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Abstract: This paper proposes a text similarity calculation model based on multi-scale 

convolutional neural networks and attention mechanisms. The model is capable of 

extracting information at different granularities within the text, enabling it to learn from 

multiple layers of information and thereby improving the accuracy of the text similarity 

calculation task. After training, the model can generate sentence vectors suitable for cosine 

similarity computation, which allows the model to pre-generate vectors for the text in the 

repository. During actual retrieval, only the sentence vector of the text to be searched is 

needed to calculate similarity with the pre-generated vectors in the repository. 

1. Introduction 

Text matching is a key technique in information retrieval tasks. Models like word2vec[1] and 

glove[2] are traditional and classic text similarity calculation models. However, traditional text 

similarity calculation models have poor text representation capabilities and are difficult to resolve 

polysemy issues. Therefore, the research on pre-trained models has become a popular topic in recent 

years. This paper proposes a text similarity calculation model based on multi-scale convolutional 

neural networks and attention mechanisms (CNN-Attention-Sentence-Bert, CNN-ATT-Sbert). The 

model fully extracts information at different granularities within the text, enabling it to learn from 

multiple levels of information, thus improving the precision of text similarity recognition. Unlike the 

traditional static text semantic computation methods such as word2vec, TF-IDF[3], etc., this paper 

uses Bert-wwm[4] to extract text semantics, which can extract deep semantic features, generate 

dynamic word vectors, and solve the problem of static word vectors. To further improve the 

calculation accuracy, this paper adopts the Siamese network architecture based on Bert-wwm, 

combines it with multi-scale convolutional neural networks and attention mechanisms, and utilizes 

and refines information at different granularities within the text to fully mine key information, thereby 

enhancing the accuracy of the text similarity calculation task. This method has both high accuracy 

and extremely high runtime speed. 
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2. Design of the Text Similarity Algorithm Based on Siamese Networks 

2.1 Algorithm Overview 

The Siamese network architecture consists of two coupled artificial neural networks[5]. The 

Siamese network uses two subnetworks to obtain inputs from two samples, with each subnetwork 

receiving inputs and producing high-dimensional spatial representations. Finally, a certain metric 

method is used, such as cosine similarity calculation, to compare the similarity of the two samples. 

Siamese networks usually have a three-layer structure: the first is the input layer, which is responsible 

for converting words into word vectors and feeding the converted word vectors into subsequent 

encoding layers. The second is the encoding layer, which is responsible for encoding the input word 

vectors to obtain sentence vectors that represent the entire sentence. The last is the similarity 

measurement layer, which is responsible for judging the similarity relationship between two sentence 

vectors and the metric method can be some simple vector distance calculations, such as cosine 

similarity calculation. It can also combine the two vectors and use some classifiers or multilayer 

perceptrons to represent the direct similarity relationship between the two vectors. The two 

subnetworks of the inputs are not only structurally identical but also share weights. The structure of 

the Siamese network is shown in Figure 1. 

This paper builds upon the Siamese network architecture by adding multi-scale convolutional 

neural networks[6] and attention mechanisms[7], proposing a text similarity calculation model called 

CNN-ATT-Sbert based on these components. This model effectively refines information at various 

granularities within text, allowing it to learn from multiple hierarchical levels and thoroughly extract 

key information in the text, thereby enhancing the accuracy of the text similarity calculation task. The 

input layer utilizes parameter-sharing Bert-wwm, which offers improved Chinese support. Since 

cosine similarity is used for text similarity calculations during training, the word vectors generated 

upon completion of the model are well-suited for distance measurement using the cosine similarity 

method[8]. As the two sentences are encoded independently without depending on each other’s 

information, the model can function as a standalone sentence encoder after training, making offline 

vector generation feasible. In practical retrieval tasks, the model can be used to pre-generate the 

sentence vectors for the text in the database. During retrieval, it is only necessary to generate the 

sentence vector for the text being searched once, which can then be compared with pre-generated 

vectors, significantly speeding up the retrieval process. This characteristic makes the Siamese 

network architecture-based model particularly suitable for the coarse retrieval phase of text retrieval, 

which involves quickly finding the top N most similar text. The model structure is illustrated in Figure 

2. 

