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Abstract
[Purpose/Significance] To address the challenge in patent topic analysis wherein
word-level basic units impede the recognition of multi-word terms and compro-
mise topic model efficacy, this study proposes a patent topic discovery model
that incorporates terminology. [Method/Process] The model first employs class
entropy to effectively identify terminology within patent documents; it then
utilizes a generalized Polya urn model to enhance the probability of assigning
semantically similar terms to identical topics, thereby alleviating data sparsity
issues inherent in term-based topic modeling. [Results/Conclusion] Experimen-
tal results indicate that the term information integrated into the proposed model
improves topic generation quality, conferring enhanced readability and discrim-
inability upon topic representations.
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Abstract

[Purpose/Significance] In patent topic analysis, the word-based analytical
unit causes multi-word patent terms to be fragmented, leading to topics that are
difficult to interpret. To address this issue, this paper proposes a patent topic
discovery model integrated with term knowledge. [Method/Process] The
model first introduces category entropy to effectively identify terms in patent
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literature. It then utilizes the Generalized Pólya Urn model to increase the prob-
ability of semantically similar terms being assigned to the same topic, thereby
alleviating the data sparsity problem caused by using terms as the basic unit
of topic model analysis. [Result/Conclusion] Experimental results demon-
strate that the term information contained in the proposed model improves the
quality of topic generation, making topic representations more readable and
discriminative.

Keywords: patent analysis; topic discovery; term
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1 Introduction
Patent documents contain rich solutions to problems across various domains.
Effective patent document analysis can identify technological hotspots, recog-
nize core technologies, predict technological development trends, and help re-
searchers gain inspiration, thereby shortening innovation cycles and reducing
R&D costs. Consequently, patent document analysis holds significant research
importance. Unlike traditional literature analysis methods, topic models can
mine hidden semantic information in documents by analyzing the probability
distribution of word co-occurrence patterns. With the widespread application
of topic models, researchers have attempted to apply them to patent literature
analysis to reveal the deep-level knowledge structure of patents [?]. Numerous
studies have demonstrated the practical value of patent analysis based on topic
models.

However, patent topic modeling uses words as the basic analytical unit, making
it difficult to recognize multi-word terms in patents, which results in unclear and
incomprehensible topics. For instance, Chinese patent analysis requires word
segmentation beforehand. While current Chinese word segmentation technol-
ogy can generally meet research needs with a relatively complete segmentation
dictionary, patent literature contains numerous unregistered multi-word terms
not recorded in general dictionaries. These terms, which embody core domain
knowledge, are often fragmented during segmentation and thus fail to reveal
their essential meaning. For example, the term “boronizing agent” is segmented
into “渗硼剂”; “hot-dip plating” into “热浸镀”; and “duplex stainless steel” into
“双相不锈钢”. This fragmentation not only prevents recognition of core knowledge
but also introduces spurious co-occurrences, causing generated topics to include
irrelevant words and yielding poor model performance.

One approach to improving topic semantics is to focus on higher-order semantic
units beyond individual words, typically by replacing the traditional word dis-
tribution with a distribution of higher-order semantic units in the topic model.
However, term-based patent topic analysis has not been thoroughly investigated,
and related research in other domains suffers from issues such as excessive
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model complexity, poor scalability, low term recognition accuracy, and data
co-occurrence sparsity.

To address these problems in patent topic modeling, this paper proposes a patent
topic discovery model integrated with term knowledge. This model uses terms as
the basic unit of analysis. First, based on the characteristics of patent literature,
it introduces category entropy to effectively identify terms in patent documents.
Then, it employs the Generalized Pólya Urn model to increase the probability of
semantically similar terms being assigned to the same topic, thereby alleviating
the data sparsity problem arising from using terms as the basic analytical unit.
Experimental results show that compared with traditional patent topic models,
the term knowledge-integrated model contains richer semantic information and
exhibits stronger readability and topic discriminability.

