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Recognition of difficulty level of piano score based on metric learning
support vector machine

GUO Longwei, GUAN Xin, LI Qiang

(Department of Electronic Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: The existing classification work about piano score’s level is mainly done manually and inefficient, while the
algorithm automatically recognizing the difficulty class of music scopre has a low classification fitting degree. There-
fore, different from the traditional method that takes the recognition for the difficulty class of music scope as a regres-
sion issue, the paper directly modelled it as a classification based on the support vector machine, in addition, in combin-
ation with such characteristics of the score classification as intense subjectivity and common dependency among fea-
tures, the metric learning theory was utilized. The prior knowledge of the score with difficult level tag was sufficiently
utilized, according to the contribution of feature in difficulty distinguishment, the Gauss radial basis kernel function was
improved, so as to propose a kind of metric learning support vector machine classification algorithm —ML-SVM al-
gorithm. In the score datasets with level 9 and level 4 difficulty, ML-SVM algorithm was compared with logistic regres-
sion, the support vector machine algorithm based on linear kernel function, polynomial kernel function, Gauss radical
basis (GRB) kernel function, and various support vector machine algorithms combining principal component analysis.
The results show that the proposed algorithm is much more accurate than the existing algorithms, reaching the accuracy
rate 68.74% and 84.67% respectively. The proposed algorithm effectively improves the classification performance of

SVM algorithm based on GRB kernel function in this application.
Keywords: digital piano score; recognition of difficulty level; classification algorithm; support vector machine; metric

learning; Gauss radial basis kernel function
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