models to obtain document
vectors for each patent field (title, abstract, claims, description, and com-
bined document), then trained LDA models to map documents to topic
spaces, and finally calculated text similarity between corresponding fields.

2. Co-occurring Vocabulary: While text similarity is important, rele-
vance results based solely on it are suboptimal. If target patents and
reference documents share co-occurring vocabulary, they may be relevant,
with more shared vocabulary indicating higher relevance probability. We
extracted the vocabulary intersection between corresponding fields as co-
occurring vocabulary. Rather than using unfiltered vocabulary, we em-
ployed information gain to select the top 600 vocabulary items (optimal
after comparing top 50, 100, 250, 300, and 600) as a dictionary, then
vectorized these terms as features. Information gain measures how much
feature X reduces uncertainty about category Y, filtering vocabulary noise
while reducing storage and computational burden.

3. Co-occurring Vocabulary Quantity: The quantity of co-occurring vo-
cabulary between target patents and reference documents ranges from [0,
∞]. To reduce variance interference with the model’s ability to learn other
features, we applied MinMaxScaler from sklearn.preprocessing to normal-
ize the quantity to [0, 1].

Finally, text similarity, co-occurring vocabulary, and normalized co-occurring
vocabulary quantity features were merged into a feature matrix for this study.

2.4 Label Generation This critical step extracts text features and label
vectors. Using Google’s Python machine learning library scikit-learn, we split
data into training and test sets at a 7:3 ratio. If a reference document was
indeed submitted by the invalidation requester as evidence to prove a target
patent invalid—meaning a matching relationship exists between the reference
document and target patent—we set the matching label to 1; otherwise, 0. These
labels serve as the gold standard for evaluating subsequent model classification
performance.

2.5 Model Testing and Evaluation Various machine learning algorithms
have developed rapidly and play important roles across domains, including lo-
gistic regression, hidden Markov models, and conditional random fields. This
study applies the Gradient Boosting Decision Tree (GBDT) model, proposed
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by J.H. Friedman in 2001, to relevance determination. GBDT is a boosting al-
gorithm that involves calculating candidate split points, creating decision trees,
finding split nodes, and computing predictions for merged leaf nodes. The pro-
cess initializes predictions, then iteratively adds classification trees, obtaining
predictions and residuals from new leaf nodes, learning from residuals to gener-
ate new trees until residuals between actual values and final predictions become
sufficiently small. Due to its excellent performance, GBDT is widely used in
data competitions and engineering applications.

We primarily use the F1-score—the harmonic mean of precision and recall—to
evaluate model classification effectiveness.

3 Empirical Study

3.1 Experimental Overview This study conducted experiments using the
Gensim framework with Python 2.7.13 on a Windows 7 64-bit operating system
with a 16-core Intel processor and 64GB RAM. The overall technical route is
shown in [Figure 3: see original paper].

[Figure 3: see original paper] Research Process of Relevance Deter-
mination Model

3.2 Data Acquisition Using the Wanxiangyun database as our data source,
we randomly selected 60 patents from the target patent sample pool and man-
ually collected basic information including application number, title, abstract,
claims, and description to construct the target patent dataset. We then ex-
tracted matching invalid evidence patent numbers and downloaded their biblio-
graphic information to construct the reference document dataset.

After processing, the target patent dataset contained 60 patents and the refer-
ence document dataset contained 299 patents.

3.3 Experimental Results After multiple parameter adjustments, the op-
timal performance was achieved with the hyperparameter n_{estimators}=20
(maximum iterations of weak learners). Results were evaluated using metrics A
(accuracy), P (precision), R (recall), and F1, with specific meanings provided in
.

** GBDT Model Evaluation Metrics and Their Meanings**

Metric Meaning
Accuracy (A) Proportion of correctly predicted

patent pairs among all patent pairs
Precision (P) Proportion of correctly predicted

relevant pairs among all predicted
relevant pairs
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Metric Meaning
Recall (R) Proportion of correctly predicted

relevant pairs among all actually
relevant pairs

F1-score Harmonic mean of precision and recall,
commonly used for comprehensive
evaluation

Main experimental results are shown in , where Title, Abstract, Claims, Descrip-
tion, and All represent patent title, abstract, claims, description, and combined
document respectively. The control group used only text similarity from the
combined document field.

