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Abstract

[Purpose/Significance] Aimed at the objective demand for massive patent clas-
sification in current domestic patent examination and patent intelligence analy-
sis, this study designs seven deep learning-based automatic patent classification
methods and compares their classification performance, thereby contributing to
the improvement of both efficiency and effectiveness in patent classification.

[Method/Process] To address the limitations of traditional machine learn-
ing methods, seven deep learning models—including Word2Vec+TextCNN,
Word2Vec+GRU, Word2Vec+BiGRU, and Word2Vec+BiGRU+TextCNN—
are designed based on deep learning technologies such as Word2Vec, CNN,
RNN, and Attention mechanisms, with consideration for patent text sequential
features, contextual features, and key classification features. Using Chinese
patents as a case study, the “section” of the IPC main classification number
is selected as the classification criterion, and the performance of these seven
models is compared against three traditional classification models in Chinese
patent classification tasks.

[Results/Conclusion] Empirical results demonstrate that deep learning meth-
ods which consider sequential features, contextual features, and enhanced key
features achieve superior classification performance for Chinese patent classifi-
cation.
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Abstract: [Purpose/Significance] To address the objective demand for massive
patent classification in current domestic patent examination and patent
intelligence analysis work, this study designs seven deep learning-based patent
automatic classification methods and compares their classification effects,
thereby contributing to the improvement of patent classification efficiency and
effectiveness. [Method/Process] Aiming at the defects of traditional machine
learning methods, and based on deep learning technologies such as Word2Vec,
CNN, RNN, and Attention mechanisms, this study considers patent text word
order features, contextual features, and key classification features to design
seven deep learning models including Word2Vec+TextCNN, Word2Vec+GRU,
Word2Vec+BiGRU, and Word2Vec+BiGRU+TextCNN. Using Chinese patents
as examples and selecting the “Section” of the IPC main classification number
as the classification basis, this study compares the performance of these seven
models with three traditional classification models on Chinese patent classifi-
cation tasks. [Result/Conclusion] Empirical research results demonstrate that
deep learning methods considering word order features, contextual features,
and reinforced key features achieve superior classification performance for
Chinese patent classification.
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2 Research Status of Patent Automatic Classification

Patent automatic classification is the process by which computers automatically
assign one or several patent classification numbers to patents based on specific
rules, metadata, or text content features. From the perspective of classification
systems, research can be divided into two categories: classification based on
existing patent classification systems and classification based on personalized
classification systems. Studies based on existing patent classification systems
primarily use international universal classification systems such as IPC [7-9],
USPC [10], ECLA [11-12], and FI/F-term [13-14] as the basis for classification.
Research based on personalized classification systems mainly uses classification
systems built upon classical theoretical frameworks like TRIZ or customized ac-
cording to specific requirements, such as the work by C. He [15-16], Hu Zhengyin
[17], and Zhai Jigiang [18] on patent classification for TRIZ-based design, Liu
Longfan et al. [19] on automatic classification based on a functional basis classi-
fication system for product innovation design, and X. Zhang [20] on automatic
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classification based on a classification system for the electric vehicle domain
(expert-defined).

From the perspective of classification methods, research can be categorized into
three types: rule-based classification, citation relationship-based classification,
and text content mining-based classification. In rule-based classification, for
example, C. He [16] used association rule mining to identify category rules
and build automatic classifiers. In citation relationship-based classification, S.
Chang et al. [21] clustered patents based on citation relationships and inter-
preted the technologies involved in clusters to construct classification systems,
while K. Lai et al. [22] established classification systems using factor analysis
based on co-citation relationships of foundational patents. Research based on
text content mining is more numerous and continues to receive attention, which
will be discussed in detail below.