 

Figure 1: Siamese Network Architecture 
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Figure 2: CNN-ATT-SBert Model Structure 

2.2 Input Layer 

The input layer also employs the standard Bert-wwm input approach, which involves segmenting 

the sentence by characters, adding the [CLS] marker at the beginning of the sentence, and the [SEP] 

marker at the end. These are denoted as Sa and Sb respectively, and they are input into Bert-wwm 

for sentence semantic capture. The following encoded vectors are obtained. 

ℎa = {ℎa0
, ℎa1

,∙∙∙, ℎal−1
} = BERT − WWM(Sa)                     (1) 

ℎb = {ℎb0
, ℎb1

,∙∙∙, ℎbl−1
} = BERT − WWM(Sb)                     (2) 

Among them, ℎ ∈ Rl×d, where l is the length of the sequence and d is the dimension of the word 

vectors produced by Bert-wwm, typically 768. ℎai
 represents the semantic representation of the i-

th character in the a sequence, and ℎbi
 represents the semantic representation of the i -th character 

in the b sequence. After encoding the sentences, the next layer is a special CNN structure. CNN can 

be used to capture the multi-grained information of the text. 

2.3 Multi-scale Convolutional Layers 

Due to the characteristics of CNN convolutional kernels[9], they can capture feature information 

at the word level, such as keywords and phrases. By combining three different sizes of convolutional 

kernels to create a hierarchical structure, the model can capture more spatial and hierarchical 

information from the initial text, thereby improving the accuracy of text matching. In designing this 

CNN layer structure, the design concept of “Network in Network” was referenced, which facilitates 

easier extraction of text features. As shown in Figure 3. 
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Figure 3: Multi-scale Convolutional Layer Structure 

Among these, the first number represents the dimension of the word vectors. Since the word vector 

dimension of Bert-wwm is 768, the input dimension of the convolutional kernel is also 768. The 

middle number represents the width of the convolutional kernel, where the text uses 1, 3, and 5. The 

last number is the number of channels of the convolutional kernel, and in this text, it is set to 256. 

Due to the characteristics of CNN convolutional kernels, they can capture feature information at the 

word level, such as keywords and phrases. By combining three different sizes of convolutional 

kernels, the model can capture more spatial and hierarchical information from the initial text, thereby 

enhancing the ability to identify such features. Let Oa and Ob denote the final outputs of sentences 

a and b after passing through the CNN layer, respectively. The overall effect of the multi-scale 

convolutional layer is as follows. 

Oa = ImprovedCNN(ℎa)                              (3) 

Ob = ImprovedCNN(ℎb)                              (4) 

The detailed calculation steps for the multi-scale convolutional layer are as follows. For the CNN 

layer, where the size of the convolutional kernel is 1, let p1, p3, and p5 represent the outputs of the 

three convolutional kernels, respectively. Their calculation process is as follows. 

p1i
= f(Wp,1 ∙ ℎi + bias)                              (5) 

p3i
= f(Wp,3 ∙ ℎi + bias)                           (6) 

p5i
= f(Wp,5 ∙ ℎi + bias)                             (7) 

Among them, W represents the parameters of the respective convolutional kernels, and h is the 

input text. For the CNN layer where the size of the convolutional kernel is 3, let q denote the output 

of this particular convolutional kernel. The input to this kernel is the output of the previous layer’s 

convolutional kernels. The calculation process for this convolutional kernel is as follows. For edge 

values, padding operations are used. 

qi = f(Wq ∙ p3i−1:i+1
+ bias)                            (8) 

And for the CNN calculation unit with a kernel size of 5, let v  denote the output of this 

convolutional kernel. The calculation process for this particular kernel is as follows, with padding 

operations also applied to handle edge values. 

vi = f(Wv ∙ p5i−2:i+2
+ bias)                            (9) 

In this context, W represents the parameters of the convolutional kernel. In the above formulas, 

each f denotes a nonlinear activation function. In the present work, the Tanh activation function is 
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used. At the end of the CNN layer, the outputs of all the CNN units are concatenated to obtain the 

final output of the CNN layer. The calculation is as follows. 

Oi = p1i
⨁qi⨁vi                                (10) 

The symbol ⨁ denotes the concatenation operation of vectors. After passing through the multi-

scale convolutional layer, each sentence extracts features of different granularity, forming new 

vectors. After forming these new vectors, they need to be processed by the self-attention layer. 

