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Abstract—Mining organization-related topics is helpful to
analyze the information dissemination situation. Existing methods
based on graph neural networks mainly consider the association
between words and documents, they ignore the semantic
interactions between documents, and do not consider the
heterogeneity of edges which are difficult to solve the challenge of
blurred topic boundaries in real scenarios, resulting in
performance loss. This paper proposes a BERT-based
Heterogeneous Graph Convolution Network (BERT-HGCN)
approach for semi-supervised topic mining that comprehensively
considers multi-semantic relations between words and documents.
It deeply combines the advantages of transductive learning with
pre-training models. We model documents as graph-structured
data and capture multiple semantic dependencies among wordword, word-doc, and doc-doc via information propagation
mechanism. During the model learning process, a two-stream
encoding mechanism is used to learn the structural and semantic
representations, which combines a hierarchical graph convolution
network (HGCN) and a BERT-based auto-encoder. It considers
both edges heterogeneity and semantics of original documents.
Finally, a dual-supervision loss is used to train the classifier based
on graph nodes and semantic representations for topic mining. We
empirically evaluate the performance of the proposed model on a
real-world organization-related dataset, and the experimental
results demonstrate the efficacy of the model.
Keywords—topic mining, multi-level semantic, heterogeneous
graph neural network, pre-training model

I.

INTRODUCTION

With the rapid development of network technology, social
platforms and web media have become important channels for
organizations to convey information. According to a McKinsey
Quarterly report, 50% of the more than 1,700 organizations
surveyed use social networking, 41% use blogs, 25% use wikis,
and 23% use microblogs [1]. As of 2021, over 90% of
organizations are using social platforms and web media to
release news according to The Global Media Intelligence Report
2021 1. Mining organization-related topics can help analyze the
situation and influence of information dissemination. In practice,
the content of organizational reports contains multi-perspective
expressions at the word and document levels, usually covering
multiple topics with different emphases. There exists an overlap
between topics, which makes it difficult to distinguish the
shallow semantics of a single element. For topic analysis, it is
not enough to make accurate classifications only from the
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connections of word and document. Mining semantic
associations at a deeper level is necessary. Therefore, jointly
modeling the connection of word-doc and original semantic
information to analyze organization-related topics can get
deeper insights into the mechanism of information
dissemination, which mines differences of topics and leads to a
better-informed decision.
Existing supervised topic mining methods usually follow a
two-step paradigm. They first capture the semantics of each
document by sequence separately. Next, they classify
documents into different topics via learned text representations.
[2] proposed a word-level supervised model, which introduced
a class-dependent linear transformation on the topic mixture
proportions. [3] employed LSTM to capture long-range
semantic information. [4] introduced an attention mechanism to
enhance semantic interaction. However, the above work cannot
capture interactions between documents and words
simultaneously, which leads to unsatisfactory performance.
Modeling texts as graph can bring interactive information
from documents and words. Existing graph neural network
based methods mainly focus on mining the structure relationship
between words and documents. [5, 6] considered words and
documents as nodes, and semantic relationship between word
and doc as edges. The node representations are learned by graph
convolutional networks. Considering the word-level and doclevel semantic connections, [7] constructed a single
heterogeneous graph neural network on multilingual corpus. In
addition, [8] used a pre-trained language model to improve the
representation ability and facilitate downstream tasks. However,
most of the existing methods ignore the edge heterogeneity and
order-of-magnitude differences of edge weight, and pay little
attention to the semantics of the documents themselves. The
challenge lies in how to effectively incorporate the relationship
between texts and pre-trained semantic representations to
discover the distribution of topics from multiple perspectives.
This paper proposes a heterogeneous graph neural network
based topic mining model, which deeply fuses the advantages of
graph-based transductive learning and pre-training models. The
constructed graph takes words and documents as nodes, multiple
semantic interactions among word-word, word-doc, and docdoc are regarded as edges. Specifically, according to the three
types of semantic associations, the weights of the edges are
calculated in seperate graph networks. During the model

learning process, a two-stream encoding mechanism is used to
learn the structural and semantic representations, which
combines a hierarchical graph convolution network (HGCN) [9]
and a BERT-based [10] DNN auto-encoder. It simultaneously
considers edges heterogeneity and semantics of original
documents. Then, the model performs linear interpolation
between the two streams to obtain a more comprehensive
representation. Finally, topic mining is performed on graph node
representations and semantic representations, respectively, and
a dual-supervised loss function is used to jointly optimize the
model.
We empirically evaluate the performance of the proposed
model on a real-world organization-related dataset, the
experimental results demonstrate that combining the deep
relationship between texts and pre-trained semantic
representations contributes to mining topics accurately.
In summary, our main contributions are as follows:


We model documents and words as graph-structured
data and design a heterogeneous based framework to
explore the complex semantic relations.



The proposed model deeply fuses the relationship
between documents and semantic representation to
mine topics from multiple perspectives, which
considers the node interactions of the graph and the
contextual semantic information simultaneously.



We demonstrate the efficacy of the model on a realworld dataset, the quantitative and qualitative results
contribute to a more accurate analysis of organization
information dissemination.

The rest of this paper is organized as follows: In section II,
we review related works. The detailed components of our
proposed model are presented in section III. Then, the
experiments on a real-world dataset are discussed in section IV.
Finally, we summarize our work and put forward future research
directions in section V.
II.

LITERATURE REVIEW

Our work is related to topic mining, text representation
learning and graph-based text classification. In this section, we
review the related works.
A. Topic Mining
Existing topic mining methods can be divided into
unsupervised and supervised methods. Unsupervised topic
models, such as pLSA [11] and LDA [12], exploited modeling
relationships between texts to discover latent topics. Supervised
methods used sequential models to encode semantic information,
and then adopted inductive methods to classify texts into
different topics. DiscLDA[2]introduced a class-dependent linear
transformation on the topic mixture proportions. CatE[13]
developed a category-name guided text embedding method for
discriminative topic mining. [14] jointed spherical tree and text
embedding to guide the hierarchical topic discovery process. In
summary, the above methods either worked in an unsupervised
manner based on text relationships or employed sequential
models to embed semantics for topic mining.

Different from the above works, we model the documents
and words as nodes and construct heterogeneous graph, which
captures multiple semantic dependencies between documents
and words via constructed graph structures, and obtain text
representations through graph structure learning.
B. Text Representation Learning
Text representation learning has been extensively studied.
Effective text representation helps distinguish topics more
comprehensively and accurately.
The traditional vector space model [15] used TF-IDF [16] to
measure the importance of words, which does not consider the
semantics between words. Considering that word embeddings
are not specifically optimized for representing sentences, [17]
proposed Siamese CBOW to learn word embeddings directly.
Many approaches used convolutional neural network (CNN) [18]
and recurrent neural network such as long short-term memory
network (LSTM) [3] to learn text representation. Since CNN and
recurrent neural network s are unable to distinguish the influence
of each part of input sequences, [5] introduced an attention
mechanism to solve this problem. Considering the document
structure, [5] proposed a hierarchical attention network for
document classification, in which both word-level and sentencelevel attention were used to capture important words and
sentences through learning procedure. With the improvement of
computation and storage, large-scale pre-trained language
models [10, 19] were proposed for text representation. These
models learn syntax and semantic knowledge from large web
corpora and achieve a boost in a variety of downstream tasks.
C. Graph-based Text Classification
Semi-supervised topic mining tasks are closely related to
transductive text classification. [20] converted text classification
into node classification to mine relationships between nodes and
learn node representations through label propagation. [18] used
documents and words as nodes to construct a heterogeneous
graph, and adopted graph convolutional network to learn node
representations, which were taken as initialization for
downstream tasks. To alleviate the problem of semantic
sparseness in short texts, [6] utilized topic and entity information
for knowledge supplementation, and proposed a dual-layer
graph attention network that can learn the influence of different
nodes and edge type. [7] constructed a heterogeneous graph
neural network from multilingual corpus by considering the
relationship among doc-word and doc-doc, and then applied
heterogeneous graph convolution to fuse these information. On
the basis of graph representation learning, [8] initialized the
node representation with the help of a pre-trained language
model, which greatly improves the performance of text
classifications .
Most of the existing topic analysis approaches focused on
mining doc-word semantic relationships or embedding their
own representations of documents. Based on the above research
works, we propose a heterogeneous graph neural network based
topic mining model, which incorporates these two kinds of
information to obtain deep semantic representation for topic
mining.