Automatic classification based on patent text content mining belongs to the
text classification task in Natural Language Processing (NLP). The classical
approach employs machine learning methods to identify potential classification
features through feature engineering, and then uses algorithms such as Bayesian
classifiers, SVM, and logistic regression for automatic classification. Commonly
used features are bag-of-words features, which represent patent texts as word fre-
quency vectors using the Bag-of-Words model [8,23]. However, the simple word
frequency representation introduces noise from high-frequency function words
(such as function words and conjunctions). Later, the method of using Term
Frequency-Inverse Document Frequency (TF-IDF) to replace word frequency in
the original vector was widely adopted, as seen in the work of Jia Shanshan
et al. [24] who extracted TF-IDF features from patent applications to train
Naive Bayes, SVM, and AdaBoost classifiers for IPC classification prediction.
Additionally, new features are continuously being introduced to improve classi-
fication performance, such as S. Verberne et al. [25] who added semantic triple
information of feature words to improve classification accuracy, J. Stutzki et
al. [26] who introduced geographic data features of patent applicants and used
KNN and one-versus-rest SVM classifiers for patent classification, and S. Lim
et al. [27] who extracted features from titles, abstracts, claims, technical fields,
and background technology information to improve patent text classification
effectiveness.

Classic machine learning-based patent automatic classification relies on re-
searchers manually constructing features to achieve better classification results.
However, feature representation methods such as the bag-of-words model
lose semantic information like word meaning and word order in patent texts.
For example, two documents in the same category may fail to be accurately
classified due to different word usage. In recent years, with the rise of deep
learning technology and its continuous application in patent intelligence
research, a series of research achievements have emerged in the scenario of
patent automatic classification based on patent text content mining. For
instance, Ma Shuanggang [28] designed an automatic classification method
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combining Denoising Autoencoder (DAE) and SVM algorithms based on deep
learning theory, and verified classification effectiveness on six IPC categories in
the computer domain. Hu Jie et al. [29] proposed a patent text classification
model based on convolutional neural networks and random forest algorithms
for English mechanical patent text classification. Ma Jianhong et al. [30]
constructed a bidirectional LSTM (Long Short-Term Memory) model based on
attention for training and classification testing on mechanical physics patent
texts with 100 patent application effect categories as class labels. S. B. Li et
al. [31] proposed a DeepPatent method based on convolutional neural networks
and word embedding technology for automatic classification of IPC subclasses
for English patents. Xiao Lizhong et al. [32] invented a classification method
for security domain Chinese patent texts using Word2Vec and LSTM models,
which achieved significant accuracy improvements on security domain Chinese
patent test sets. In summary, domestic and international research on patent
classification method improvements and applications based on deep learning
technology has achieved some results. However, these studies basically compare
the classification effects of improved specific deep learning methods with
traditional machine learning methods, and have not yet formed a hierarchical
method optimization logic system.

Therefore, this study addresses the objective demand for large-scale domestic
patent document classification in current patent examination and patent intelli-
gence analysis work. Targeting the defects of traditional methods and consider-
ing patent text word order features, contextual features, and key classification
features, this study introduces deep learning technology to hierarchically and
systematically design seven patent deep learning classification methods. Using
Chinese patents as examples and selecting the “Section” of the IPC main classi-
fication number as the classification basis, this study compares the performance
of ten automatic classification methods on Chinese patent classification tasks
to analyze and evaluate the effectiveness of deep learning technology for patent
automatic classification and to assist patent classification work.

3 Method Design
3.1 Related Concepts

Text vector representation and classification models are fundamental to text
classification. The following explains the relevant text vector representation
methods and basic classification models selected for this study.

3.1.1 Text Vector Representation The classical approach to text vector
representation uses the Vector Space Model (VSM), which represents text as
a vector composed of real-valued components, where components can be rep-
resented by word frequency or TF-IDF values. Since word frequency cannot
represent word importance while TF-IDF can evaluate a word’ s importance to
a document in a corpus, the TF-IDF vector representation approach is currently
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more widely used. Although the vector space model has the advantages of be-
ing clear, explicit, and interpretable, it suffers from the problem that vector
dimensionality increases with vocabulary size and vectors are highly sparse. Ad-
ditionally, it cannot handle semantic issues like synonyms and near-synonyms.
For example, the three terms “RiBHHE (term extraction), “BXiE#E” (semantic
mining), and “APBAEERRH” (solar cell) represent three feature dimensions in TF-
IDF feature vectors, and although these word features have certain semantic
similarity relationships, they cannot be measured in TF-IDF.