2.4 Self-Attention Layer 

Essentially, the attention mechanism filters out non-essential information from a wealth of data, 

focusing only on the key information, thereby reducing the weight of unimportant data[10]. By using 

the self-attention layer, key information can be given more emphasis, while reducing the impact of 

non-key information. Figure 4 illustrates a diagram of the relationship in the calculation process of 

the attention mechanism. Compared to CNN and RNN, the advantage of the attention mechanism is 

that it has fewer parameters, making the computational speed faster. Moreover, attention mechanisms 

support parallel computation, which further enhances computational speed, and are superior to 

sequential models in many natural language processing tasks. 

This section uses the self-attention mechanism, with the calculation following formula (11). 

Attention(Q, K, V) = softmax (
QKT

√dk
) V                     (11) 

In this case, Q, K  and V  are matrices obtained from the input vectors through linear 

transformations, as calculated below. 

Q = O ⋅ Wq                               (12) 

K = O ⋅ Wk                               (13) 

V = O ⋅ Wv                               (14) 

Where Wq, Wk, and Wv are the parameters for linear transformations that can be trained during 

the model training process. These parameters enhance the model’s fitting ability and act as a buffering 

effect. The term √dk in formula (11) represents the square root of the dimensionality of the word 

vectors. Dividing by √dk is intended for gradient stability. 

 

Figure 4: Diagram of Relationships in the Calculation of the Self-Attention Mechanism 
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2.5 Similarity Measurement Layer 

After the extraction of multi-grained information through the multi-scale convolutional network 

layer and the enhancement of key information via the attention mechanism layer, sentences a and b 

have been enriched with semantic content. The next step is to input them into the similarity 

measurement layer to calculate their similarity. Prior to the similarity calculation, a pooling operation 

is required to be performed through a pooling layer[11], resulting in a sentence vector that represents 

the entire sentence. The pooling layer employs average pooling, and the calculation process is as 

follows. 

Za,avg = ∑
Tai

la

la
i=1                              (15) 

Zb,avg = ∑
Tbj

lb

lb
j=1

                             (16) 

Here, Ta and Tb represent the outputs of the attention layer, while Za,avg and Zb,avg are the 

final vectors outputted from the pooling layer. Subsequently, the cosine similarity distance is 

calculated for the vectors Za and Zb using the cosine similarity calculation method, as detailed in 

formula (17). 

d =
∑ (Zai

∙Zbi
)n

i=1

√∑ (Zai
)2n

i=1 ∙√∑ (Zbi
)2n

i=1

                        (17) 

The loss function of the model is the Mean Squared Error loss function, denoted as MSELoss, as 

shown in formula (18). 

loss =
∑ (di−yi)2n

i=1

n
                               (18) 

In this context, di represents the cosine similarity distance for the i-th pair of training samples. 

yi takes a value of -1 or 1, which is the actual label for that pair of samples. 

3. Experimental Results and Analysis 

3.1 Experimental Dataset 

The experiments in this chapter use the LCQMC dataset for testing[12]. The LCQMC dataset is a 

Chinese semantic matching dataset, with a training set consisting of 238,766 data items. LCQMC 

places more emphasis on semantic matching rather than literal matching and has been widely applied 

in the task of Chinese text similarity calculation. Specific information is presented in Table 1. 

Table 1: Data Distribution of the LCQMC Dataset 

 train dev test all 

PAIRS 238766 8802 12500 260068 

SENS 245951 15917 23557 256433 

POS 138574 4402 6250 149226 

NEG 100192 4400 6250 110842 

LEN 6.12 7 5.65 6.26 

In addition, the BQ Corpus dataset was also employed [13]. The BQ Corpus is a credit text 

similarity matching dataset, where a value of 0 represents dissimilarity and a value of 1 represents 

similarity. 
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3.2 Baseline Models 

The baseline models compared in this experiment include the classic and commonly used word 

vector models: Word2vec, FastText[14], and GloVe. Additionally, the performance of using vectors 

generated by Bert-wwm directly was compared, which includes the use of the CLS token and the 

average value. Lastly, a comparison was made with a pre-trained model, Sentence-Bert. 

3.3 Evaluation Metrics 

The evaluation metrics employed are the Pearson correlation coefficient and the Spearman rank 

correlation coefficient. Correlation coefficients are statistical measures used to reflect the degree of 

correlation between two variables. These metrics range from [-1, 1], with values greater than 0 

indicating a positive correlation, values less than 0 indicating a negative correlation, and a value of 0 

indicating no correlation. The closer the absolute value is to 1, the higher the degree of positive or 

negative correlation. Both the Pearson and Spearman coefficients are commonly used types of 

correlation coefficients. When evaluating the model results, sentence vectors are first generated for 

sentences using each model, then the sentence vectors of sentence pairs are calculated using cosine 

similarity, and the correlation coefficient is computed by comparing these results with the true labels. 