Fig. 1. Framework of our proposed model for topic mining

III.

MODEL FOR TOPIC MINING

A. Problem Definition and Formalizations
Semi-supervised topic mining can be modeled as a text
classification task. Given 𝑚𝑚 documents, the model will mine
the topic 𝑦𝑦𝑖𝑖 ∈ 𝑌𝑌 for each document 𝑑𝑑𝑖𝑖 , where 𝑌𝑌 is a
predefined set of event-based topic categories (such as
academic conferences, science lectures, etc.). Based on the
graph neural network, the document and the words contained
in the document are constructed into a text graph network 𝐺𝐺 =
(𝑉𝑉, 𝐸𝐸), which formulates the topic mining problem into a node
classification paradigm. The text graph contains a node set 𝑉𝑉,
which is composed of the document set 𝐷𝐷 = {𝑑𝑑1 , 𝑑𝑑2 , … , 𝑑𝑑𝑚𝑚 }
and the word set 𝑊𝑊 = {𝑤𝑤1 , 𝑤𝑤2 , … , 𝑤𝑤𝑛𝑛 } , where 𝑚𝑚 is the
number of document and 𝑛𝑛 is the number of word. The edge
sets E describe the semantic relation between nodes
𝑉𝑉 ,including document-document edges 𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑−𝑑𝑑𝑑𝑑𝑑𝑑 =
{𝑒𝑒𝑑𝑑1 ,𝑑𝑑1 , … , 𝑒𝑒𝑑𝑑1,𝑑𝑑𝑚𝑚 , … , 𝑒𝑒𝑑𝑑𝑚𝑚 ,𝑑𝑑𝑚𝑚 } , document-word edges
𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑−𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = {𝑒𝑒𝑑𝑑1 ,𝑤𝑤1 , … , 𝑒𝑒𝑑𝑑1 ,𝑤𝑤𝑛𝑛 , … , 𝑒𝑒𝑑𝑑𝑚𝑚 ,𝑤𝑤𝑛𝑛 } and word-word
edges 𝐸𝐸𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤−𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = {𝑒𝑒𝑤𝑤1,𝑤𝑤1 , … , 𝑒𝑒𝑤𝑤1,𝑤𝑤𝑛𝑛 , … , 𝑒𝑒𝑤𝑤𝑚𝑚 ,𝑤𝑤𝑛𝑛 }.
B. System Architecture of the Proposed Model
The overview of our model is shown in Fig. 1. Our
proposed model provides a unified framework, which is
divided into two steps: heterogeneous text graph network
construction and graph-based text representation learning.
1) Heterogeneous text graph network construction
In order to capture multiple semantic relations between
texts from different perspectives, we first transform the
original documents into heterogeneous graphs. As shown in

the left part of Fig. 1, the heterogeneous graph network
contains two kinds of nodes and three different kinds of edges.
a) Nodes representation
The nodes of the graph include words and documents .
Word-level nodes 𝑊𝑊 = { 𝑤𝑤1 , 𝑤𝑤2 , . . . , 𝑤𝑤𝑚𝑚 } are represented by
words in the vocabulary, which are collected from the
documents, while doc-level nodes 𝐷𝐷 = {𝑑𝑑1 , 𝑑𝑑2 , . . . , 𝑑𝑑𝑚𝑚 }
denote the documents.

b) Doc-Word interactions calculation
To capture the relation between documents and words,
document-word co-occurrence statistics are used to describe
the connection between documents and words. According to
[17], term frequency-inverse document frequency (TF-IDF) is
an effective indicator to measure the importance of words in
documents, so we take the TF-IDF value as the weight of the
document-word edge.

