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Abstract: Self-supervised learning uses label-free data to enhance machine learning models, offering significant potential 

for natural language processing (NLP). This paper examines its applications and challenges in NLP, including tasks like text 

classification, sentiment analysis, and machine translation. While methods like BERT and GPT showcase the power of self-

supervised learning, issues such as data acquisition and task design remain. Despite these hurdles, the continued integration of 

self-supervised learning is vital for advancing NLP capabilities. 
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1. Introduction 

1.1. Definition and principle of self-supervised 

learning 

Self-supervised learning is an important method of 

machine learning. Its core idea is to use label-free data to learn 

the internal laws and structure of input data, so as to get the 

understanding and improvement of supervised learning. In 

self-supervised learning, the model continuously optimizes 

the parameters of the model during training by constantly 

trying to extract useful features from label-free data and 

trying to predict the data or generate similar data. 

1.2. The Importance of natural language 

processing 

Natural language processing (NLP) is an important branch 

of artificial intelligence, designed to enable computers to 

understand and generate human language. Therefore, natural 

language processing technology is of great significance for 

promoting social development and improving the quality of 

human life. 

2. Potential and challenges of self- 
supervised learning in natural 
language processing 

Self-supervised learning has a great potential in the field of 

natural language processing. Because self-supervised 

learning can utilize large amounts of label-free data, it has a 

wide range of applications in the field of natural language 

processing with large data volumes. For example, pre-trained 

language models such as BERT and GPT series all adopt self- 

supervised learning methods, and pre-training on a large 

number of label-free data improves the understanding and 

generation ability of natural language data. However, self- 

supervised learning also faces many challenges in natural 

language processing. First, the acquisition and annotation of 

non-labeled data is one of the difficulties in self-supervised 

learning. Due to the complexity of natural language 

processing tasks, it takes a lot of manpower to annotate high- 

quality unlabeled data. Second, self-supervised learning 

methods need to design reasonable pre-training tasks and 

model structures to improve the ability of model generation 

and understanding of natural language. Moreover, how to 

apply the pre-trained model to specific tasks is also a 

challenging task. 

3. Basic methods of self-supervised 
learning 

3.1. Pretrained language model 

Pre-trained language models are one of the most successful 

applications of self-supervised learning in the field of natural 

language processing applications. Common pre-trained 

language models include BERT, GPT series, etc. These 

models learn the intrinsic structure and patterns of a 

language either by predicting the next word in a sentence or 

by generating text sequences. In the pre-training phase, the 

model learns to extract useful features and representations 

from label-free data, leading to achieve better performance in 

downstream tasks. Training on a large amount of text data, 

these models are able to learn syntactic, semantic and 

contextual information about a language to provide useful 

features and representations for a variety of various NLP 

tasks. In downstream tasks, the pre- trained language model 

can be fine-tuned to accommodate task-specific 

requirements and further improve the model performance. 

3.2. Contrast learning 

Contrast learning is a self-supervised learning method that 

learns the intrinsic structure and relationships of data by 

comparing similar and dissimilar pairs of data. In natural 

language processing, contrast learning often involves treating 

a pair of sentences or texts as similar or dissimilar instances 

and learning how to distinguish them. This approach requires 

to design a measure or similarity function to compare data 



 

pairs and use these pairs to train the model. Through contrast 

learning, the model can learn the semantic and structural 

information of the text and be applied to various NLP tasks, 

such as text classification, sentiment analysis, etc. The 

success of contrast learning in natural language processing is 

mainly attributed to its effective modeling of similarity and 

difference. By comparing similar and dissimilar data pairs, 

the model can learn the intrinsic structure and relationships of 

the text and use this information for tasks such as 

classification, clustering and information retrieval. Moreover, 

contrast learning can be combined with other self-supervised 

learning methods to further improve the model performance. 

3.3. Pseudo-supervised learning and semi- 

supervised learning 

Pseudo-supervised learning and semi-supervised learning 

are two extensions of self-supervised learning. Pseudo- 

supervised learning is trained with partially labeled data and 

large amounts of unlabeled data to improve the generalization 

ability of the model through bootstrap with labeled data and 

richness of unlabeled data. Semi-supervised learning uses 

both labeled and unlabeled data to improve the understanding 

and classification ability of labeled data through the 

prediction ability of unlabeled data. Both methods can 

alleviate the problem of insufficient annotation data and 

improve the model performance to some extent. Pseudo- 
supervised and semi-supervised learning have widely 

applications in natural language processing. Since the 

annotation data is usually very limited, training with label- 

free data can effectively improve the generalization ability of 

the model. By combining labeled and label-free data, models 

can better understand the intrinsic structure and patterns of the 

language and achieve better performance in various NLP 

tasks. These two methods can be applied to the fields of text 

classification, emotion analysis, and information retrieval, 

and are expected to be more widely applied and developed in 

the future. 