To address this, Google’ s Word2Vec technology, introduced in 2013, can use
low-dimensional continuous distributed vectors to represent word semantics
and effectively characterize similarity relationships between semantically sim-
ilar words such as synonyms and near-synonyms, thus offering higher usability
in text vector representation. This study adopts the Word2Vec-based word vec-
tor method for patent text vector representation in deep learning models and
uses the TF-IDF-based method as the text vector representation approach for
control models.

3.1.2 Basic Models (1) ANN Model. The ANN model is a basic fully
connected layer model in neural networks, including three layers: input layer,
hidden layer, and output layer, with full connections between layers. The ANN
model can map continuous distributed vector representations to the label space
of patent texts, essentially performing further feature transformation on patent
text word vector representations to highlight and fuse relevant features.

(2) TextCNN Model. TextCNN is a representative model that applies con-
volutional neural networks to NLP tasks [33]. It combines convolutional neural
networks with the N-gram concept from language models, using convolutional
kernels of different sizes to extract contextual features at different dimensions
from text vectors, then performs feature enhancement through max pooling
operations to improve text feature extraction capability and text classification
effectiveness.

Assuming a text word vector representation X = {z;, ¥, ..., z,,}, where z, € R%,
TextCNN consists of three stages: convolutional layer, pooling layer, and fully
connected layer, as shown in Figure 1 [Figure 1: see original paper]. The input
layer is x;, representing the word vector of a patent text. The convolutional
layer combines the N-gram concept and uses four convolution kernel sizes of
2xd, 3xd, 4+d, and 5 x d to extract local features from x,,, at different
dimensions. The formulas are as follows:

¢;=flw*wy +b) (1)

C = [cy, ¢, "'7Cm—h+1] (2)

where w represents the convolution kernel parameters, h represents the convo-
lution kernel height, w € R™? b is the bias term, b € R, f(-) is the ReLU
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activation function, and C'is an output of the convolutional layer, C' € R™ "+,

Next, a max pooling layer is used to enhance features, i.e., C = max(C). Finally,
the pooling layer results are concatenated and passed through a fully connected
layer to obtain the TextCNN output, or Softmax classification can be performed
directly through the pooling layer output.

(3) GRU/BiGRU Model. GRU is a variant of recurrent neural networks,
similar to LSTM, and is a special recurrent neural network structure [34-35].
Standard RNN units contain only one tanh layer for repeated learning, which
leads to the vanishing or exploding gradient problem. To solve these problems,
gated recurrent neural networks such as LSTM and GRU were proposed. This
study selects GRU over LSTM because experiments show that GRU and LSTM
have similar effects, but GRU has fewer training parameters (three gate units in
LSTM reduced to two gate units in GRU), making it relatively easier to train
and less prone to overfitting.

GRU sequentially computes text vectors through shared-parameter GRU units
and uses the hidden vector from the final step as the representation of the
original text vector for classification. The GRU unit contains two gates: update
gate and reset gate, as shown in Figure 2 [Figure 2: see original paper]. The
GRU unit calculation formulas are as follows:

z=0(W.z,+Uhy 1 +b,) (4)
r,=0cW,x,+Uh,_;+b.) (5)
hy = tanh(Wyz, + Uy (r, © hy_y) +b,)  (6)
hy = (1—z)h_y + Ztilt (7)

where h, ; is the output of the GRU unit at time ¢t — 1, z, is the input at time
t, z, is the output of the update gate, W,, U,, and b, are the weights of the
update gate, r, is the output of the reset gate, W, U,, and b, are the weights
of the reset gate, W, U,, and b, are the weights of the output gate, and h, is
the output of the GRU unit at time ¢.

Assuming a text word vector representation X = {x4, z, ..., x,, }, after encoding
through the GRU layer, the hidden representation of the vector text is H =
{hq, hgy ..., h,, }, where:

hy = GRU(hy_y,7,), te€[l,m] (8)

h; represents the hidden representation at step t.