3.4 Analysis of Experimental Results 

For Word2vec, GloVe, and other static word vector models, the method to obtain a sentence vector 

is to first tokenize the text, then generate a word vector for each word, and finally average these word 

vectors to obtain the sentence vector. In the experiment, to achieve higher-quality vectors, in addition 

to using word segmentation tools to tokenize the articles, stopwords in the text were also removed to 

avoid their impact on semantics. For Bert-wwm, no word segmentation is performed; the entire 

sentence is processed through standard input and fed into Bert-wwm. There are two ways to obtain a 

sentence vector from Bert-wwm: one is to directly use the vector corresponding to the [CLS] token 

to represent the whole vector, denoted as Bert-wwm[CLS]. The other is to average the output of Bert-

wwm to obtain a representation of the entire vector, denoted as Bert-wwm avg. For Siamese network-

based methods such as Sentence-Bert and CNN-ATT-Sbert, after the model is trained, each 

sentence’s vector is generated using the model respective to it. Table 2 shows the results of the models 

on the LCQMC dataset, and Table 3 shows the results of the models on the BQ Corpus dataset. 

Table 2: Results of Various Models on the LCQMC Dataset 

 Pearson Spearman 

Word2vec 0.40695 0.47952 

Glove 0.27835 0.46207 

FastText 0.43622 0.49265 

Bert-wwm avg 0.54452 0.58520 

Bert-wwm [CLS] 0.27300 0.40637 

Sentence-Bert 0.68815 0.69183 

CNN-ATT-SBert 0.69096 0.69690 

The tables indicate that both pre-trained methods have a high accuracy, and the word vectors they 

generate for computing text similarity result in a higher correlation with the original labels. Despite 

Sentence-Bert’s relatively simple model structure, which does not employs attention mechanisms or 

multi-scale convolutional network layers compared to CNN-ATT-Sbert, it achieved very good results. 

This suggests that using a Siamese network architecture and guiding the model with supervised data 

can produce higher-quality vectors. Moreover, the models that integrate multi-scale convolutional 
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neural networks and attention mechanisms can further enhance performance, indicating that this 

structural approach has a positive effect on deep semantic extraction from sentences. 

Table 3: Results of Various Models on the BQ Corpus Dataset 

 Pearson Spearman 

Word2vec 0.31288 0.31373 

Glove 0.26531 0.29350 

FastText 0.29177 0.29877 

Bert-wwm avg 0.37725 0.38688 

Bert-wwm [CLS] 0.14498 0.21384 

Sentence-Bert 0.63763 0.64208 

CNN-ATT-SBert 0.65209 0.65361 

Comparing the vectors obtained from the average method and those directly using the [CLS] token 

from BERT, it can be seen that the [CLS] token vector can to some extent represent the entire sentence, 

but its effect is not as good as the vector obtained from the averaging method. The vector obtained 

by averaging is more suitable for calculating text similarity. Therefore, in text similarity calculation, 

it is more widespread to use the full output of Bert-wwm instead of calculating using the [CLS] token. 

In contrast to classical models such as Word2vec and GloVe, the series of models based on 

Siamese networks for pre-training have significantly outperformed the classical models. The reason 

for this result is the guidance from the labels. In actual text, there are often cases where adding or 

removing a single word can change the entire meaning of a sentence, such as negative words. 

Classical models find it difficult to significantly alter the sentence vector of an entire sentence due to 

the change of a single word, which can lead to failure in identifying sentence pairs with different 

meanings due to individual word differences. On the other hand, the pre-trained models based on 

Siamese networks, with the guidance of labels, can perform targeted training for specific cases, thus 

achieving better results than unsupervised models. 

4. Conclusions 

This paper first introduced the steps of the CNN-ATT-SBert algorithm for text similarity 

calculation, including the input of text, the specific implementation and steps of the multi-scale 

convolutional neural network layer, and the attention mechanism layer. Secondly, it presented the 

experimental environment and the related datasets for the text similarity calculation experiment, as 

well as the evaluation criteria for the experimental results. Then, through related experiments and 

comparisons with common baseline methods, the accuracy of the proposed Siamese-network-based 

text similarity calculation algorithm in this paper was validated. 
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