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Abstract. A common method used for intent classification of short sentences 
consists of a language model (PLM) pre-trained as a text encoder and a 
classifier layer. Most tokenizers of PLM treat text input as split subwords while 
preserving whitespace. In this study, we observe that some information about 
spacing is lost during this tokenization process and propose a joint learning 
method using intent classification and spacing tasks as self-supervised learning. 
Space in input sentences is useful feature in the training process because there 
is no need of label. The proposed method contributes to the improvement of 
text classification performance, especially in Korean-based intention 
classification tasks.  
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1   Introduction 

Intent classification is the field of natural language processing for classifying the 
intent of a speaker in a speech or dialogue sentences. [1] 

Prior to the widespread use of speech recognition, the task of classifying the intent 
of an utterance did not receive much attention. Most natural language 
understanding(NLU) research focuses on understanding long sentences well, as long 
text data is very rich when collected from books, news articles, wiki, etc. 

Recently, as voice recognition has been activated in AI speakers and cars, voice 
data from many users has begun to be collected. However, existing NLU models that 
focus on handling long sentences well often perform poorly for very short sentences. 

Understanding long sentences is a very complex problem, while understanding 
short sentences well is a very ambiguous problem. Unlike human-to-human dialogue, 
machine-directed speech is unkind and frequently omits important words. [7] 

:hen the functions provided by voice recognition were few, the problem was not 
serious. This is because even spitting out keywords was treated as a basic domain bias. 
However, as the range of functions that can be provided by voice recognition is 
gradually expanding, and people are freely speaking out of the set command set, 
domain bias is no longer a good solution. [4][5] 

In this study, we propose an effective method for classifying the intent of a short 
sentence. This is a method to learn intention classification and spacing at the same 
time. Space information in Korean is very useful, but the tokenizer commonly used in 
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Pre-trained Language Model(PLM) does not convey space information sufficiently. 
And because the number of tokens used in short sentences is small, features are 
lacking to represent meaning of a sentence. The proposed method allows the model to 
distinguish important word boundaries in sentences by simultaneously learning space 
information, and improves intention classification performance by using additional 
features. In addition, space information does not require a separate labeling operation, 
enabling self-supervised learning. 

. 

2   Proposed 0ethod 

The proposed method uses space information. Tokens as a morphemed-subword [10] 
are input of model and an intent of sentence and space information are target for 
prediction. Space information is expressed as a list with values of 0 and 1. If a token 
is split by a morpheme analyzer or tokenizer, it has a value of 0, and if a token is a 
word separated by space in the first place, it has a value of 1. 

For example, the sentence �Turn on the air conditioner� is tokenized to [�turn�, 
�on�, �the�, �air�, �cond�, ���tion�, ���er�] In this case, the space information is 
expressed as [1,1,1,1,0,0,0]. Transformer-based language model uses :PM or SPM-
based tokenizer as above, and each token is input with one-hot encoding. Therefore, 
character information such as ����, which a person displays later to restore the 
original sentence, cannot be known from the model point of view. Therefore, 
inputting space information together can express the original meaning of the sentence 
more accurately. 

In the mobility domain, words expressing destination information or addresses for 
movement are frequently used. In the realm of proper nouns, space information is 
ignored differently from grammar or used as a means of expressing specific meaning. 
For example, in hashtags or business names, the method of attaching all words 
without spaces is widely used. In this case, information that there are no spaces at all 
becomes very useful when analyzing the meaning of a sentence. 
 

3   ([periments 

All experiments were conducted based on the Korean model of BERT [3][10]. A 
method of not using space information, a method of using space information as input 
values at the same time, and a method of simultaneously predicting space information 
were compared through experiments. 
Since it was an experiment on a test set with high performance in the first place, there 
was no significant performance difference between the comparison groups. 

Through other studies, it can be seen that when learning the intent, the performance 
is improved by simultaneously learning the slot. [2][6][8][9] However, for this, data 
that is tagged with an intent as well as a slot is required. 
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Although the proposed method does not reach the level of learning slots at the 
same time, it can be confirmed that the performance is slightly improved compared to 
the method of learning only intents. Because the performance difference is small, it is 
necessary to perform additional experiments with statistical significance tests or other 
datasets. 

 
 

Method Algorithm Accuracy F1 
Intent (baseline) BERT-base 0.979 0.968 
Intent (with space feature) BERT-base 0.979 0.969 
Intent-space Moint learning %(RT-base �.��� �.��2 
Intent-slot joint learning BERT-base 0.992 0.990 
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