R YUBEIE iR ey
IPSJ SIG Technical Report

deepGTTM-II: T4 —TF 53—V JICE I HEEED TR

g et Em £ g @

HE  AKfeClE, 3R EER Generative Theory of Tonal Music (GTTM) Ot &E T 2 B 8 CHEE 5 T8tV T
WD, INETHE THEMEZ O T 5V AT ABBEINTNDED, SR 3% <, FRFEICLDZEE
BUATH 12120 T 4 —T 7 == TS BT e Wran T 5. TN GTTM (S S HfEi G & o br
L72300 D3 HrT —H R—RA 2 13RA L TODR, TNIET TIEFET — 2 BRE - 045558 L it s o
REBHEFET L EERETH D, T THAIE, B HEIEE L OBREL IO 3 ODAT v S TINLTH A
I BT DHUAT L deepGTTM-Il 2L 5. 7, 1 55 THOHKMR LEHT—42HN TRy hNU—27 D7 1
M—=27%475. ®IZ, GTIM L— VO EFT % 1 7 5 ToZbe LRIk 2 N N E TICHEL-BE)
SR E WG THBENCT T ~LAT LIz BB S & 8l 7 — 2 2Bk L, Ny 7 Fa =g ok o Eifitt & %
BEATH. Fethic, 300 HOFWfF & T — 22 HNT T 74 v Fa—=v 7 %175 . EROFE, deepGTTM-II 1,
PERD GTTM 4oras &L X TEWHERTH D Z & 2B L7z,

deepGTTM-II: Metrical Structure Analyzer based on
Deep Learning Technique

Masatoshi Hamanaka™  Keiji Hirata™ Satoshi Tojo"™

Abstract: This paper describes an analyzer that automatically generates the metrical structure of a generative theory of tonal
music (GTTM). Although a fully automatic time-span tree analyzer has been developed, musicologists have to correct the errors
in the metrical structure. In light of this, we use a deep learning technique for generating the metrical structure of a GTTM.
Because we only have 300 pieces of music with the metrical structure analyzed by musicologist, directly learning the relationship
between the score and metrical structure is difficult due to the lack of training data. To solve this problem, we propose a
multidimensional multitask learning analyzer called deepGTM-II that can learn the relationship between score and metrical
structures in the following three steps. First, we conduct unsupervised pre-training of a network using 15,000 pieces in a
non-labeled dataset. After pre-training, the network involves supervised fine-tuning by back propagation from output to input
layers using a automatic labeled dataset, which consists of 15,000 pieces labeled with an automatic analyzer that we previously
constructed. Finally, the network involves supervised fine-tuning using a labeled dataset. The experimental results demonstrated
that the deepGTTM-II outperformed the previous analyzers for a GTTM in F-measure for generating the metrical structure.
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