GRU considers the context information above a word when encoding sentences,
but often the words below a word also play a role in word encoding. There-
fore, bidirectional recurrent neural networks are considered for sentence encod-
ing. BiGRU builds upon GRU by encoding sentences in both forward and
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backward directions through GRU units. The parameters inside the forward
and backward encoding GRU units are not shared. The text vector after
encoding through the BiGRU layer obtains the hidden vector representation
H=H®®H={hy,hy,....h,,}, where:

U(xt;ﬁtfl% te [17 m] (9)

—

h, = GR
By = GRU(z,hyyy)s € [m,1] (10)

Word order information is an important feature of text. Since GRU recur-
rent neural networks can model and represent word order information through
sequential modeling of text vectors, they are introduced into patent text classi-
fication. As GRU only considers the word order features above the text vector,
while BiGRU considers contextual word order features, both are considered in
this study to investigate classification effectiveness.

(4) Attention Mechanism. The Attention mechanism originated in the visual
image domain and was later applied to the NLP domain, continuously achieving
new progress [36]. After continuous improvement, various variants have been
formed, but the core idea is basically to highlight features with greater impact
on results by assigning different weight coefficients to vectors. The Attention
method adopted in this study follows this basic idea: assuming the original text
word vector representation X = {x,, x5, ..., z,, }, after obtaining the hidden rep-
resentation at each step H = {hq, hy, ..., h,,, } through recurrent neural networks,
a weight vector a, is assigned to the hidden representation obtained at each step
of the recurrent neural network, with the formula as follows:

u, = tanh(W_h, +b,) (11)

exp(uf 1)
t =T,y (12)
22 oxp(uy uy)
¢, =ah, (13)
where u, is the hidden representation of h,, U = {uy,uy,...,u,,}, a, is the

normalized probability weight calculated through the hidden representation wu,,
and C = {¢,¢q,...,¢,,} is the text vector based on weighted representation
obtained through probability weights and the original hidden representation of
the recurrent neural network.

The Attention mechanism assigns different weights to different positions of word
vectors or other hidden representation vectors in the text through a self-learned
weight matrix, aiming to highlight key features and ignore useless features, mak-
ing the model pay more attention to parts that have greater impact on results.
The Attention mechanism is not limited by sentence length and can highlight
key features in long sentences. Therefore, this study introduces the Attention
mechanism into the classification model.
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3.2 Classification Model Design

Based on the above text vector representation methods and basic models, and
considering the relatively structured writing characteristics of patent texts, this
study designs seven deep learning models and three classical machine learning
models as controls to evaluate the classification effectiveness of deep learning
models, as shown in Table 1 .

Table 1 Ten Patent Automatic Classification Models Designed in This
Study

Classical Machine Learning Models Deep Learning Models

TFIDF+LR Word2Vec+ANN

TFIDF+DT Word2Vec+TextCNN

TFIDF+RF Word2Vec+ATT
Word2Vec+GRU
Word2Vec+BiGRU

Word2Vec+BiGRU+TextCNN
Word2Vec+BiGRU+ATT+TextCNN

3.2.1 TFIDF+Classical Machine Learning Models “TFIDF+Classical
Machine Learning Models” are the baseline control models designed in this study.
They use TF-IDF feature vectors of patent texts as input and employ three
classical classification models—Logistic Regression (LR), Decision Tree (DT),
and Random Forest (RF)—to train patent text automatic classifiers.

3.2.2 Word2Vec+ANN “Word2Vec+ANN"is a classification model designed
to distinguish synonyms and near-synonyms in patent texts to achieve better
automatic classification performance. Assuming a patent text word vector rep-
resentation X = {xy,7,...,2,,}, where z; € R, the Word2Vec+ANN model
calculation formulas are simply described as follows:

X = Flatten(X) (14)
H =tanh(W, X +b,) (15)
O = softmax(W,H +b,) (16)
gy =argmax(0) (17)
where Flatten(-) is the vector flattening operation that transforms high-
dimensional vectors into one-dimensional vectors, H represents the hidden layer

output, O represents the output layer output, § represents the label predicted
by the model, and W and b are network weight parameters.
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3.2.3 Word2Vec+TextCNN The Word2Vec+ANN model directly flattens
patent text vectors, a process that loses much semantic information such as text
context and word order, and cannot leverage the feature extraction and repre-
sentation capabilities of deep learning. To extract and enhance local contextual
features, this study proposes the “Word2Vec+TextCNN” model.