2 Related Research
Unlike traditional patent text analysis methods, patent topic models analyze
the probability distribution of word co-occurrence in patent text collections to
mine implicit semantic information and reveal deep-level knowledge structures.
For example, J. Tang et al. [?] proposed a topic-driven patent analysis method
to assess competitor development status. B. Wang et al. [?] extracted technical
terms from patent titles and abstracts, then used an extended topic model incor-
porating institutional information to analyze research hotspots and directions in
specific domains. H. Chen et al. [?] used topic models to evaluate hidden topics
in patent claims. M. Kim et al. [?] employed topic models to analyze patent
abstracts and claims to generate patent development maps for understanding
technology trends. A. Suominen et al. [?] used topic models to classify patent
text data for predicting future technology trends. Fan Yu et al. [?] utilized
topic models to transform high-dimensional patent text representations in lexi-
cal space into low-dimensional topic space representations, enabling K-nearest
neighbor clustering of patents. Wang Bo et al. [?] applied topic models to patent
text analysis for patent topic classification, addressing issues of excessive gen-
erality, poor timeliness, and lack of scientific rigor in previous methods. Wu
Feifei et al. [?] extracted nouns and noun phrases from patent abstracts to con-
struct topic models, revealing implicit topic evolution in patent texts to mine
dynamic changes in corporate strategies. Liao Liefa and Le Fugang [?] proposed
a patent technology evolution model based on topic models and classification
codes. Chen Liang et al. [?] employed topic models to extract hierarchical topic
models from patent corpora, describing the technical structure hidden in patent
texts for patent technology evolution analysis.

Although patent topic models have achieved good analytical results, they use
words as the basic unit. Multi-word terms in patents, which embody core do-
main knowledge, are often fragmented and difficult to recognize, introducing
spurious co-occurrences that cause generated topics to include irrelevant words
and produce poor results. One approach to improving topic semantics is to
focus on higher-order semantic units beyond words, typically by replacing the
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traditional word distribution with a distribution of higher-order semantic units
in the topic model.

Based on when term recognition is performed during topic discovery, existing
methods can be broadly divided into three categories: term preprocessing mod-
els, joint models, and term post-processing models. Term preprocessing models
first perform term recognition and then discover topics based on the identi-
fied terms. Joint models simultaneously identify terms and discover topics [?].
Term post-processing models first obtain topics through conventional unigram
topic models, then combine unigram words into terms [?]. While experiments
show that joint models can improve topic model accuracy and produce more
meaningful topic words, they are typically complex and face challenges of high
computational complexity and poor scalability with large document collections.
Term post-processing models separate term recognition from topic discovery,
reducing computational complexity and improving scalability, but they cannot
guarantee that words within a term share the same topic, which is crucial for
term mining research.

Therefore, this paper focuses on term preprocessing models. These models first
perform term recognition and then discover topics based on the identified terms,
offering simplicity, intuitiveness, and extensibility. However, current methods
have limitations: (1) In the term recognition stage, frequency-based methods
produce low-quality terms, as high-frequency phrases are not necessarily terms
while low-frequency phrases may be valid terms. (2) In the topic discovery
stage, they fail to address the sparsity problem of higher-order semantic unit
co-occurrence. The core idea of topic models is generally based on element co-
occurrence within documents [?]. According to the power-law distribution in
natural language [?], most word co-occurrences are sparse. When documents are
treated as term collections rather than word bags, the elements become sparser
and co-occurrence decreases further, negatively impacting topic modeling.

The proposed method belongs to the third category of term preprocessing mod-
els: first identifying terms, then discovering topics. It is simple, intuitive, and
extensible. Based on Chinese patent characteristics, it introduces category en-
tropy to identify terms in Chinese patents and employs the Generalized Pólya
Urn model to alleviate sparsity by sampling related terms.

3 Patent Topic Model Integrated with Term Knowledge
This paper proposes a patent topic discovery model integrated with term knowl-
edge, tailored to patent literature characteristics. After preprocessing patent
texts (segmentation and data cleaning), the model performs term recognition
(detailed in Section 3.1) and then conducts term-based topic modeling (detailed
in Section 3.2) to achieve topic discovery.
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3.1 Term Recognition

Relying solely on phrase frequency cannot distinguish patent terms from com-
mon phrases. For example, in patents, “invention relates to” appears far more
frequently than actual terms. Compared with general documents, patent litera-
ture has distinct characteristics, typically containing general words and terms.
General words are topic-independent, appear uniformly across categories, and
often introduce terms to connect them with subsequent text. Terms express
domain knowledge, exhibit high domain relevance, appear frequently in certain
categories, and rarely or never in others. As shown in Figure 1 [Figure 1:
see original paper], statements from three different patent categories after seg-
mentation show that “boronizing agent”, “electrolytic manganese metal”, and
“multistage centrifugal pump” are category-specific terms, while “this”, “inven-
tion”, “relates to”, “a kind of”, “of”, “method” are general words appearing
across all three categories. In patent literature, the boundary between general
words and terms is clearer than in general corpora, and general words are more
easily identified. Therefore, this paper first identifies general words to select
candidate terms, then ranks these candidates to assess their likelihood of being
terms.