3.4. Autoregressive language modeling 

Autoregressive language modeling is a self-supervised 

learning method that learns the intrinsic structure and patterns 

of a language by predicting the next word or symbol of a 

given text. This method usually uses long and short-term 

memory network (LSTM) or Transformer recurrent neural 

network (RNN) or attention mechanisms. The basic idea of 

autoregressive language modeling is to split the text into 

words or symbols in order, and then use the model to predict 

the next word or symbol. During training, the model learns 

the intrinsic structure and patterns of the language by 

optimizing the prediction results. In this way, autoregressive 

language modeling can be used not only in tasks such as text 

generation and abstract extraction, but also in machine 

translation, speech recognition and other fields. The 

advantage of autoregressive language modeling is that it can 

effectively use unlabeled data for training, thus avoiding the 

problem of insufficient annotation data. In addition, 

autoregressive language modeling can also be trained on a 

large number of label-free text data through pre-training, so 

as to learn the intrinsic structure and patterns of the text. This 

pre-training method can further improve the generalization 

ability and performance of the model. 

4. Specific application of self- 
supervised learning in natural 
language processing 

4.1. Text classification and emotion analysis 

Self-supervised learning has achieved remarkable results in 

tasks such as text classification and sentiment analysis. 

Traditional text classification methods often rely on labeled 

datasets, while self-supervised learning provides a way to 

exploit label-free data. With pre-trained language models, 

such as BERT and GPT series, we can effectively classify 

texts or judge their affective tendencies. By learning the 

intrinsic structure and patterns of the text, these models are 

able to understand the semantic information of the text, 

allowing for an accurate classification or emotional analysis 

of the text. For example, the BERT model achieves the 

performance of SOTA (State-of-the-Art) in multiple text 

classification tasks, including sentiment analysis, spam 

identification, subject classification, etc. 

4.2. Semantic matching and information 

retrieval 

Self-supervised learning can help the model to better 

understand the semantic information of the text, thus 

improving the accuracy of matching and the efficiency of 

information retrieval. Through contrast learning, the model 

can learn the semantic similarity and correlation of the text, 

so as to better complete the task of semantic matching and 

information retrieval. For example, a semantic matching 

model based on BERT can be used in a question and answer 

system to select the correct answer by comparing the semantic 

similarity between questions and answers. Moreover, self- 

supervised learning can also be applied to information 

retrieval tasks, such as web page ranking and search result 

ranking, to improve retrieval efficiency and accuracy by 

understanding the semantic associations between queries and 

web pages. 

4.3. Text generation and abstract extraction 

Self-supervised learning also has wide applications in tasks 

such as text generation and abstract extraction. Through 

autoregressive language modeling, the model can learn the 

syntactic and semantic information of the text, thus 

generating the text that conforms to the grammatical rules and 

semantics. At the same time, the model can also be used to 

extract key information and abstracts from large amounts of 

text, to help users quickly understand the main content of the 

text. For example, text generation models based on the GPT 

series can be used for automated writing tasks, such as news 

reporting, abstract generation, and conversation generation, 

etc. These models can automatically generate texts that 

conform to grammatical rules and semantics, improving 

writing efficiency and quality. In addition, the abstract 

extraction method based on self-supervised learning can 

extract the key information by analyzing the structure and 

semantic information of the text, providing a more accurate 

and effective summary. 

4.4. Machine translation and speech 

recognition 

Self-supervised learning has also made remarkable 

progress in tasks such as machine translation and speech 

recognition. By pre-training the language model, the machine 



 

translation system can better understand the semantic 

information of the source language, thus generating a more 

accurate translation of the target language. At the same time, 

the self-supervised learning method can also help the speech 

recognition system to better understand the internal structure 

and pattern of speech signals, so as to improve the accuracy 

of speech recognition. For example, the Transformer-based 

machine translation model can be pre-trained using self- 

supervised learning to improve translation accuracy and 

fluency by learning the conversion rules between the source 

language and the target language. In addition, speech 

recognition methods based on self-supervised learning can 

improve the accuracy and robustness of speech recognition by 

analyzing the intrinsic structure and patterns of speech signals. 

4.5. Entity identification and named entity link 

Entity recognition and naming entity links are two key 

tasks of natural language processing. Self-supervised learning 

can help the model to better identify entities and named 

entities in the text and establish associations between them. 

Through pre-training language model and other methods, the 

model can learn the semantic information and context 

information of entities, so as to complete the entity 

recognition and naming entity link tasks more accurately. For 

example, the BERT-based entity recognition model can be 

used to extract specific entities from the text, such as human 
names, place names, organization names, etc. At the same 

time, the named entity link method based on self-supervised 

learning can establish the correlation relationship between 

entities by analyzing the semantic information and context 

information of entities, and provide more accurate and 

effective link results. 