Assuming a patent text word vector representation X = {z,xs, ..., z,, }, where
z; € R?, the Word2Vec+TextCNN model calculation formulas are simply de-
scribed as follows:

C; = Cowvld(X,j), je€[2,5] (18)
P; = Maxpooling(C;), j€[2,5 (19)
OCOI]V:PQ@P3@P4@P5 (20)
O = softmax(W,0,,, +b,) (21)

g = argmax(0) (22)

In Conv1d(X, j), X represents the input patent text word vector to TextCNN; j
represents the convolution kernel size, Maxpooling(+) represents the max pooling
operation, @ represents vector concatenation, W, and b, represent the network
parameters of the output layer, and 7 represents the category predicted by the
model.

3.2.4 Word2Vec+GRU The Word2Vec+TextCNN model extracts and en-
hances features of the current word and neighboring words but does not consider
the global word order features of patent texts. For NLP tasks, word order fea-
tures are a very unique characteristic. For images, swapping pixel values at
two positions may not have a particularly large impact on results, but for text,
swapping the order of two words may cause significant changes in sentence se-
mantics. Therefore, to address the issue of modeling sentence word order, this
study proposes the “Word2Vec+GRU” model.

Assuming a patent text word vector representation X = {z{, z,, ..., z,, }, where
x; € R, the Word2Vec+GRU model calculation formulas are simply described
as follows:

hy = GRU(h,_y,2,), t€[1,m] (23)
O = softmax(W_ h,, +0b,) (24)
g = argmax(0) (25)

In GRU(h,_q,z,), h,_; represents the hidden representation at step ¢t — 1, z,
represents the current input, h,,, represents the hidden representation at the final
step, O represents the output layer output, W, and b, represent the network
parameters of the output layer, and g represents the category predicted by the
model.
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3.2.5 Word2Vec+BiGRU The Word2Vec+GRU model considers forward
word order features, meaning that when computing at time step ¢, it only con-
siders the historical states of the previous ¢t — 1 steps and does not consider
information after ¢4 1. Therefore, using GRU for sequential modeling of patent
text word vectors may be incomplete. In contrast, BiIGRU performs bidirec-
tional modeling on patent text word vectors, considering not only bidirectional
word order features but also forward and backward semantic features. Based
on this, this study proposes the “Word2Vec+BiGRU” model.

Assuming a patent text word vector representation X = {z, s, ..., z,, }, where
z; € R, the Word2Vec+BiGRU model calculation formulas are described as
follows:

GRU(h,_1,2,), te€[l,m] (26)
GRU(hy,q,2,), te€[m,1] (27)
= softmax (W, (b, @ hy) +b,)  (28)

g =argmax(0) (29)

hy
Iy
0]

where TLt is the hidden representation at step t for forward modeling, TLt is the
hidden representation at step ¢ for backward modeling. According to the above
formulas, the final hidden representation for forward modeling is ﬁm, and the
final hidden representation for backward modeling is 7—11. Therefore, 71m 69711 is
the hidden output of the BiGRU layer, O represents the output layer output, W,
and b, represent the network parameters of the output layer, and 4 represents
the category predicted by the model.

3.2.6 Word2Vec+BiGRU+TextCNN The Word2Vec+BiGRU model
comprehensively considers bidirectional word order features and dynamically
adjusts word vectors based on contextual semantic information, but it does not
extract and enhance the contextual features of the current word, which may
cause some hidden key features to not be prominently highlighted, leading to
suboptimal classification results. Therefore, this study combines the BIGRU
model that extracts sequential features with the TextCNN model that enhances
contextual features to propose the “Word2Vec+BiGRU+TextCNN” model.
This model first uses BiGRU for bidirectional modeling of patent text vector
representations to obtain hidden representations with dynamically adjusted
word vectors based on context, then uses this hidden representation as input
to TextCNN for feature extraction through convolutional neural networks and
feature enhancement through the pooling layer.