c) Word-Word interactions calculation
The co-occurrence frequency between words is a
commonly used indicator to describe the semantics between
words. In topic mining tasks, counting co-occurrence words is
a good statistical method. To measure the co-occurrence
information between words, a fixed-size sliding window is
used to collect the co-occurrence frequency of words across
all documents. The weights of word-word edges are
represented by point-wise mutual information (PMI), a
statistical indicator describing the relationship between words.
The PMI can be obtained by formulas (1)-(3), where #𝑊𝑊(𝑖𝑖)
denotes the number of sliding windows in the corpus
containing word 𝑖𝑖 , #𝑊𝑊(𝑖𝑖, 𝑗𝑗) denotes the number of sliding

windows that contain both word 𝑖𝑖 and word 𝑗𝑗 , and #𝑊𝑊
denotes the number of all sliding windows in the corpus.
𝑃𝑃𝑃𝑃𝑃𝑃( 𝑖𝑖, 𝑗𝑗) = 𝑙𝑙𝑙𝑙𝑙𝑙
𝑝𝑝(𝑖𝑖, 𝑗𝑗) =
𝑝𝑝(𝑖𝑖) =

𝑝𝑝(𝑖𝑖,𝑗𝑗)

𝑝𝑝(𝑖𝑖)𝑝𝑝(𝑗𝑗)

(1)

#𝑊𝑊(𝑖𝑖,𝑗𝑗)

(2)

#𝑊𝑊(𝑖𝑖)

(3)

#𝑊𝑊

#𝑊𝑊

A positive PMI value indicates a strong semantic connection
between words in the corpus. Therefore, only word-word
edges with a positive PMI value are constructed.
d) Doc-Doc relationship mining
The relationship between documents and words alone is
not enough to determine the topic to which a document
belongs, so the semantic similarity between documents should
also be considered. Given an embedding representation of two
documents, their similarity can be measured by cosine
similarity. During edge construction, we employ local
connections to ensure that similar documents can interact. In
particular, we find the documents with the top-K cosine
similarity from di , and connect these documents to di by
weights.
To sum up, the edge weight between nodes can be
expressed by formula (4).
𝐶𝐶𝐶𝐶𝐶𝐶(𝑖𝑖, 𝑗𝑗),
⎧
𝑃𝑃𝑃𝑃𝑃𝑃(𝑖𝑖,
𝑗𝑗),
⎪
Aij = 𝑇𝑇𝑇𝑇 − 𝐼𝐼𝐼𝐼𝐼𝐼(𝑖𝑖, 𝑗𝑗),
⎨
1,
⎪
⎩
0,
(4)

𝑖𝑖, 𝑗𝑗 𝑎𝑎𝑎𝑎𝑎𝑎 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑖𝑖, 𝑗𝑗 𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤, 𝑃𝑃𝑃𝑃𝑃𝑃(𝑖𝑖, 𝑗𝑗) > 0
𝑖𝑖 𝑖𝑖𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, 𝑗𝑗 𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤
𝑖𝑖 = 𝑗𝑗
𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

Taking the established graph structure and node
embeddings as input, we design a heterogeneous graph-based
model to better capture complex semantics and obtain highly
relevant semantic structures.
2) Node representation learning
Learning a good text representation is crucial for topic
mining. To fully utilize contextual information, we use a
BERT-based deep neural network (DNN) autoencoder to
learn document representations. To model the semantic
dependency between documents and words, the text
representation learning process is treated as graph node
learning. Then, the model adds the output of DNN to the
corresponding HGCN layer to merge the two representations.
In this way, we are able to leverage the complementary
strengths of pre-training models and graph models.
a) DNN module
The DNN module uses a BERT-based autoencoder to
learn text representations for documents and words. Assuming
that there are 𝐿𝐿 layers of self-encoders, 𝑙𝑙 represents one of the
layers of self-encoders. Each layer’s output of encoder can be
obtained by formula (5). Where σ(∙) denotes the nonlinear
(ℓ)
(ℓ)
activation function, 𝑊𝑊𝑒𝑒 and 𝑏𝑏𝑒𝑒 are the weight matrix and
bias term of the first layer. The input Z (0) of the first layer is

the BERT-encoded or RoBERTa-encoded documents and
words representation of X.
(𝑙𝑙)

(𝑙𝑙)

