
The 3rd International Conference on Interdisciplinary research on 
Computer science, Psychology, and Education (ICICPE� 2019) 

December 17-19, 2019. Phu Quoc, Vietnam 

93 

Sentence BERT Embedding on  
Hyperpartisan News Classification Task 

Jungwoo Lim1 , Yoon-na Jang1, Umadevi G R1, Heuiseok Lim1  
 

 
1 Korea University, Republic of Korea 

{zxzxzxzxz803, dbssk0604, umagr, limhseok} @korea.ac.kr 

Abstract. Hyperpartisan news detection task is a classification task which 
requires a model that discriminates hyperpartisan articles from balanced articles. 
Though feature-based model ELMo + CNN had been proposed previously, the 
limitation that the model used average vector of word embedding instead of 
sentence embedding still remains. We proposed feature-based model using 
Sentence BERT that utilizes sentence embedding for hyperpartisan news 
classification task. We showed our model performance with our experiments 
using ELMo, BERT, Sentence BERT embedding utilized with CNN classifiers. 
In our experiments, the model showed 81% f1-score which is higher than state-
of-the-art model.    
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1   Introduction 

An article that exhibits blind, prejudiced, or unreasoning allegiance to one party, 
faction, cause, or person is called hyperpartisan news. As fake news and hyperpartisan 
news are recently increasing, those people hearing these news have difficulty in 
maintaining a balanced perspective. Therefore, a number of studies on this 
hyperpartisan news detection are being conducted along with the increased needs of 
an automatic news classification system. [1] Although the methodologies in the 
hyperpartisan news detection vary from knowledge-based [2, 3, 4] to style-based [5], 
an approach using deep learning [6] is significantly insufficient until diverse deep 
learning methods went out on SemEval2019 shared task 41 [8]. Jiang et al., who 
achieved the best accuracy score in the competition introduced the model that uses 
embedding of each article from pre-trained ELMo as an input of convolutional neural 
networks (CNNs) . The accuracy score is followed by Hanawa et al. [9] , who showed 
linear classifier using various features including BERT embedding. As the language 
models that understand contextual information such as OpenAI GPT [10] or BERT 
[11] outperformed in several tasks, most of the experiments were conducted using 
these language models. [12, 13]  

                                                           
1 https://pan.webbis.de/semeval19/ 
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The methods of applying these language models to other tasks are divided into two 
approaches [11], which are feature-based and fine-tuning. Surprisingly, the models 
with high performance in the hyperpartisan news detection were mostly feature-based. 
The reason why fine-tuning models had poor performance is that the long sequence of 
data used in the task keep fine-tuning models from capturing contextual information. 
Based on this finding, we assume that the task needs to be solved with a feature-based 
approach. Therefore, we decide to employ BERT with a feature-based approach as 
BERT obtained state-of-the-art results in eleven natural language processing tasks. 

 Previous studies using BERT sentence embedding as a feature, mostly created the 
fixed-size sentence embedding by averaging the value of the output layer in BERT or 
by using [CLS] token. [9, 14, 15] Still, feature-based BERT embedding of sentences 
showed poor performance in hyperpartisan news detection. To overcome this problem, 
we propose Sentence BERT embedding [16] which can be used a feature in the model. 
We conducted our experiment using Sentence BERT embedding and CNN classifiers. 

2   Model 

In our research, we used Sentence BERT, which is modified to extract meaningful 
sentence embeddings from pre-trained BERT. Sentence embeddings from Sentence 
BERT can be compared to each other with cosine similarities [16]. To get fixed size 
sentence embeddings, the model is trained as follows. In the first step, mean value of 
the output vectors from BERT is evaluated. With the mean value, cosine similarities 
of sentence embeddings are calculated, and weights of embeddings are updated by 
siamese networks or triplet networks. The distance between embeddings which have 
similar meanings is closer to each other in the vector space. 
We extracted these embeddings using pre-trained Sentence BERT, and used them as 
inputs of CNN classifier. As an article has different number of sentences, we padded 
each sequence. The size of filter is [3, 4, 5] and the dimension of each filter is 768. 
Used optimizer is Adam optimizer and the learning rate is 3e-5. Weighted cross-
entropy loss is used for loss function and dropout is 0.2.  

3   Experiments 

3.1   Data 

In SemEval Shared Task 4 in 2019, �by-article� data was released as training data 
with XML format. As test data is not provided, we used 10% of the training data as 
test data. The number of the training data and test data is 432 and 213 
correspondingly.  

3.2   Data Preprocessing 

As the given data was composed of several sentences in one article, we preprocessed 
the data to use it as an input of the CNN model. In the first step, each sentence of the 
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articles entered into Sentence BERT and come out as sentence embeddings in 768 
dimensions. Afterwards, sentence embeddings which corresponds to each sentence 
are added. Then, each article has embedding sequences with identical number of 
sentences. 

3.3   Experiments 

As can be seen from Table 1, using BERT embedding as a feature-based method 
reduces the performance regardless of the type of classifiers. In this study, we 
implemented and evaluated CNN with ELMO embedding, which showed the highest 
performance among existing models, it showed similar performance with suggested 
performance. While CNN classifier with ELMO embedding showed 80.6% of 
accuracy, Sentence BERT showed the highest accuracy with 81% to CNN. These 
results suggest that replacing BERT, which is hard to be used as feature-based method, 
with Sentence BERT embedding increases the performance compared to using 
existing models with ELMO embedding. 

Table 1.  Experiment  

Model Accuracy Precision Recall F1-score 
BERT + CNN 0.629 0.627 0.633 0.630 

ELMo + CNN [8] 0.806 0.801 0.775 0.788 
Sentence BERT + CNN 0.810 0.797 0.805 0.801 

 

4   Conclusion 

To classify hyperpartisan news with feature-based approach, Sentence BERT 
embedding was used in this research. We experimented on CNN with ELMO, BERT 
and SBERT to prove the performance of the model suggested. Based on the results, 
our model performed 1.3%p higher than existing state-of-the-art models. In this study, 
we analyzed several methods that show good performance on hyperpartisan news 
classifier, and adopted Sentence BERT which is a feature-based method. This 
approach would have better performance, when applied with other classifier models 
like CNN. 
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