Assuming a patent text word vector representation X = {z{, z,, ..., z,, }, where
z; € R, the Word2Vec+BiGRU+TextCNN model calculation formulas are sim-
ply described as follows:
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h, = GRU(h,_1,x,), te[l,m] (30)
h, = GRU(hy,q,2,), t€[m,1] (31)
H=h&h ®hy®hy®..®h,, ®h,, (32)
C; = Convld(H,j), j€[2,5] (33)
P; = Maxpooling(C;), j € [2,5] (34)
Ocony =P, ®@ P& P, ®P;  (35)
O = softmax(W,O.,, +b,) (36)
g = argmax(0) (37)

where H represents the hidden representation output by the BiGRU layer, con-
sisting of forward and backward hidden representations.

3.2.7 Word2Vec+Attention TextCNN can capture local contextual key fea-
tures, and BiGRU can model and extract sequential features. However, these
two methods have a limitation: they cannot effectively capture and enhance
key features over long distances. Since the Attention mechanism can highlight
key features in long sentences, this study proposes the “Word2Vec+ Attention”
model, which obtains a feature weight matrix corresponding to word vectors
through word vector training, and obtains the final text vector representation
through weighted word vectors based on weights.

Assuming a patent text word vector representation X = {z{, z,, ..., z,, }, where
z; € R?, the Word2Vec+Attention model calculation formulas are simply de-
scribed as follows:

u, = tanh(W,z, +b,) (38)

exp(ulu,)
= = 39
U= S exp@luy) )

c= Z a,z, (40)

O = softmax(W,c+b,) (41)
g =argmax(0) (42)

where u, is the hidden representation calculated from z,, a, is the weight vec-
tor obtained by normalizing the hidden representation, W and b are network
parameters, and ¢ represents the text vector representation obtained through
weighting based on the Attention weight matrix.
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3.2.8 Word2Vec+BiGRU+}Attention+TextCNN Integrating the char-
acteristics of the above six deep learning models, this study combines the Bi-
GRU model that can perform bidirectional sequential modeling on patent text
vectors, the Text CNN model that uses convolutional neural networks to extract
local features and enhances features through pooling layers, and the Attention
mechanism that can ignore distance to enhance key features, to propose the sev-
enth deep learning model— “Word2Vec+BiGRU+Attention4+TextCNN” . This
model first dynamically adjusts word vectors through BiGRU, then uses the
Attention mechanism to adjust the weights of the hidden representations out-
put by BiGRU, and finally uses the adjusted hidden representations as input to
TextCNN.

Assuming a patent text word vector representation X = {zy,z,, ..., z,, }, where
z; € R?, the Word2Vec+BiGRU+Attention+TextCNN model calculation for-
mulas are simply described as follows:

:GRU( 15 Tt)s
== GRU(ht+1,l‘t)

h m]  (43)
h 1 (44)

— —

€1,

€ [m,
H=h0h ®hy®hy & .. @?L ®h,, (45)
u, = tanh(W,(h;) +b,) (46)

exp(ut uw) (47)

¢, = a,(hy) (48)
C ={c;,¢9y .y} (49)
Conv; = Convld(C,j), j€[2,5] (50)
P; = Maxpooling(Conv,), j € [2,5] (51)
Oconv =P ® P ®F, @& P5 (52)
O = softmax(W,O.,, +b,) (53)
§ = argmax(0) (54)

where H is the hidden representation output by the BiGRU layer, and C' is

the hidden representation output by the Attention layer, which differs from the
Word2Vec+Attention model that directly performs weighted processing.
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3.3 Model Effectiveness Evaluation Metrics

This study selects three evaluation metrics to assess model effectiveness: pre-
cision, recall, and Fl-score, using macro-averaged metrics. Macro-averaged
metrics first calculate statistical metrics for each category, then compute the
arithmetic mean across all categories, with formulas as follows:

Number of samples correctly predicted as category k
P =

55
Number of samples predicted as category k (55)

Number of samples correctly predicted as category k
T'k =

56
Number of samples of category k in test set (56)

2., -
Fl, = L Pk Tk (57)
Pr+ T

1 K
Precision = — Zpk (58)
K=
1 K
Recall = — > o (59)
k=1

1 K
Fl=—=>"F1; (60)
Kk:l

where K represents the total number of categories, and py,, r,, and F'1;, represent
the precision, recall, and Fl-score for category k, respectively. Precision py
measures the proportion of texts correctly classified into category k& among all
texts classified into category k; higher p, indicates more accurate classification
for category k samples. Recall r;, measures the proportion of texts correctly
classified into category k among all actual texts of category k; higher r, indicates
fewer missed samples in category k. F'1;, comprehensively considers precision
and recall, with higher values indicating better classification effectiveness for
category k.

