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Abstract: Text matching is a basic and important task in natural language understanding, this paper proposes a new model
BBMC for the problem of insufficient feature extraction ability of existing text matching models, which integrates BiLSTM and
multi-scale CNN on the basis of BERT. First, the word embedding representation of the text is obtained by the BERT, and then
the semantic features of the text are further extracted by the double-layer BiLSTM, followed by the multi-scale CNN model, the
key local features are extracted, and finally the linear and SoftMax function are used to classify. Experimental results on the
LCQMC dataset show that the BBMC has been improved to a certain extent compared with other methods, and the accuracy on

the test set can be best achieved 88.01%.
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1. Introduction

As a core problem in natural language understanding , text
matching is to take two texts as inputs and predict their
relationship categories or correlation scores by understanding
their respective semantics . Usually, this task is treated as a
binary task. First, rich text feature information is obtained
through various methods, and then the extracted features are
classified. Many tasks in natural language processing can be
regarded as text matching tasks, so it is particularly important
to study efficient text matching methods. Traditional machine
learning methods need to rely on manual access to the shallow
features of the text, which can not well represent the semantic
information of the text.

With the rapid development of deep learning, a large
number of text matching models based on deep learning have
emerged, which can be roughly divided into three types:
representation based method, interaction based method and
pretraining language model based method. The representation
based method obtains the semantic representation of text in
various ways for matching calculation. In 2013, Huang et al.
proposed the DSSM model , which is the pioneering work of
deep learning in text matching tasks. Later, with the
popularity of CNN (Convolutional Neural Network, CNN)
and LSTM (Long Short Term Memory, LSTM), etc., Shen et
al. introduced CNN into the DSSM model to solve the
problem of losing context information in DSSM . Palangi et
al. introduced LSTM into DSSM to capture long-term context
and proposed LSTM-DSSM model . This kind of model only
obtains the semantic representation of the text, but does not
take into account the interaction information between texts.

The interaction based method realizes text interaction
through various attention mechanisms to obtain context
information. Hu et al. use one-dimensional convolution to
focus on adjacent word vectors for two pieces of text
respectively, then combine the two tensors obtained after
convolution, and finally propose the ARC-II model using
the classification method of multilayer perceptron. Yin et al.
introduced the attention mechanism on the basis of CNN,
used the attention weight to fuse the output of the convolution
layer, and finally proposed the ABCNN model . Pang et al.
used dot product operation on word vectors of two texts to
interact, and then proposed MatchPyramid model by using
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convolution and pooling to extract features. Chen et al.
proposed a simple and efficient semantic matching network
ESIM by using bi-directional recurrent neural network
BiLSTM to obtain context representation and introducing
attention mechanism to strengthen the interaction between
texts. In order to solve the problem of insufficient interaction
between texts, Wang et al. proposed a multi angle matching
model BiMPM, which uses a variety of information
interaction methods to improve the degree of text interaction.
Although the above model can make use of the semantic
information and interactive information between texts, the
traditional static text semantic acquisition methods such as
word2vec and Glove are still used in the semantic coding
stage, which can not express the semantic information of text
well.

The method based on pretraining language model refers to
the unsupervised way to train the language model in large
corpus in advance, and then load the pretrained model weights
to finetune the specific downstream tasks. In 2018, the BERT
(Bidirectional Encoder Representations from Transformers)
model based on bidirectional Transformer came out,
refreshing the list of many tasks in NLP field. Therefore, the
method based on the pretraining language model has become
a research hotspot in recent years. So since 2018, many
researchers have improved the BERT model [16, 17, 18]. Cui
et al. changed the pretraining method on the basis of BERT
model and trained the Chinese-wwm-bert model for Chinese
tasks on a large Chinese corpus [19, 20]. This model has
achieved good results in Chinese natural language processing
tasks, including text matching tasks. However, the text
semantic information obtained by fine-tuning specific text
matching tasks using BERT model alone is insufficient,
Therefore, based on this problem, this paper proposes a
method based on pretraining BERT model fusion of BILSTM
and multi-scale CNN to remodel the text matching task,
further extract global semantic information and local
semantic information to improve the accuracy of text
matching.

