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#F 1 Parameters

HMM parameters
The number of state 4
The number of mixture 4
Epoch 100
GMM parameters (deviation from center)
The number of mixture 8
Epoch 200
LSTM parameters
Learning rate 0.0001
The number of layers 3
The number of middle layer units 30
Momentum 0.9
Drop out 0.5
Epoch 5000
DBN parameters
Learning rate 0.00001
The number of hidden units (RBM) 50
Momentum 0.9
Weight decay 0.001
Objective average activation 0.01
Coefficient for sparse regularization 0.1
The number of layers 5
Prior epoch 10000
Epoch 100000
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e R— 02 F2

e R — F2 02

e R— F2 F2

o 02— 04, 04

e 02 = 04, F4

e 02 = F4, 04

o 2 —» F4 F4

e 04— 08, 08

e 04 — O8, F8

o 04 — F8, 08

e 4 — F8 F8

e 08 — 016, O16
e 08 — 016, F16
e O8 — F16, 016
e '8 — F16, F16
DEHILEIT B,
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IZ, Stacked bidirectional LSTM 1M AE 74 77 VU D
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20 RAARIC & B AR O EERUEER & 17 - 7228,
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U ) R AEOFRFOIC & 2 BEERIRRIEDIRF T E
22LELRRLTED, SHBOMDHLREHED 1 >T
5.

Fh, AVIA VI RATLAELTOEE
S Ze &b SHBER I AN Z1T .

FEAT~D

SEXH

[1] Takeda, H., T, N., Sagayama, S. et al.: Automatic ac-
colnpaniment system of MIDI performance using HMM-
based score followng, IPSJ SIG Technical Reports, pp.
109-116 (2006).

[2] Nakamura, E., Takeda, H., Yamamot, R., Saito, Y.,
Sako, S., Sagayama, S. et al.: Score Following Handling
Performances with Arbitrary Repeats and Skips and Au-
tomatic Accompaniment, IPSJ Journal, Vol. 54, No. 4,
pp. 1338-1349 (2013).

[3] Hori, T., Nakamura, K. and Sagayama, S.: Automatic
selection and concatenation system for jazz piano trio
using case data, Proc. ISCIE International Symposium
on Stochastic Systems Theory and its Applications,
Vol. 2017 (2017).

4] BRRIEE, RIS, BERFER MM 23D S R
Yy avYATAIIEBITER—Z - 7 LADHBIC
B9 2 Mas, MEEALIILAREE 79 (Al 4 EIR SRR S,
Vol. 2017, No. 2, pp. 129-130 (2017).

[5] Hori, T., Nakamura, K. and Sagayama, S.: Jazz Pi-
ano Trio Synthesizing System Based on HMM and DNN,
Proc. 14th SMC, Vol. 2017, pp. 153-158 (2017).

[6] Wake, S., Kato, H., Saiwaki, N. and Inokuchi, S.: Coop-
erative Musical Partner System Using Tension - Param-
eter : JASPER (Jam Session Partner), IPSJ Journal,
Vol. 35, No. 7, pp. 1469-1481 (1994).

© 2017 Information Processing Society of Japan

[7]

8]

[9]

[10]

[11]

[12]

[15]

[16]

Vo0l.2017-MUS-116 No.12
2017/8/25

Hidaka, 1., Goto, M. and Muraoka, Y.: An Automatic
Jazz Accompaniment System Reacting to Solo, IPSJ
SIG Technical Reports, Vol. 1995, No. 19, pp. 7-12
(1995).

Goto, M., Hidaka, 1., Matsumoto, H., Kuroda, Y. and
Muraoka, Y.: A Jazz Session System for Interplay among
All Players I. System Overview and Implementa-
tion on Distributed Computing Environment, IPSJ SIG
Technical Reports, Vol. 1996, No. 19, pp. 21-28 (1996).
Hidaka, 1., Goto, M. and Muraoka, Y.: A Jazz Session
System for Interplay among All Players  II. Implemen-
tation of a Bassist and a Drummer, IPSJ SIG Technical
Reports, Vol. 1996, No. 19, pp. 29-36 (1996).
Hamanaka, M., Goto, M., Aso, H. and Otsu, N.: Gui-
tarist Simulator: A Jam Session System Statistically
Learning Player’s Reactions, IPSJ Journal, Vol. 45,
No. 3, pp. 698-709 (2004).

Hochreiter, S. and Schmidhuber, J.: Long short-term
memory, Neural computation, Vol. 9, No. 8, pp. 1735—
1780 (1997).

Graves, A. and Schmidhuber, J.: Framewise phoneme
classification with bidirectional LSTM and other neural
network architectures, Neural Networks, Vol. 18, No. 5,
pp. 602-610 (2005).

Hinton, G. E., Osindero, S. and Teh, Y. W.: A fast learn-
ing algorithm for deep belief nets, Neural computation,
Vol. 18, No. 7, pp. 1527-1554 (2006).

Freund, Y. and Haussler, D.: Unsupervised learning of
distributions on binary vectors using two layer networks,
Advances in neural information processing systems, pp.
912-919 (1992).

Hinton, G. E.: Training products of experts by minimiz-
ing contrastive divergence, Neural computation, Vol. 14,
No. 8, pp. 1771-1800 (2002).

Tsuchiya, M., Ochiai, K., Kameoka, H. and Sagayama,
S.: Probabilistic model of two-dimensional rhythm tree
structure representation for automatic transcription of
polyphonic MIDI signals, Signal and Information Pro-
cessing Association Annual Summit and Conference
(APSIPA), 2013 Asia-Pacific, IEEE, pp. 1-6 (2013).