𝑍𝑍 (𝑙𝑙) = 𝜎𝜎�𝑊𝑊𝑒𝑒 𝑍𝑍 (𝑙𝑙−1) + 𝑏𝑏𝑒𝑒 �

(5)

b) GCN module
Node representation learning for heterogeneous text graph
networks aims to gather document and word information
through different types of edges. The module first maps
document or word into a high-dimensional vector ℎ𝑖𝑖 by pretrained language model, then applies heterogeneous graph
neural network to merge useful information from their
neighbors. Since different types of nodes contain different
types of edges (e.g. document nodes contain word-document
edges and document-document edges while word nodes
contain word-document edges and word-word edges), fusing
information directly in a graph convolutional neural network
suffers from decreased performance. Heterogeneous graph
convolution network tackles the above shortcomings by
fusing the information from various edges through multichannel graph convolutional neural networks.
Given an undirected graph 𝐺𝐺 = (𝑉𝑉, 𝐸𝐸) , let 𝐴𝐴 be its
adjacency matrix. In order to avoid the degree of the node
being zero, the adjacency matrix becomes 𝐴𝐴′ = 𝐴𝐴 + 𝐼𝐼 after
the self-edge is introduced, and the degree matrix is 𝑀𝑀, and
𝑀𝑀𝑖𝑖𝑖𝑖 = ∑𝑗𝑗 𝐴𝐴′ 𝑖𝑖𝑖𝑖 . Then, formula (6) shows the information
propagation of each GCN layer.
𝐻𝐻 (𝑙𝑙+1) = 𝜎𝜎�𝐴𝐴̃ ⋅ 𝐻𝐻 (𝑙𝑙) ⋅ 𝑊𝑊 (𝑙𝑙) �

(6)

where 𝐴𝐴̃ represents the symmetric normalized adjacency
matrix, 𝑊𝑊 (𝑙𝑙) is the hierarchical linear transformation matrix,
𝜎𝜎(⋅) represents the activation function, 𝐻𝐻 (𝑙𝑙+1) represents the
hidden state of the output of each layer. In particular, the input
of the first layer is 𝐻𝐻 (0) = 𝑋𝑋 .
The heterogeneous graph convolutional neural network
uses different types of edges to divide the graph into multiple
subgraphs. It firstly performs a convolution operation within
the subgraph, then aggregates the convolution results. The
whole process can be expressed by formula (7).
(𝑙𝑙)

(𝑙𝑙)

𝐻𝐻 (𝑙𝑙+1) = 𝜎𝜎�∑𝜏𝜏∈𝒯𝒯 𝐴𝐴̃𝜏𝜏 ⋅ 𝐻𝐻𝜏𝜏 ⋅ 𝑊𝑊𝜏𝜏 �

(7)

𝐴𝐴̃𝜏𝜏 represents a sub-matrix of the normalized adjacency matrix,
its edges represent all nodes in the graph, and its columns
represent all neighbor nodes connected by edges of type τ.
The node representation at layer 𝑙𝑙 is obtained by aggregating
the representations of neighbor nodes’ different types.
Consider different feature spaces and map them to a common
feature space. In particular, each type of representation is
initialized by the pretrained language model’s text
representation .
c) Interlayer fusion
Considering that the features learned by DNN are
completely derived from the features of documents and words
themselves, while the representations learned by GCN

modules come from graph networks, we fuse the
representations of DNN modules and GCN modules to
generate a more comprehensive and powerful representation.
We can see the fusion as formula (8), where 𝜖𝜖 is a balance
coefficient, which is set to 0.7 in the experiment, indicating
that the merged representation is more dependent on the
representation learned by GCN.
�(𝑙𝑙−1) = 𝜖𝜖𝐻𝐻 (𝑙𝑙−1) + (1 − 𝜖𝜖)𝑍𝑍 (𝑙𝑙−1)
𝐻𝐻

(8)

�𝜏𝜏(𝑙𝑙−1) ⋅ 𝑊𝑊𝜏𝜏(𝑙𝑙−1) �
𝐻𝐻 (𝑙𝑙) = 𝜎𝜎�∑𝜏𝜏∈𝒯𝒯 𝐴𝐴̃𝜏𝜏 ⋅ 𝐻𝐻

(9)

� (ℓ−1) is taken as the input of the 𝑙𝑙As shown in formula (9), 𝐻𝐻
th layer of HGCN to generate the representation 𝐻𝐻 (ℓ) .