3.4 Method Implementation Process

The patent automatic classification method process designed in this study con-
sists of five steps: dataset construction, text preprocessing, text vectorization,
model training and parameter tuning, and model classification effectiveness eval-
uation, as shown in Figure 3 [Figure 3: see original paper]:

Figure 3 Patent Automatic Classification Process
The specific explanations for each ¥#% in Figure 3 are as follows:

1. Dataset Construction. Extract an appropriate number of labeled
patents from the patent database as the original dataset, which is divided
into two parts: training set and test set. The training set is used to train
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the patent automatic classification model. To better train the model,
a portion of the training set is divided as a validation set to cooperate
with model training. The test set is used to evaluate the trained patent
automatic classification model.

. Text Preprocessing. This includes three steps: word segmentation,
stop word removal, and part-of-speech tagging to remove specific word
classes. For Chinese, characters are the smallest character units, while
words are the smallest semantic units. Therefore, to enable models to
process text from a semantic perspective and achieve better results, the
first step in text preprocessing is to segment the patent text portion in
the dataset. The word segmentation results of patent texts contain some
noise words, such as special characters or function words without actual
meaning. These words are removed through stop word removal and part-
of-speech tagging to remove specific word classes (only retaining content
words such as nouns, verbs, and adjectives).

. Text Vectorization. The TF-IDF-based vector space model is used
for text vectorization of the three traditional baseline models, while the
Word2Vec-based word vector concatenation method is used for text vec-
torization of the seven deep learning models.

. Model Training and Parameter Tuning. The ten patent automatic
classification models described above are used for model training and pa-
rameter optimization, with the best-performing model on the validation
set being retained.

. Model Classification Effectiveness Evaluation. The ten classifica-
tion models are tested on the test set to evaluate their performance on
precision, recall, and F1-score metrics.

4 Experimental Results and Analysis

4.1 Classification Basis and Experimental Data

This study selects the “Section” of the patent IPC main classification number
as the classification basis (the meaning of each section is shown in Table 2 ).
80,000 patent data entries are randomly extracted from the Chinese Academy
of Sciences Patent Online Analysis System as the dataset, which is divided into
three parts: 50,000 entries as the training set, 10,000 entries as the validation set,
and 20,000 entries as the test set. The Word2Vec word vector model is trained
on over 30 million Chinese patent data based on the CBOW model, with training
parameters: size=300, min_ {count}=40, window=10, sample=1e-3.

Table 2 Classification Basis

Section  Category

A Human necessities

chinarxiv.org/items/chinaxiv-202304.00235 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00235

Section  Category

Performing operations; transporting

Chemistry; metallurgy

Textiles; paper

Fixed constructions

Mechanical engineering; lighting; heating; weapons; blasting
Physics

Electricity

TOQOHEHOQW

4.2 Classification Results and Analysis

This study uses Mini-batch training. After experimental analysis, the final selec-
tion is: Mini-batch sample size of 200, word vector dimension of 300, recurrent
neural network output dimension of 300, convolutional neural network output
dimension of 300, and convolution kernel sizes of 2, 3, 4, and 5. The model it-
erates until the results on the validation set converge, and the best-performing
model on the validation set is retained. The results are shown in Table 3 :

Table 3 Automatic Classification Results of Models

Model Precision Recall F1-Score
Classical Machine Learning Models

TFIDF+LR 0.7805 0.7784 0.7786
TFIDF+DT 0.5759 0.5740 0.5748
TFIDF+RF 0.7156 0.7117 0.7082
Deep Learning Models

Word2Vec+ANN 0.7300 0.7301  0.7300
Word2Vec+TextCNN 0.8103 0.8075 0.8075
Word2Vec+GRU 0.8083 0.8091 0.8081
Word2Vec+BiGRU 0.8120 0.8117 0.8114
Word2Vec+BiGRU+TextCNN 0.8220 0.8183 0.8175
Word2Vec+ATT 0.7636 0.7626 0.7622

Word2Vec+BiGRU+ATT+TextCNN 0.8230 0.8243 0.8231

Sorted by model precision, Figure 4 [Figure 4: see original paper| shows the
comparison of precision, recall, and F1-score for the ten models.