3.1.1 Candidate Term Selection General words in patents are typically
topic-independent and appear uniformly across and within categories, while
terms appear non-uniformly in certain categories. To address this, we introduce
an auxiliary patent text set containing multiple categories and use inter-category
entropy and intra-category entropy to measure word distribution. Information
entropy is an important concept in information theory used to measure infor-
mation uncertainty.

Specifically, let 𝑐1, 𝑐2, … , 𝑐𝑚 be 𝑚 categories of auxiliary patent text sets, each
containing several related patent texts. The distribution of word 𝑤 across dif-
ferent categories is called inter-category information entropy (𝐸𝐶), calculated
as:

𝐸𝐶(𝑤) = −
𝑚

∑
𝑗=1

𝑑𝑓(𝑤, 𝑐𝑗)
𝑑𝑓(𝑤) log

𝑑𝑓(𝑤, 𝑐𝑗)
𝑑𝑓(𝑤) (1)

where 𝐸𝐶(𝑤) represents the inter-category information entropy of word 𝑤;
𝑑𝑓(𝑤, 𝑐𝑗) denotes the document frequency of word 𝑤 in category 𝑐𝑗; and 𝑑𝑓(𝑤) =
∑𝑚

𝑗=1 𝑑𝑓(𝑤, 𝑐𝑗) represents the total document frequency of word 𝑤 in the aux-
iliary patent text set. By definition, when a word appears only in a single
category, its inter-category information entropy is minimized; when a word is
uniformly distributed across all categories, its inter-category information en-
tropy reaches the maximum. As shown in Equation (1), the larger the category
entropy 𝐸𝐶, the more uniform the word’s distribution across categories, and
the more likely it is to be a general word in patents.
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Words are sorted in descending order by category entropy, and words exceeding
a threshold are selected as general words. The target patent texts are then
coarsely segmented based on these general words. Following [?, ?, ?], word
strings with frequency greater than 1 and length greater than 1, along with
their substrings, are selected as candidate terms.

3.1.2 Candidate Term Ranking The C-value statistic can calculate the
likelihood of each candidate term being a true term [?]. It is an improvement
over term frequency calculation that enhances extraction of nested multi-word
terms and excludes interference from non-term words. When both a substring
and its parent string are included in the candidate term set (i.e., nested strings
exist), their C-value can be calculated to determine whether they are genuine
terms. The C-value method is simple, adaptable, domain-independent, consid-
ers the nested nature and length of candidate terms, and performs well in term
recognition [?].

Specifically, C-value calculation uses four statistical features of candidate
strings: total frequency in the corpus, frequency as a nested string, number of
parent strings containing the nested string, and candidate string length. The
calculation formula is:

𝐶-value(𝑥) = {
log |𝑥| × 𝑡𝑓(𝑥) if 𝑥 is not nested
log |𝑥| × (𝑡𝑓(𝑥) − ∑𝑦∈𝑇𝑥 𝑡𝑓(𝑦)

|𝑇𝑥| ) otherwise
(2)

where 𝑥 represents a candidate term; |𝑥| denotes the length of 𝑥; 𝑡𝑓(𝑥) represents
the frequency of 𝑥 in the target patent text set; 𝑇𝑥 denotes the set of candidate
terms in the target patent text set that contain 𝑥; and |𝑇𝑥| represents the
number of elements in 𝑇𝑥. The formula shows that C-value is related to the
candidate term’s frequency in the corpus—higher frequency indicates greater
termhood. Additionally, it considers candidate term length, assuming that long
strings appearing with certain frequency are more meaningful and more likely
to be terms than short strings.

3.2 Topic Discovery

Based on conventional topic discovery models, this paper introduces the Gen-
eralized Pólya Urn (GPU) model [?] to alleviate sparsity by sampling related
terms. The GPU model is incorporated into the traditional topic discovery
model to mitigate data sparsity issues.