2. Our Method

The model proposed in this paper mainly obtains the word
vector representation of the text with context semantic



information through BERT, then further obtains the semantic
information of the text through the BiLSTM model, and then
the key information of different scales obtained through CNN
with different size convolution cores, and finally classifies
through the classification layer. The overall architecture is
shown in the following, see Figure 1.
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Figure 1. Overall architecture Diagram

(1) BERT

According to the characteristics of the input layer of the
BERT model, this paper first separates the two sentences with
[CLS] and [SEP], and then gets the word embedding of the
text through the BERT Embedding layer. It consists of three
parts, namely Token Embedding, Segment Embedding, and
Position Embedding. The calculation formula is as follows:

E = Etoken + Eseg + Epos )

Input the word embedding E obtained from BERT
Embedding layer into the BERT coding layer, and then the
sum of hidden layer vectors output by the last four layers of
transformer in BERT coding layer is selected as the semantic
feature H extracted from BERT model. The calculation
formula is as follows:

|c5] sentence [SEF] sentence2 [SER
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H =" hidden _statei )
i=9
Where i represents the number of layers of the transformer,
hidden_states represents the hidden layer vector obtained
through the ith transformer. After calculating H, input E and
H into the subsequent layers to further extract the text feature
information.
(2) BiLSTM Blocks
This module consists of two layers of BiLSTM. The
architecture of BiLSTM is shown in the following, see Figure
2.

BILSTM

Figure 2. BiLSTM
where f represents forward LSTM and b represents
backward LSTM. The calculation formula is as follows:
fi = LSTM( fi—1, Wi)
bi = LSTM (bi + 1, Wi)
ti=fidhi €))

T =BILSTMW)=>t
i=1

Where LSTM represents forward LSTM unit, LSTM
represents backward LSTM unit, ® represents splicing
operation, Wi represents The ith word, f represents the
output of Wi through forward LSTM, bi represents the
output of Wi through backward LSTM, ti represents the

output of Wi through BiLSTM, T represents the output of the
whole sentence W after passing through BiLSTM.

In this paper, the word embedding E and semantic feature
H obtained from the BERT layer are input into this layer
respectively to obtain the overall semantic information TE
and TH, according to the above BiLSTM calculation formula,
TE and TH formulas are obtained as follows:

Ter=BIiLSTM (E)

Te = BILSTM (Tey)

Thi=BiLSTM (H) )
Tr = BIiLSTM (TH1)

Where T8 represents the feature obtained after passing
through the first layer of BILSTM, and then input it into the
second layer of BILSTM to obtain TE , and the Calculation of
TH is the same as above.

(3) Conv Block

This layer is a multi-scale convolution block. CNN with
different convolution kernel sizes is used to further process
the semantic features extracted by BiLSTM to obtain the local
key information of the text. Since the dimensions of the
semantic features TE and TH extracted from the BiLSTM
layer are all [batch_size, seq_len, 768], and the length of the
phase mostly 2 to 4 characters, this layer selects two-
dimensional convolutions with convolution kernels of 2 * 768,
3 *#768, and 4 * 768 respectively to extract local key features,
and then uses the relu activation function to modify them, and
further compresses the features by using the maximum
pooling method to remove redundant information. Finally, the
three convolution features are spliced to obtain M, and the
calculation formula is as follows:

Mex = mp(relu(conv(Te, 2*768)))
Mu1=mp(relu(conv(TH,2*768)))

Me2 = mp(relu(conv(Te, 3*768)))

M2 = mp(relu(conv(Tx,3*768)))

Mes = mp(relu(conv(Te, 4*768))) (5)
Mhs = mp(relu(conv(Tw, 4*768)))

Me = concat(Mes1, Me2, Mes)

Mu = concat(Mn1, Mu2, Mus)

M = concat(Me, Mn)

Where conv represents the convolution operation, and the
two parameters represent the input and convolution kernel
size respectively, relu represents the activation function, mp
represents the max pooling, and concat represents the splicing
operation.

(4) Classification Layer

The classification layer classifies the local semantic
information M obtained from the Conv Block on the upper
layer through a layer of fully connected neural network, and
then gets the matching or mismatching results through
softmax function. The calculation formula is as follows:

y = soft max(linear(M)) (6)

3. Experiment

In this paper, the proposed model is tested in the text



matching dataset LCQMC , and compared with other model
methods. ACC and Fl-score are used to evaluate the
effectiveness of the model.