5. Recent progress and future 
prospects of self-supervised learning 

5.1. Unsupervised and self-supervised mixed 

learning 

Unsupervised and self-supervised hybrid learning is a new 

learning method designed to combine the advantages of 

unsupervised and self-supervised learning to improve the 

performance and generalization ability of unsupervised 

learning. Unsupervised learning can learn useful features and 

representations from label-free data, while self-supervised 

learning can use label-free data to improve the generalization 

ability of models by pre-training language models. By mixing 

these two methods, label-free data and self-supervised 

learning can be exploited simultaneously to improve the 

model performance and generalization capability. 

5.2. Combination of deep learning and 

reinforcement learning 

Deep learning and reinforcement learning are two 

important branches of machine learning, each with different 

advantages and applicable scenarios. Deep learning 

specializes in learning useful features and representations 

from large amounts of data, while reinforcement learning can 

learn optimal behavioral strategies through interactions with 

the environment. Combining deep learning and reinforcement 

learning can leverage the advantages of both to improve 

model performance and generalization capabilities. For 

example, Transformer-based reinforcement learning models 

can use deep learning methods to learn useful features and 

representations from large amounts of data, while using 

reinforcement learning methods to interact with the 

environment to learn the optimal behavioral strategy. 

5.3. Cross-modal self-supervised learning 

Cross-mode self-supervised learning is a new learning 

method designed to learn useful features and representations 

from data from different modalities. With the popularity of 

multimedia data and multi-modal interactions, how to extract 

useful information and features from data of different 

modalities has become an important issue. Cross-modal self- 

supervised learning can exploit the intrinsic connections and 

correlations between different modal data to learn useful 

features and representations through methods such as contrast 

learning. This method can help us to extract more 

comprehensive and in-depth information from the data of 

different modalities, and improve the application scope and 

effect of the model. 

5.4. Interpretability and generalizability study 

Interpretability and generalizability are two important 

problems in machine learning. Interpretability refers to the 

intelligibility and transparency of the model, while 

generalizability refers to the ability of the model to adapt and 

predict new data. To solve these two problems, the researchers 

are constantly exploring new techniques and methods. For 

example, knowledge distillation-based methods can transfer 

knowledge and features of large models to small models, 

improving the interpretability and generalization ability of 

small models. Moreover, graph neural network-based 

methods can use graph structure to represent the intrinsic 

structure and relationships of the data, improving the 

interpretability and generalization ability of the model. 

5.5. Ethical and social impact of self- 

supervised learning 

With the wide application of self-supervised learning, its 

ethical and social implications are becoming increasingly 

prominent. For example, self-supervised learning algorithms 

may generate problems such as data bias and discrimination, 

cause adverse effects on individuals and society. Therefore, 

researchers need to pay attention to these ethical and social 

issues and take effective measures to address them. For 

example, the ethical and social impact of self-supervised 

learning is reduced by impartial selection and use of datasets, 

disclosure of algorithmic decision process openly and 

transparently, and establishment of effective regulatory 

mechanisms. 

6. Conclusion 

6.1. The importance of self-supervised learning 

in natural language processing 

The application of self-supervised learning in the field of 

natural language processing is diversified, covering many 

aspects, such as text classification, emotion analysis, semantic 

matching, information retrieval, text generation, abstract 

extraction, machine translation, speech recognition, entity 

recognition, and named entity linking. The continuous 

expansion of these application scenarios makes self- 

supervised learning become increasingly important in the 

field of natural language processing. Self-supervised learning 

can not only improve the model performance and 

generalization ability, but also further improve the model 

performance and generalization ability by means of 



 

unsupervised and self-supervised hybrid learning, combined 

with the advantages of unsupervised learning. 

6.2. Challenges and possible solutions 

Self-supervised learning faces some challenges and 

problems, such as data quality and annotation cost, model 

interpretability, and generalization ability, etc. To solve these 

problems, researchers are constantly exploring new 

technologies and methods. For example, the use of pretrained 

language model to improve the generalization ability of the 

model; improve the performance and generalization ability of 

the combination of deep learning and reinforcement learning; 

use cross-mode self-supervised learning to extract useful 

information and features from different modes of learning; 

and improve the interpretability and generalization ability of 

the model based on knowledge distillation and graph neural 

network. 

6.3. Recommendations and prospects for 

future research 

Future studies could further focus on interpretability and 

generalizability studies of self-supervised learning to improve 

model credibility and reliability. Meanwhile, we can also 

focus on how to combine self-supervised learning with other 

machine learning methods to obtain more powerful and 

effective models. In addition, how to use self-supervised 

learning to solve practical application problems, such as 

intelligent assistant, intelligent customer service, is also an 

important direction of future research. Finally, we also need 

to focus on the ethical and social impact issues of self- 

supervised learning to ensure that its application does not 

cause adverse effects on individuals and society. 
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