3.2.1 Traditional Topic Model LDA (Latent Dirichlet Allocation) [?] is a
commonly used topic model. Due to its simple parameters and lack of over-
fitting, it has become a research focus in topic modeling. Therefore, this pa-
per uses the LDA model for patent text topic modeling. LDA is a three-layer
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Bayesian probability model consisting of words, topics, and documents. The
model assumes each document contains several latent topics, and each topic
contains specific words. The relationship between documents and words is re-
flected through latent topics. Latent topics are mutually independent, shared
by all documents in the collection, while each document has a specific topic dis-
tribution. The model typically uses Gibbs sampling for posterior distribution
estimation, calculated as:

𝑝(𝑧(𝑑)
𝑛 = 𝑘 ∣ z−𝑑,𝑛, W, 𝛼, 𝛽) ∝

𝑁𝑘|𝑑 + 𝛼
𝑁𝑑 + 𝐾𝛼 ⋅

𝑁𝑤|𝑘 + 𝛽
𝑁𝑘 + 𝑉 𝛽 (3)

where 𝑧(𝑑)
𝑛 = 𝑘 indicates that the 𝑛-th word 𝑤 in document 𝑑 is assigned to topic

𝑘; z−𝑑,𝑛 denotes topic assignments excluding the 𝑛-th word in document 𝑑; W
represents all words in the text collection; 𝐾 denotes the number of topics; and
𝑉 represents the total vocabulary size. Once each word’s topic in each document
is obtained, posterior estimates of 𝜃 and 𝜙 in the LDA model can be computed
as:

𝜃𝑑,𝑘 =
𝑁𝑘|𝑑 + 𝛼
𝑁𝑑 + 𝐾𝛼 (4)

𝜙𝑘,𝑤 =
𝑁𝑤|𝑘 + 𝛽
𝑁𝑘 + 𝑉 𝛽 (5)

where 𝜃𝑑,𝑘 represents the probability that document 𝑑 contains topic 𝑘; and 𝜙𝑘,𝑤
represents the probability of word 𝑤 in topic 𝑘.

3.2.2 GPU-Based Topic Model The Generalized Pólya Urn (GPU) model
is a probabilistic statistical model and an extension of the standard Pólya Urn
(PU) model. In topic models, objects of interest are represented as colored
balls in an urn. The probability of observing a ball of different colors can be
approximated by the proportion of each color in the urn through sampling and
replacement operations. In the PU model, a ball is randomly drawn from the
urn, its color is observed, then it is returned to the urn along with additional
balls of the same color, and the selection process repeats. This process resembles
using Gibbs sampling to derive the LDA model. In the GPU model, after
randomly drawing a ball, it is returned to the urn along with a ball of the same
color. Additionally, some balls of similar colors are also returned to the urn.
Therefore, the GPU model ensures that in subsequent sampling, not only can the
same color ball be drawn with higher probability, but also other similar-colored
balls can be drawn with relatively high probability.

This operation can be analogized to term-based topic models, where the GPU
model increases the probability of terms (e.g., “austenitic stainless steel” and
“stainless steel”) being assigned the same topic, thereby alleviating sparsity
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issues in term co-occurrence in the basic model. Recent research has shown
that incorporating prior knowledge using the GPU model is a direct and effective
method [?].

Specifically, in the term-based Chinese patent topic discovery model, the GPU-
based Gibbs sampling estimates the posterior topic distribution as:

𝑝(𝑧(𝑑)
𝑛 = 𝑘 ∣ z−𝑑,𝑛, W, 𝛼, 𝛽, A) ∝

𝑁𝑘|𝑑 + 𝛼
𝑁𝑑 + 𝐾𝛼 ⋅

∑𝑣 𝑁𝑣|𝑘𝐴𝑣,𝑡(𝑑)
𝑛

+ 𝛽
∑𝑣′ ∑𝑣 𝑁𝑣|𝑘𝐴𝑣,𝑣′ + 𝑉 ′𝛽 (6)

where 𝑧(𝑑)
𝑛 = 𝑘 indicates that the 𝑛-th term 𝑡 in document 𝑑 is assigned to vari-

able 𝑘; z−𝑑,𝑛 denotes topic assignments excluding the 𝑛-th term in document
𝑑; 𝑉 ′ represents the total number of terms; and A is a |𝑉 ′| × |𝑉 ′| GPU promo-
tion matrix. To increase the probability of semantically similar elements being
assigned to the same topic, matrix A can be assigned values based on term
similarity. Element 𝐴𝑣,𝑣′ = 𝑠𝑖𝑚(𝑣, 𝑣′) represents the similarity between terms
𝑣 and 𝑣′, defined as:

𝐴𝑣,𝑣′ = 𝑠𝑖𝑚(𝑣, 𝑣′) =
⎧{
⎨{⎩

1, 𝑣 = 𝑣′

𝑠𝑖𝑚(𝑣, 𝑣′), 𝑠𝑖𝑚(𝑣, 𝑣′) > 𝜎 and 𝑣′ ≠ 𝑣
0, otherwise

(7)

where |𝑣 ∩ 𝑣′| represents the number of identical words between terms 𝑣 and 𝑣′,
|𝑣 ∪ 𝑣′| represents the number of different words, and 𝜎 is a specified similarity
threshold. The threshold filters out term pairs with low similarity, consider-
ing their similarity insignificant and not adding them to the GPU promotion
matrix A. For example, the similarity between “austenitic stainless steel” and
“antibacterial stainless steel” is 1/3. This paper selects a similarity threshold of
0.2.

Correspondingly, the posterior estimates of 𝜃 and 𝜙 in the GPU-based topic
model are calculated as:

𝜃𝑑,𝑘 =
𝑁𝑘|𝑑 + 𝛼
𝑁𝑑 + 𝐾𝛼 (8)

𝜙𝑘,𝑤 =
∑𝑣 𝑁𝑣|𝑘𝐴𝑣,𝑡(𝑑)

𝑛
+ 𝛽

∑𝑣′ ∑𝑣 𝑁𝑣|𝑘𝐴𝑣,𝑣′ + 𝑉 ′𝛽 (9)

In this model, by introducing term similarity knowledge and using the GPU
model to increase the probability of terms being assigned to the same topic, the
sparsity problem in term co-occurrence in the basic model is alleviated. When
A is an identity matrix, the model reduces to the Pólya Urn model. Due to
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similarity symmetry, matrix A is sparse. Therefore, applying the GPU model
directly to the sampling process does not increase model complexity or inference
difficulty.

4 Experiments
4.1 Dataset

To validate the effectiveness of the proposed model, we selected patent literature
from two domains: rare earth steel and electrolytic manganese. Rare earth steel
refers to steel with added rare earth elements that exhibits improved transverse
performance, wear resistance, and corrosion resistance. With recent industry de-
capacity and transformation efforts, leveraging rare earth resource advantages
to enhance the market position of rare earth steel has become an important
issue. Manganese is the second most used alloy element in the steel industry
after iron, playing a crucial role in steel smelting, particularly in manganese-
substituted nickel stainless steel and advanced special steel smelting. Addition-
ally, manganese is important in non-ferrous metals, magnetic materials, cata-
lysts, and battery materials. Systematic analysis of Chinese electrolytic man-
ganese patents can help explore research status and technology development
trends for rational planning and scientific decision-making.

Experiments were based on the China National Intellectual Property Adminis-
tration patent database, searching for Chinese invention patents published up
to December 8, 2017. Using “rare earth steel” and “electrolytic manganese” as
keywords, we obtained 1,547 and 1,544 Chinese invention patents, respectively.
After data crawling, cleaning, and deduplication, patent titles and abstracts
were used as the domain patent text sets for analysis.

To obtain patent general words, 2,000 Chinese invention patent titles and ab-
stracts were randomly selected from each of the A-H IPC classification categories
as auxiliary patent text sets. Table 1 shows basic dataset information.

Table 1 Basic Dataset Information

Dataset Type Target Patent Text Set Auxiliary Patent Text Set
Category A (Human Necessities) - 2000
Category B (Operations; Transport) - 2000
Category C (Chemistry; Metallurgy) - 2000
Category D (Textiles; Paper) - 2000
Category E (Fixed Constructions) - 2000
Category F (Mechanical Engineering) - 2000
Category G (Physics) - 2000
Category H (Electricity) - 2000
Rare Earth Steel 1547 -
Electrolytic Manganese 1544 -
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4.2 Evaluation Methods

Experiments primarily evaluate term recognition accuracy and topic model qual-
ity.