** GBDT Classification Results Statistics**

Field A P R F1
Title 0.9863 0.5682 0.3125 0.4032
Abstract 0.9864 0.5493 0.4875 0.5166
Claims 0.9874 0.7308 0.2375 0.3585
Description 0.9903 0.7917 0.4750 0.5937
All (Experimental) 0.9894 0.7018 0.5000 0.5839
All (Control) 0.9851 0.5000 0.0625 0.1111

The experimental group using combined document fields with co-occurring vo-
cabulary and quantity features showed nearly 5 times better F1 performance
than the control group using only text similarity.

3.4 Experimental Discussion This section discusses results from three
perspectives—fields, features, and errors—to identify directions for future
research.

3.4.1 Field Evaluation As shown in [Figure 4: see original paper], clas-
sification effectiveness (measured by F1) when using individual fields in the
GBDT model ranks as: Description (0.5937) > Combined Document (0.5839)
> Abstract (0.5166) > Claims (0.3585) > Title (0.4032). The description field
performs best, while the combined document field shows similar but slightly
degraded performance compared to description alone, indicating that increased
text volume is not a sufficient condition for improved classification. The descrip-
tion field carries the most detailed patent information, including technical field,
background, invention content, and embodiments, reflecting richer information
about relevance and uniqueness between texts.

Beyond the description field, the abstract field also demonstrates strong clas-
sification capability despite its smaller size. The abstract is a concentrated
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summary of patent content (limited to 300 characters) encompassing main back-
ground and technical information. Claims, as the legal basis for patent protec-
tion scope, use numerous specialized and uncommon terms, focusing not only
on technical details but also on differences in novelty and inventiveness from
related patents, containing unique technical aspects.

3.4.2 Feature Evaluation This experiment employed text similarity, normal-
ized co-occurring vocabulary quantity, and 600 co-occurring vocabulary items as
features. Feature weight ranking, shown in [Figure 5: see original paper], reveals
that the highest-weight features are highly specialized co-occurring vocabulary
terms.

Among 64 features with weights greater than 0 (ranging from 0 to 0.072), text
similarity and normalized co-occurring vocabulary quantity ranked 2nd and 23rd
respectively. This indicates that not all features contribute to model classifica-
tion, with highly specialized co-occurring vocabulary contributing most signif-
icantly. Multiple experiments consistently show that text similarity and most
co-occurring vocabulary features have substantially greater weights than nor-
malized co-occurring vocabulary quantity.

3.4.3 Error Analysis Error analysis examines misclassified development set
samples to inspire new research directions. The test set contained 52 erroneous
patent pairs: 42 false negatives (FN) where actual reference documents were
judged irrelevant, and 10 false positives (FP) where irrelevant documents were
judged as reference documents.

From text similarity perspective, FN and FP similarity ranges were [0.096,
0.995] and [0.041, 0.563] respectively. From co-occurring vocabulary perspec-
tive, the most frequent co-occurring terms in misclassified patents were “con-
crete” (0.023437) and “water” (0.000588). Error analysis results are summarized
in .

** Error Analysis**

Error Cause FN Count FN % FP Count FP %
Low text similarity
but high relevance
upon manual
reading

14 33.33% 5 50.00%

Domain experts
determine different
fields

37 88.10% 6 60.00%

More than 5
obvious
segmentation errors

7 16.67% 2 20.00%
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Error Cause FN Count FN % FP Count FP %
Patent text fluency
issues (foreign
patents only)

25 59.52% 5 50.00%

Common values,
units, or
abbreviations

14 33.33% 4 40.00%

Based on these results, improvements can be attempted in two aspects: (1)
Distinguish patent domains during data preparation, as same-domain patents
are more likely to share similar technical backgrounds and textual/semantic
information that may affect each other’s validity; (2) Improve data processing
precision, such as segmentation accuracy and stop-word filtering, to minimize
controllable errors.

Conclusion

This study’s main contributions are: (1) Beyond text similarity at document
level, we explore features at vocabulary level including co-occurring vocabulary
and quantity; (2) We replace traditional information retrieval methods with
machine learning classification, achieving good results with the GBDT model;
(3) We provide detailed error analysis to identify misclassification causes and
guide future improvements.

However, limitations remain: (1) Reference document retrieval involves two
steps—first retrieving relevant documents, then determining reference docu-
ments among results. This study focuses on the second step; future work will
address retrieval. (2) Current research uses a small dataset; scaling to large
datasets for practical application is the next optimization direction. We plan
to employ the enterprise search engine Elasticsearch to support the first-step
retrieval. (3) This study uses text-based features, while patents contain rich
fields like IPC, citations, and patent family information that could aid reference
document identification, representing our team’s future work.

Applying artificial intelligence to complex examination work is extremely chal-
lenging. We hope this study provides assistance and inspiration for academia
and practice.
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