From above, it can be seen that the feature representation from
the DNN module is transferred through the normalized
adjacency matrix. Since the each layer’s representation
learned of DNN is different, it is necessary to fuse the each
layer’s feature representation of DNN into the corresponding
HGCN layer.
3) Topic mining
Based on the node embedding learning process, we obtain
representations of documents. To mine topics, we connect a
classification layer after DNN and GCN respectively. Finally,
a dual-supervised loss function is used to jointly optimize the
model parameters.
The last layer of the DNN module is a classification layer
with a nested softmax function. The loss function for topic
classification can be expressed as formulas (10) and (11).
Where 𝐶𝐶 denotes the number of topic categories and Dtrain
denotes the subscript of the document node in the train set.
𝑍𝑍 =

(𝐿𝐿)
softmax�𝑊𝑊𝑒𝑒 𝑍𝑍 (𝐿𝐿−1)

+

(𝐿𝐿)
𝑏𝑏𝑒𝑒 �

(10)

ℒ𝐷𝐷𝐷𝐷𝐷𝐷 = − ∑𝑖𝑖∈𝐷𝐷train ∑𝐶𝐶𝑗𝑗=1 𝑌𝑌𝑖𝑖𝑖𝑖 ⋅ 𝑙𝑙𝑙𝑙𝑙𝑙 𝑍𝑍𝑖𝑖𝑖𝑖

(11)

The last layer of the GCN module is a multi-classification
layer with a nested softmax function. The loss function of
topic classification can be expressed as formula (12) and (13).
(𝐿𝐿−1)

�𝜏𝜏
𝐻𝐻 (𝐿𝐿) = 𝜎𝜎�∑𝜏𝜏∈𝒯𝒯 𝐴𝐴̃𝜏𝜏 ⋅ 𝐻𝐻

(𝐿𝐿−1)

⋅ 𝑊𝑊𝜏𝜏

�

ℒ𝐺𝐺𝐺𝐺𝐺𝐺 = − ∑𝑖𝑖∈𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∑𝐶𝐶𝑗𝑗=1 𝑌𝑌𝑖𝑖𝑖𝑖 ⋅ 𝑙𝑙𝑙𝑙𝑙𝑙 𝐻𝐻𝑖𝑖𝑖𝑖

(12)
(13)

The representations learned from both the DNN module
and the GCN module can be used to discover document topics,
so the final loss includes the prediction loss of both DNN and
GCN.
ℒ = ℒ𝐷𝐷𝐷𝐷𝐷𝐷 + ℒ𝐺𝐺𝐺𝐺𝐺𝐺 + 𝜂𝜂‖Θ‖2

(14)

The loss is shown by formula (14), where Θ denotes the
model parameters and 𝜂𝜂 denotes the regularization factor.
Through this joint training mechanism, BERT-HGCN can
learn two representations simultaneously, one is a text-only

representation while the other is a graph-structured
representation dominated by multiple semantic associations.
IV.

EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Dataset
In order to verify the effectiveness of the proposed topic
mining model, we constructed a dataset based on
organization-related news data from August 2, 2021, to
November 2, 2021. First we filter documents based on
duplicate titles. Then, two annotators are required to assign
each document with one category among academic
conferences, science lectures, inventions and papers,
biography, policy recommendations, and others. The Kappa
coefficient of the final annotation result is 0.76. The
preprocess results in 10k documents. In the modeling stage, a
heterogeneous graph is constructed based on word-word,
word-document, and document-document relation. The
details of the constructed dataset are shown in TABLE I and
TABLE II.
TABLE I.

STATISTICS OF THE DATASET

#𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫

#𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶
102

#𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻

#𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾

Avg. Title Length

Avg. Text Length

19235

25

499

#𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝒔𝒔𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾−𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾

#𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝒔𝒔𝑫𝑫𝑫𝑫𝑫𝑫−𝑾𝑾𝑾𝑾𝑾𝑾𝑾𝑾

#𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝒔𝒔𝑫𝑫𝑫𝑫𝑫𝑫−𝑫𝑫𝑫𝑫𝑫𝑫

10189

8842094

TABLE II.