First, the P@N method assesses patent term recognition accuracy by judging
the precision of the top N terms in the final ranked candidate list. The top N
terms automatically extracted by the model are manually evaluated. To avoid
subjectivity and domain knowledge limitations, obviously correct or incorrect
terms are directly labeled, while ambiguous terms are verified using knowledge
websites like Baidu Baike, Wikipedia, and Hudong Baike. The calculation for-
mula is:

𝑃@𝑁 = #correct terms in top N
#top N candidate terms × 100% (10)

Second, the average KL (Kullback-Leibler) distance between topics evaluates
generated topic quality. KL distance measures the distance between two prob-
ability distributions—larger KL values indicate greater inter-topic distance and
higher topic quality. The average KL distance is defined as:

𝑎𝑣𝑔_𝐾𝐿 = 1
𝐾(𝐾 − 1)

𝐾
∑
𝑖=1

𝐾
∑
𝑗=1

𝐾𝐿(𝜙𝑖‖𝜙𝑗) (11)

where KL distance 𝐾𝐿(𝜙𝑖‖𝜙𝑗) = ∑𝑉
𝑣=1 𝜙𝑖𝑣 log 𝜙𝑖𝑣

𝜙𝑗𝑣
. KL distance is asymmetric,

but topic similarity measurement should be symmetric. Therefore, we adjust
the formula using symmetric Jensen-Shannon distance to measure the distance
between two topic word distributions, replacing KL in Equation (11). The
specific calculation is:

𝐽𝑆(𝜙𝑖, 𝜙𝑗) = 𝐾𝐿(𝜙𝑖, 𝜙𝑗) + 𝐾𝐿(𝜙𝑗, 𝜙𝑖)
2 (12)

4.3 Experimental Procedure and Parameter Settings

First, term recognition is performed. The ICTCLAS segmentation system
from the Institute of Computing Technology, Chinese Academy of Sciences
(http://ictclas.nlpir.org/) is used for word segmentation on both target and
auxiliary patent text sets. This system provides Chinese word segmentation
and part-of-speech tagging and is widely used [?]. Based on segmentation infor-
mation, word category entropy in the target set is calculated. Through manual
evaluation, the top 500 words with highest category entropy are selected as
general words. The target set is coarsely segmented using these general words,
candidate terms are selected, and then C-value ranking is applied to select the
top candidates as terms.

chinarxiv.org/items/chinaxiv-202308.00506 Machine Translation

https://chinarxiv.org/items/chinaxiv-202308.00506


Table 2 shows the top 10 words with highest category entropy values. These
words typically appear across all patent categories, are unrelated to specific
patent topics, contain minimal semantic information, and can serve as general
words.

Table 2 Top 10 Words with Maximum Category Entropy Values

Rank Word Category Entropy
1 this High
2 invention High
3 relates to High
4 a kind of High
5 of High
6 method High
7 disclose High
8 provide High
9 technology High
10 field High

For identified terms, the maximum length matching method is used to optimize
the segmentation of fragmented phrases in target patent texts, forming a bag-
of-terms for topic modeling. In topic modeling, parameters are set based on
experience to 𝛼 = 50/𝐾, 𝛽 = 0.01, Gibbs sampling iterations to 2000, and
saving iterations to 1000. The number of topics 𝐾 is selected by calculating
perplexity of the basic patent topic model (Section 3.2) with optimal values
chosen via five-fold cross-validation. Based on calculations, 𝐾 = 15 for the rare
earth steel dataset and 𝐾 = 20 for the electrolytic manganese dataset.

4.4 Term Recognition Method Evaluation

To validate the effectiveness of the proposed term recognition method, we com-
pare it with two alternative methods:

1. Rule-C-value: Traditional term formation rule matching selects noun
phrases, extracts matched noun terms [?], then ranks candidates using
C-value.

2. EC-C-value: Uses the category entropy method proposed in Section 3.1
to select candidate terms, then ranks them by C-value in descending order.

Results are shown in Figures 2 [Figure 2: see original paper] and 3 [Figure 3:
see original paper]. In both datasets, EC-C-value significantly outperforms Rule-
C-value, indicating that category entropy-based candidate selection combined
with C-value ranking is more effective than rule matching.

Table 3 lists the top 10 candidate terms from both methods, with correct terms
in bold. The rule-based method cannot effectively filter general words, which
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appear with high frequency but are not in stopword lists, generating many
false candidate terms and resulting in low extraction accuracy. In contrast, the
general word-based method can identify “preparation”, “method”, “invention”,
and “production” as general words, excluding these high-frequency words from
candidate terms and thereby improving term extraction accuracy.