Figure 4 Comparison of Precision, Recall, and F1-Score of Ten Models

The following analysis and interpretation of the experimental results are pro-
vided:

1. Deep learning models generally outperform classical machine
learning models. Except for Word2Vec+ANN and Word2Vec+ATT,
the precision, recall, and F1 values of deep learning models are all above

chinarxiv.org/items/chinaxiv-202304.00235 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00235

ChinaRxiv [$X]

0.8, while the metrics of the three classical machine learning models
are all below 0.8. Since ANN has relatively weak feature representation
capability and directly introducing the Attention mechanism on top of
word vectors cannot well represent hidden features, Word2Vec+ANN
and Word2Vec+ATT show the lowest performance among all deep
learning models. However, their performance is still significantly better
than TFIDF+DT and TFIDF+RF, indicating that feature extraction
and enhancement on text vectors have a certain promoting effect on
classification results.

2. Considering contextual features and word order features has a
positive effect on classification performance improvement. The
TextCNN model extracts and enhances contextual features of patent
texts based on convolutional neural networks; the GRU model performs
forward sequential modeling on patent texts, enhancing sequential fea-
tures of the preceding context; the BiIGRU model performs bidirectional
modeling on patent texts, enhancing sequential features of both forward
and backward contexts. The consideration of these features enables
Word2Vec+TextCNN, Word2Vec+GRU, and Word2Vec+BiGRU to
achieve metric scores above 0.8. On this basis, combining BiGRU and
TextCNN models to consider bidirectional word order features while also
considering contextual features achieves better model performance than
using TextCNN and BiGRU alone.

3. Introducing the Attention mechanism to enhance key features
has a positive impact on classification results. Among the ten auto-
matic classification models, Word2Vec+BiGRU+ATT+TextCNN shows
the best performance, indicating that while considering contextual fea-
tures and bidirectional word order features, introducing the Attention
mechanism to enhance key features can effectively improve patent text
classification performance.

5 Discussion and Outlook

This study addresses the problem of Chinese patent multi-classification, designs
seven patent automatic classification deep learning models based on TextCNN,
GRU, Attention, and other technologies, and compares them with three tra-
ditional classical automatic classification models. The evaluation results show
that deep learning models considering word order features, contextual features,
and enhanced key features achieve better classification performance than tradi-
tional classification models for Chinese patent classification. Among them, the
“Word2Vec+BiGRU+ATT+TextCNN” model demonstrates the optimal perfor-
mance among the ten models, with the highest precision, recall, and F1-score.

In the context of the current national requirement to accelerate patent exami-
nation work, this model has reference significance and value for optimizing and
improving the effectiveness of existing automatic classification methods and
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tools, enhancing patent classification work efficiency, and shortening patent ex-
amination cycles.

However, this research still has room for improvement. Patent classification is
a multi-label classification problem, but this study only conducted research on
single-label multi-classification using the main classification number of patents.
At the same time, IPC classification includes five levels: Section, Class, Subclass,
Main Group, and Subgroup. More detailed category classification means a
substantial increase in the number of categories, posing higher requirements
for classification models. This study only conducted automatic classification
research at the “Section” level, and more detailed level classification models
need to be studied in the future. In addition, the methods proposed in this
study can also be applied and verified on internationally published evaluation
tasks and data for patent classification (such as the patent classification task in
the NTCIR evaluation competition [13]), thereby expanding the influence and
application scope of the research.

Deep learning technology is still developing. For example, Google’ s BERT pre-
trained language model released in 2018 has set new records in 11 NLP tasks,
providing possibilities for further optimizing the classification performance of
patent automatic classification models. In future work, we will continue to
research patent automatic classification methods based on dynamic text repre-
sentation models to achieve better classification performance.
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