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Software Requirements Clustering Algorithm Based on Self-attention Mechanism and Multi-
channel Pyramid Convolution
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Abstract With the rapid increasing in the number of software and the increasing variety of types,how to mine the text character-
istics of software requirements and cluster the characteristics of software requirements has become a major challenge in the field
of software engineering. The clustering of software requirements texts provides a reliable guarantee for the software development
process while reducing the potential risks and negative impacts of the requirements analysis phase. However, the software re-
quirements text has the characteristics of high dispersion,high noise,and sparse data. At present,the work related to clustering is
limited to a single type of text.and the functional semantics of software requirements are rarely considered. In view of the charac-
teristics of the demand text and the limitations of the traditional clustering method, this paper proposed a software demand cluste-
ring algorithm (SA-MPCN&.SOM) combining the self-attention mechanism and multi-channel pyramid convolution. The method
captures the global features through the self-attention mechanism,and then extract the required text features from the depth of
the different windows based on multi-channel pyramid convolution. Thus,the perceived text fragments are multiplied.and finally
the multiplexed text features are clustered using SOM. The experimental results on the software demand data show that the pro-
posed method can better mine the demand features, cluster the demand features,and outperform other feature extraction methods
and clustering algorithms.
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Table 2 Comparison of multiple evaluation indicators
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TextCNN 0.008 334.588 4.576
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