Table 3 Top 10 Candidate Terms from Both Methods

Rule-C-value EC-C-value
weight duplex stainless steel
percentage mass percentage
preparation manufacturing method
method production method
invention rare earth permanent magnet
disclose rare earth alloy
rare earth alloy element
permanent magnet austenitic stainless steel
rare earth steel-bonded carbide
alloy waste magnetic steel

4.5 Topic Model Evaluation

To validate the effectiveness of the proposed GPU-based topic model, we use
terms selected by the Section 3.1 method and compare two topic models:

1. EC-PhraseLDA: This model assumes that co-occurring multi-word
terms are not coincidental and must have certain connections. It uses a
potential function to represent the interaction between words in terms,
where term words share the same latent topic [?].

2. EC-GPU-LDA: Uses the GPU-based topic discovery model proposed in
Section 3.2.2 to model the bag-of-terms.

Results are shown in Figure 4 [Figure 4: see original paper]. EC-GPU-LDA
outperforms EC-PhraseLDA. While EC-PhraseLDA replaces fragmented word
groups with terms, it also reduces term co-occurrence, affecting topic model-
ing effectiveness. The proposed EC-GPU-LDA introduces the GPU model to
increase sampling probability of similar terms, thereby increasing inter-topic
distance.

Table 4 lists the top 10 topic words and terms from both models, with multi-
word terms in bold. With EC-PhraseLDA, due to term sparsity, the top 10
topic words contain no multi-word terms. In contrast, EC-GPU-LDA can infer
topics for similar terms based on similarity, enabling some sparse multi-word
terms to enter the top 10 words, thus solving the term sparsity problem.

Table 4 Topic Representation Examples
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EC-PhraseLDA EC-GPU-LDA
polyacrylamide polyacrylamide
cladding metal cladding metal
rare earth ferrosilicon rare earth ferrosilicon

4.6 Comparison with Traditional Patent Topic Models

Finally, we compare the proposed method with commonly used patent topic
analysis methods:

1. LDA: Removes stopwords from patent texts and performs topic modeling
on word-based preprocessed patent texts [?, ?].

2. RuleLDA: Selects noun patent terms based on lexical rules, where words
within terms share the same topic for topic modeling [?].

3. EC-GPU-LDA: Uses the proposed method with EC for general word se-
lection to identify patent terms, then applies the GPU-based topic model.

Results are shown in Figure 5 [Figure 5: see original paper]. LDA performs
worst, RuleLDA performs second worst, and the proposed EC-GPU-LDA
achieves the best modeling results.

Table 5 lists the top 10 topic words and terms from three models, with multi-
word terms in bold. The word-based topic model contains general words like
“invention” and “the said”, affecting topic quality. The rule-based topic model
has low term recognition accuracy, e.g., “production method” is not a genuine
term. The term-based representation uses terms as the basic unit, includes
correct multi-word terms, and uses GPU to solve multi-word term sparsity,
making the model more interpretable.

Table 5 Topic Representation Examples

LDA RuleLDA EC-GPU-LDA
invention production method cladding metal
method electrolytic manganese slag rare earth ferrosilicon
technology flux-cored wire polyacrylamide

5 Conclusion
Addressing the problem of fragmented patent terms leading to uninterpretable
topics in patent topic discovery, this paper proposes a patent topic model in-
tegrated with term knowledge. The model first introduces category entropy
based on patent literature characteristics to effectively identify terms in Chinese
patent documents. It then uses the Generalized Pólya Urn model to increase
the probability of semantically similar terms being assigned to the same topic,
alleviating data sparsity caused by using terms as the basic analytical unit. By
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using terms as the basic unit of topic model analysis, the model contains richer
semantic information and exhibits stronger readability compared to traditional
word-based representations. Experimental results show that the term-based
representation significantly improves topic readability and effectively reduces
the impact of term sparsity from both co-occurrence and semantic relevance
perspectives. The model requires no domain knowledge or complex linguistic
rules, is data-driven, and is suitable for large-scale Chinese patent literature
topic analysis.

Although the term knowledge-integrated patent topic model achieves better
results than traditional models, the accuracy of low-frequency term recognition
remains low. After C-value ranking, low-frequency candidate terms have small
C-values and are removed. Future work will further investigate how to improve
low-frequency term recognition accuracy.
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