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A Survey on Short Text Similarity Measurement
Methods

Ahmad Rabiei Zadeh*!, Hossein Amirkhani?

L Al Laboratory of Computer Research Center of Islamic Science (Noor),
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Abstract

Measuring similarity between two text snippets is an essential yet challenging task in many Natural
Language Processing problems. Various methods have been proposed over the past years to measure
text similarity. This survey reviews more than 150 of these papers, classifies them into three categories,
and discusses their pros and cons. The first category includes lexical methods that only focus on the
surface similarity of the text pairs. In edit-based lexical methods, texts are considered as a sequence of
characters; while in set-based and vector-based methods, they are treated as tokens. There are some
methods that consider texts as a mixture of characters and tokens as well. Some recent studies use
modern deep learning techniques for detecting lexical similarity in alias detection and near-duplicate
detection tasks. The edit-based method is a good choice for similarity detection at the word and phrase-
level, but it is not suitable for sentence similarity calculation. The hybrid method outperforms other
methods in lexical similarity measurement because of taking care of similarity in both word and
character levels. The second category includes semantic methods that take into consideration the
meaning of the words using either a pre-prepared knowledge base like WordNet or corpus-based
methods. These methods define sentence-level similarity as an aggregation of word-level similarities.
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Some knowledge-based methods calculate the word similarity based on the length of the path between
the two words in the knowledge base, while some recent studies use novel WordNet embedding methods.
The high cost of creating and maintaining the knowledge base is one of the main disadvantages of these
methods. On the other hand, corpus-based methods calculate the words relatedness based on the
distributional hypothesis. The count-based and predict-based approaches are some representative
methods in this category. Recent studies show that using modern deep learning techniques like
Transformers and Siamese networks to create a contextual word/document embedding outperform
other methods in the semantic similarity measurement. The final category includes the hybrid methods
that take advantage of different methods. Some methods in this category use syntactic parsing. However,
high-quality syntactic parsers are not present for many languages and using them has some side effects
on the overall speed of the system. Furthermore, this study also identifies the main datasets and
evaluation methods that can be utilized for the short text and sentence similarity measurement.

Keywords: short text similarity, lexical similarity, semantic similarity, natural language processing,
sentence embedding, transformer
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(Figure- 1). Comprehensive taxonomy of short text similarity approaches
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(Figure- 3): Word embedding approaches based on machine
learning techniques
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(Table-1). Sentence similarity measurement methods based on word embeddings
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