3.1. Dataset

LCQMC is a large-scale open corpus for text matching.
The dataset contains 260068 pieces of data in total, including
238766 training sets, 8802 validation sets, and 12500 test sets.
Each data is composed of two sentences and a label. The label
is divided into 0 and 1, where O represents the semantic
mismatch of two sentences, and 1 represents the semantic
match of two sentences. Data examples are shown in the
following, see Table 1.

Table 1. Example Of LCQMC

Sentencel Sentence?2 Llabe
X A A4 M PR A 0
BT P 2 A2 A X 2 52 304 3K |
A i

3.2. Experimental Environment

The training, validating and testing of all models in this
paper are based on the deep learning framework pytorch. The
specific experimental environment configuration is shown in
the following, see Table 2.

Table 2. Experimental Environment Configuration

Software And Hardware Configuration
operating system Ubuntu 20.04.4 LTS
Development tools and Pycharm and Python
languages
Deep learning framework Pytorch 1.11.0
GPU NVIDIA GeForce RTX
3090 24G
CPU Intel® Core™ 19-9900K
CPU @ 3.60GHz x 16
Memory 64G

3.3. Experimental Parameters

The BERT model selected in this paper is the Chinese-
wwm-ext model pretrained by Cui et al. on a large Chinese
corpus. The max length of input data is 128 and the hidden
size of BERT is 768, the hidden size of BILSTM is 334, the
convolution kernel of multi-scale convolution is 2 * 768, 3 *
768 and 4 * 768 respectively, the random seed is 47, batch
size is 64, learning rate is 2e-5, dropout is 0.2 and the epoch
is 3.

3.4. Evaluation criteria

In order to verify the effectiveness of the proposed model,
the accuracy Acc and F1-score are used to evaluate the model.
The calculation formula of Acc and F1-score is as follows:

(Tr+Tn)

Acc =
(Tr+Tn+ Fr+ Fn) ™
p=_T R = T ,F1—score=2*P*R (8)
Tp+Fp Tp+FN P+R

Tp represents the positive sample predicted by the model as
a positive class, Tx represents the negative sample predicted
by the model as a negative class, Fp represents the negative
sample predicted by the model as a positive class, and Fx
represents the positive sample predicted by the model as a
negative class.
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3.5. Evaluation criteria

In this paper, all experiments are carried out under the same
experimental environment as far as possible. First, the
baseline model BERT is implemented, and the output of its
different layers are used as the semantic features of the text,
and experiment on the LCQMC dataset. Then, the BERT
model is spliced into BILSTM and Conv Block respectively
to process the features. Finally, our method is tested. The
experimental results are shown in following, see Table3.

Table 3. Experiment Result

Model ACC  Fl-score
(%) (%)

BERT-cls 86.84 87.82
BERT-pooler 86.83 87.76
BERT-last-avg 86.59 87.65
BERT-first-last-avg 87.87 88.54
BERT-last-four-avg 86.47 87.50
BERT +BiLSTM 86.56 87.63
BERT + Conv Block 88.17 88.66
BERT + BiLSTM + Conv Block 87.87 88.55
Diff(BERT-wwm) 87.80 --

Our method BBMC 88.01 88.72

From the experimental results, it can be seen that compared
with the BERT model alone, the ACC and F1 score of the
model proposed in this paper are improved. And the ACC is
increased by 1.45% and 0.14% respectively compared with
the method of splicing the BiILSTM module and the BILSTM
+ conv Block module. The Fl-score is increased by 1.09%
and 0.17% respectively. The ACC is 0.16% lower and the F1-
score is 0.06% higher than the method of splicing the Conv
Block module. And the ACC has improved compared with the
Diff (BERT-wwm) model proposed in paper. This shows that
the model proposed in this paper has improved in general.

4. Conclusion

In order to cover the shortage of only using the BERT
model cannot well express the text semantic features, this
paper uses the hidden layer vectors of different layers output
by the BERT model and uses BiLSTM and multi-scale
convolution network to further extract rich semantic features.
Through training, validating and testing on LCQMC dataset,
it is proved that the fusion of BiLSTM and multi-scale
convolution can improve the effect of the model, which is
sufficient to show that it is feasible to fuse BILSTM and
multi-scale convolution on the basis of pretrained BERT
model to finetune.
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