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Automatic Generation of Music Accompaniment Using Reinforcement Learning
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Abstract

In this paper, we introduce a method for automatically generating accompaniment music, according
to user s input melody, The initial accompaniment chord is generated by analyzing user's input
melody, Then next chords are generated continuously based on markov chain probability table in
which transition probabilities of each chord are defined, The probability table is learned according
to reinforcement learning mechanism using sample data of existing music, Also during playing
accompaniment, the probability table is learned and refined using reward values obtained in each
status to improve the behavior of playing the chord in real—time, The similarity between user's
input melody and each chord is calculated using pitch class histogram, Using our method,
accompaniment chords harmonized with user's melody can be generated automatically in real—time,
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— Tonic family : C, Em, and Am
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Am | Bm” C Dm Em F G

Am 0,142 | 0,142 | 0,142 | 0,142 | 0,142 | 0,142 | 0,142

Bm’ 0.18 0.18 0.18 0,05 0,18 0.18 0,05

C 0,142 | 0,142 | 0,142 | 0.142 | 0,142 | 0,142 | 0,142

Dm 0,142 | 0,142 | 0,142 | 0.142 | 0,142 | 0,142 | 0,142

Em 0.142 | 0,142 | 0.142 | 0,142 | 0,142 | 0.142 | 0,142

F 0142 | 0,142 | 0.142 | 0,142 | 0,142 | 0.142 | 0,142

G 0.18 0.18 0.18 0.05 0.18 0.18 0.05
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Am | Bm” C Dm Em F G
Am | 0133 | 0,200 | 0,133 | 0.133 | 0.133 | 0.133 | 0.133
Bm® | 0.166 | 0.242 | 0,166 | 0,046 | 0.166 | 0.166 | 0.046
C 0.141 | 0,151 | 0,141 | 0,141 | 0,141 | 0,141 | 0,141
Dm | 0108 | 0.148 | 0.148 | 0.148 | 0.148 | 0.148 | 0.148
Em | 0.117 | 0.163 | 0.143 | 0.143 | 0.143 | 0.143 | 0.143
F 0.131 | 0144 | 0144 | 0.144 | 0.144 | 0.144 | 0.144
G 0.111 | 0.203 | 0.192 | 0.053 | 0.192 | 0.192 | 0.053
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