2052286

6

107378

DISTRIBUTION OF THE TOPICS

Topic

Percentage(%)

academic conferences

13.43

science lectures

18.28

inventions and papers

25.04

biography

11.68

policy recommendations

6.05

others

25.52

B. Baselines
We compare the proposed model with two types of
methods, one considers only document-level semantic
information, and the other mainly considers relationships
between documents.
1) Type I: Baseline models only consider document-level
semantic information via inductive learning
• TF-IDF-LR [16]: It adopts the bag-of-words model to
obtain the TF-IDF features of the document, and then
uses logistic regression as the classifier for topic
mining.
• Bi-LSTM [3]: It has a forward and backward LSTM,
hence both previous and future information is captured
to encode the full documents, followed by a linearity
classifier to mine topics.

• BERT [10]: The method uses pretrained BERT model
as encoder with a sentence classification unit on top.
• RoBERTa [19]: It uses pretrained RoBERTa model as
encoder for the full-document representation, followed
by a linearity classifier.
2) Type Ⅱ : Baseline models mainly consider
relationships between documents via transductive learning
• TextGCN [6]: Graph Convolutional Networks for
Text Classification. It uses nodes to represent
documents and words, and the nodes are connected by
different kinds of edges. The node representation is
learned by a heterogeneous graph convolutional neural
network.
• BertGCN/RoBERTaGCN [8]: Transductive Text
Classification by Combining GNN and BERT. It cotrains the heterogeneous GCN and the pre-trained
language model via the memory bank mechanism,
which initializes nodes with pre-trained text
representations.
To make a fair comparison and perform more
comprehensive analysis, we implement several variants of
models in Type Ⅱ enhanced with doc-doc edge, which are
marked as TextGCN(KNN) and BERTGCN(KNN).
3) Type III: Models proposed in this work
• BERT-HGCN: Model proposed in this work based on
BERT, which incorporates word-word-doc-doc
relationship and text content for topic mining.
• RoBERTa-HGCN: Similar to BERT-HGCN, which
considers multi-semantic association and text
information based on RoBERTa.
C. Experimental Settings
The constructed dataset is randomly split into training set,
validation set, and test set according to the ratio of 7:1:2. For
all the methods, the hyperparameters are selected using the
valid dataset via grid search. For the methods that use TF-IDF
as features, we filter words that appear less than 5 times. For
the methods that use PMI, we set the sliding window size as
15 and only keep the positive PMI value. We employ
ConSERT[21] to fetch document embeddings and calculate
similarity between them, then select top 5 similar documents
using faiss[22]. For Bi-LSTM, we use static Chinese word
embedding[23] and set the hidden size as 300. For the
BERT/RoBERTa based models, we utilize Chinese BERT
models from [24] as base encoder and train the model for a
maximum number of 50 epochs , which uses Adam with max
learning rate 3e-5 and linear decay. For training
BERT/RoBERTa-HGCN, the hidden layer vector dimension
is set to 200, the number of layers for DNN and HGCN is set
to 3, and the balance factor between HGCN and DNN is set to
0.7. Besides, we use dropout strategy with ratio of 0.2.
The topic mining performance is evaluated by test
accuracy (denote as Acc) and marco-averaged F1 score
(denote as F1) following [25].

D. Experimental Analysis
1) Models comparison
TABLE III reports the performance comparison of our
proposed model with baseline models and ablation
experiments.
TABLE III.
Type

PERFORMANCE OF DIFFERENT METHODS
Methods

F1

Acc

TF-IDF-LR

63.42

68.26

Inductive

Bi-LSTM

71.07

72.22

model

BERT

76.81

77.67

RoBERTa

77.54

78.95

TextGCN

65.19

67.28

TextGCN(KNN)

64.04

67.67

Transductive

BERTGCN

77.91

79.63

Model

RoBERTaGCN

77.12

79.29

BERTGCN(KNN)

78.61

79.68

RoBERTaGCN(KNN)

