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Abstract: In this paper, we propose a music exploration system INSTRUDIVE focusing on instrumentation
that is a key factor in determining musical sound characteristics. Conventionally, an effective method for
exploring musical pieces by using automatically recognized musical instruments has not been clarified, and
it has not been used in commercial music distribution services. The goal of this research is to propose an
automatic instrument recognition method that outperforms existing methods and then show a method that
enables music exploration based on instrumentation. Our instrument recognition method is based on a con-
volutional neural network (CNN) model whose layers first convolve input along the frequency axis to express
timbre characteristics, and then convolve along the time axis to express their temporal characteristics. It
thus uses a convolution kernel that is different from a typical square kernel used in image processing. In our
evaluation, we confirmed that the proposed method was superior to three existing methods. We then propose
a music exploration interface with a new function based on the instrumentation. As a result of implement-
ing the interface and conducting a preliminary experiment on 24 subjects, even when the experimenter was
not monitoring, we confirmed that subjects were able to explore musical pieces by using a pie chart that
visualized the instrumentation of each song.

Keywords: music information retrieval, music interface, music visualization, instrument recognition, convo-
lutional neural network
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Fig. 1 Overview of INSTRUDIVE.
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Table 1 Architecture of proposed CNN model. Conv, Pool,

Dropout, and Dense are convolutional layer, pooling

layer, dropout layer, and dense layer, respectively.

Output Size denotes tensor dimensions output from

each layer.
Layer Output Size
Input layer 1,024 x 87 x 1
Conv (4 x 1) 1,024 x 87 x 32
Pool (5 x 3) 204 x 29 x 32
Conv (16 x 1) | 204 x 29 x 64
Pool (4 x 3) 51 x 9 x 64
Conv (1 x 4) 51 x 9 x 64
Pool (3 x 3) 17 x 3 x 64
Conv (1 x 16) | 17 x 3 x 128
Pool (2 x 2) 8 x 1 x 128
Dropout (0.5) | 1,024
Dense 1,024
Dense 121
Dense 11
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Table 2 Eight combinations of convolutional filter shapes used
for our preliminary experiments for performance com-
parison. Four convolutional layers are numbered in
ascending order (Conv 1 to 4) from the input layer.
The combination of the second line in this table is

used for the Proposed model.

Conv 1 Conv 2 Conv 3 Conv 4
(4x1) (4x1) (1x4) (1x4)
(4x1) (16x1) (1x4) (1 x16)
(4x1) (32 x1) (1x4) (1 x32)
(4x1) (64 x 1) (1x4) (1 x 16)
(4x1) (64 x 1) (1x4) (1 x64)
(4x1) (128x1) (1x4) (1x16)
(16 x1) (4x1) (1x16) (1x4)
32x1) (4x1) (1x32) (1x4)
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#z 3 Han 5 [21] ® CNN 7V, FHokidE 1 LETH

%. 72721, Global pool 70—V T—1) v B TH5H
Table 3 CNN model of Han et al. [21]. Wordings are same as
ones in Table 1. Global pool represents global pooling

layer.
Layer Output Size
Input layer 128 x 43 x 1
Conv (3 x 3) 130 x 45 x 32
Conv (3 x 3) 132 x 47 x 32
Pool (2 x 2) 44 x 15 x 32
Dropout (0.25) | 44 x 15 x 32
Conv (3% 3) | 46 x 17 x 64
Conv (3% 3) | 48 x 19 x 64
Pool (2 x 2) 16 x 6 x 64
Dropout (0.25) | 16 x 6 x 64
Conv (3 x 3) 18 x 8 x 128
Conv (3 x 3) 20 x 10 x 128
Pool (2 x 2) 6 x 3 x 128
Dropout (0.25) | 6 x 3 x 128
Conv (3 x 3) 8 X 5 X 256
Conv (3 x 3) 10 x 7 x 256
Global pool 1x1x256
Dense 1,024
Dropout (0.5) 1,024
Dense 11

&4 LibH 28] ® CNN €7V, RPofikidR1 LETH A
Table 4 CNN model of Li et al. [28]. Wordings are same as

ones in Table 1.

Layer

Output Size

Input later
Conv (3101)
Pool (40)
Conv (300)
Pool (30)
Conv (20)
Pool (8)
Dropout (0.5)
Dense

Dense

44,100 x 1
41,000 x 256
2,049 x 256
1,750 x 384
87 x 384

68 x 384

16 x 384

16 x 384
400

11

% 1 (True/Z DERIPHBEINT WD), ZRARHOMEE
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F 5 122 P OKHERA T T OWBUHE O (&8O IERE
NVIZBI S, 1 BB L 0% 7 T) OMEO L)
Table 5 Ratio of appearance of instrument categories in 122

musical pieces (ratio of appearance of one-second

ground-truth instrument categories in all musical

pieces).
Instrument Label Frequency
A. Guitar 0.497
Clean E. Guitar 0.319
Distorted E. Guitar | 0.719
Drums 0.707
E. Bass 0.649
FX 0.073
Piano 0.701
Synthesizer 0.136
Violin 0.504
Vocal 0.826
Others 0.776

WR IR D,

e F-macro lZ, F-measure #4457 7 I T & |ZRD 72
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e AUC (Area Under the Curve) 1%, ROC (Receiver
Operating Characteristic) HIf# FESOMHIME & Bdw 7 7
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5.4 FEREER
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SN 2 ERAVE S TR EDFILER ToF 7~ Ty 1%
F-macro I2BWTH 8 KA ¥ FEWEAZ R LTV Eh
5, METFLERT - BOL R EEHNT TV LTY
LBV HE TR TE T L2505, F-micro & 1),
4 DEHT S F-macro ICBWTHEIIHLEINLTNRDL D
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Fig. 2 Experimental results of instrument recognition.
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Each black line represents range of standard deviation.
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