78.10

79.93

Proposed

BERT-HGCN

80.38

81.27

Model

RoBERTa-HGNN

79.64

81.18

Comparison among methods only consider documentlevel semantic information via inductive learning. This
kinds of models include four models, namely TF-IDF-LR, BiLSTM, BERT, and RoBERTa. We compare these baselines to
explore the way to better encode report text. As we can see
from TABLE III, among the Type I models, the MacroF1
ranges from 63.42% to 77.54%, the Acc ranges from 68.26%
to 78.95%, and RoBERTa performs the best. The pre-trained
language model outperforms the TF-IDF and LSTM models,
because the pre-trained language model generates better
contextual representations with the help of the multi-head
attention mechanism in the multi-layer transformer block.
Comparison among methods mainly consider
relationships between documents
via transductive
learning. Among the Type II models, the MacroF1 ranges
from 64.04% to 78.61%, the Acc ranges from 67.28% to
79.93%. And BERTGCN(KNN) obtains the highest F1,
RoBERTa-GCN(KNN) gets the highest Acc. Based on
conduction learning, KNN classifiers perform better than
linear classifiers. In addition, the F1 and Accuracy of
BERTGCN reached 77.91 and 79.63 respectively, which has
also been improved compared to TextGCN. This shows that
the pre-trained model plays an important role in topic mining.
All methods compared. Compared with the inductive and
transductive models, BERTGCN adds word-document and
word-word semantic relationship modeling on the basis of
BERT, so the topic performance is further improved.
Additionally, we can find that the proposed BERT-HGCN
based on heterogeneous graph network and pre-trained
language model achieves the best results among all models,

with F1 and Accuracy reaching 80.38 and 81.27, respectively.
Compared with BERTGCN, BERT-HGCN uses more types
of edge weights, considering that there are order of magnitude
differences between different types of edge weights, therefore,
different types of nodes should have different information
fusion methods. In addition, in terms of the combination of
pre-trained language model and graph network representation
learning, the degree of integration of BERT-HGCN is deeper
than that of BERTGCN, and it can perform better than
BERTGCN.
2) Effect of different modules in node representation
learning
The balance factor reflects the role of DNN and HGCN
modules in topic mining. The experimental results of the
balance factor parameter in the loss function in BERT-HGCN
are shown in Fig. 2. When other parameters remain unchanged
and the balance factor increases to a certain extent, the effect
of the BERT-HGCN model is improved. This shows that
although HGCN considers more granularity of information,
the introduced DNN representation can also alleviate the oversmoothing problem in the learning process of graph network
representation to a certain extent.
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play a role in regularization, which can prevent overfitting and
increase the generalization performance of the model ，
however, too large dropout ratio will reduce the learning
ability of the model.

0.9

1.0

Balance Factor
Fig. 2. Effect of the balance factor

3) Effect of parameter sensitivity
a) Effect of vector dimension
Fig. 3 shows the results when the node vector dimension
of the BERT-HGCN model changes while other parameters
remain unchanged under the topic mining task. As the
dimension increases, the performance of the BERT-HGCN
model first increases and then decreases. Therefore, choosing
an appropriate vector dimension is beneficial to obtain a better
text representation.
b) Effect of regularization parameter
In this model, parameter dropout reflects the degree of
regularization. As shown in Fig. 4, when the dropout
parameter is increased to a certain extent with other
parameters unchanged, the performance of the BERT-HGCN
model is improved. However, when the dropout parameter
continues to increase, the F1 and accuracy achieved by BERTHGCN decreases. The results show that in the process of text
representation learning, a certain proportion of dropout can

0.1

0.2

0.5

Dropout
Fig. 4. Effect of the regularization parameter

V. CONCLUSION AND FUTURE WORK
In this paper, we propose a BERT-based multiheterogeneous graph neural network model that
comprehensively considers multi-semantic relations between
words and documents. It constructs graph that takes words and
documents as nodes, regards multiple semantic interactions as
edges. During the model learning process, a two-stream
encoding mechanism is used to learn the structural and
semantic representations, which fuses a hierarchical graph
convolution network and a BERT-based DNN auto-encoder.
Finally, a dual-supervised loss function is used to train a
classifier based on graph nodes and semantic representations
for topic mining. Experimental results on real-world dataset
demonstrate the effectiveness of the proposed model. In future
work, we can integrate other information such as
organization’s profile for expanding the amount of domain
information, thereby improving the performance of topic
mining.
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