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Automatic tagging using multi-input CNN for hand-crafted features

Yorta AnasHIGE!!®  Kazunisa CuiBaf!

Abstract: There are two methods for predicting tags of music. The first is a method using hand-crafted
features that the feature extraction process is designed by the human. The second is a method called end-
to-end that reduces engineering effort by the neural network. In the latter case, there is an advantage that
the feature extraction process can be automated by using the neural network for the raw waveform or mel-
spectrogram. However, in order to achieve high performance, the number of parameters of the neural network
tends to become enormous. Therefore, in this research, from the idea of replacing part of the consistent fea-
ture transformation in the neural network at end-to-end with sound-specific feature extraction algorithms,
we propose the tag prediction model based on multi-input CNN using hand-crafted features as input data
and evaluate it. We create 9 models that the types and numbers of convolutional block, the filter size of
the convolutional layer and max-pooling layer are different and compare it using MagnaTagATune dataset.
As a result, the model using the ReSE block achieves the performance equivalent to the maximum value of
previous works with about half the number of parameters.
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AW THH T % € 57V, hand-crafted R 0
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W% Root Mean Square (RMS), zerocross, pulseclarity,
beatspectrum, flux, centroid, rolloff, flatness, entropy,

skewness, kurtosis, chromagram, 13 X5t Mel Frequency
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2.2 Convolutional block
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£ 1 MTAT B35 9 FHOETILVOMER

T=F¥TIF ¥
Block a b c
Basic | 0.9076 0.9084  0.9068
SE 0.9083 0.9091 0.9093
ReSE | 0.9110 0.9104 0.9096

DURTEEN (1 x 74 VR L7025 & 5IZHEHIT 5.
ZIZTT7—FT27F ¥ b, clZHWVWT, window length &
hop length M kLAY MIRtoolbox D F 7 4 )b ME & [H U272
5L ICHfIEITY, BTOT—FT7FYIIBVT, &
BIAREDT A WEAY A XEI Yy AT =)V ITTEDT 4
NEAYAXLFUEEEHRT S, 72 13 EEORHMED
FC, pulseclarity I% window length, hop length @5 7 #*
U MMEDYS [s], 0.5 [s] EREREIREI LTS, £Z
THISNE LT, 7—F T 27 F ¥ a Tld window length, hop
length Dfi% 1[s], 0.1 [s] &L, 7—FFT27F ¥ b, ¢ T
FHIE SN A RBEO Y 1 DY 27, 32 L7405 & 5 ICHf,
o, JEEE 3, 5T THINT A, mBIZT —
¥727Fva b cOEIZ=Za—FNVExy FT—TDNT
A—2H, FHRIAZIBDBRNZEEHELTEL. 7T—
FTIF ¥ a OB ZR 112K
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AH5ETIE, MagnaTagATune (MTAT) [13] T — & & v
FEHWS. MTAT 3R 29 [s| BEED 7 7 1 )L 25863 i
Moy, FHIIILTY vy b, %8R, A—REwol
IS8 DR TNEVIRENTWETF—XEy b THD. &
Zc#k [6], [7), [8], [9], [10] kAL & 54z, ML—=>7,
NY)F—=vay, TAMT—ZIF12:1:3 127U, &b &
{HHEIND 50O X 7% AT 5.

3.2 FHf

MTAT FZEHNIZE#H D IR S T WD X 7 ORI 50 flil T
TNETNEL L. T I TEMifERE LT, Rl T —
Xty M U TN % KD Area Under an receiver
operating characteristic Curve (AUC) ZHW5. 50 fED
RTE I L AUC 25 L, 50 [l OMEDEYAE % HeAk
7Rl fERL e LTS 5. AT, &ih% 10
DL AYy MZHEL, EFAVDA YTy b F—=R2L
THEATS. £2ZT, 10T AV b6 HsN5 Tl
EDOFEEEEFERAT S Z & T L IZFHTi 2475 .

3.3 HIE/NT A —% D

FC layer ® output @ DIEMALEIR L U T, sigmoid BEEX
EHWS. F7-HLEIZIL, binary crossentropy % W
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& 2 MTAT 281 2 FMZE L O LL#
ETI AUC IRT A =R
Temporal pooling and multiscale[14] | 0.8610
Transfer learning[15] 0.8800
2D CNN + mel-spec[6] 0.8815
Deep bag-of-features[16] 0.8880
Timble CNN[17] 0.8930 191k
2D CNN + mel-spec[8] 0.8940 22M
Bag of multi-scaled features[18] 0.8980
Persistent CNN[19] 0.9013
Multi-level + multi-scale[9] 0.9017
SampleCNN-ReSE + multi-level[10] | 0.9113 27TM
a-ReSE 0.9110 13M

HHRIZ0.0LIZHEL, 20 TRy 70RETEHTL121/5
ST, FC layer DEALEOFHIT RO Y 777 bR
05D Ry 77U NEE[FHT 5. T convolutional
block IZHWT, WEMALEEIZE U T ReLU B2 FHH L,
Ny FIERIE, weight decay % 0.001 @ L2 1EHI{L % i
9 %. Hand-crafted FifEIZ 1 > 7Y b TF—&X & UTfEH
TAHHE, AT —IVEBIL-OICERIEFTS.

4. ®HR

4.1 MTAT TOEKRLEZETILDLLER

#1112, MTAT B % 9 EFHOETILD AUC %%
T. 3207 —FF27F ¥ L2 7TTReSE, SE, basic DJH
IEWKEENE SN2, £72, basic DFTDb, SE DHT
¢, ReSE DHITall BWTIHREE W AUC FoN7z. %
NFNOD block & 7 —FF 27 F v DAL OEIZIZMHMED
FAET LI D0 h5E. X5I7, BRI &4k, K5
A—=RZBDEREDIRNT —FFT 7 F + alZ ReSE block %
AWZETADREEE 0.9110 © AUC 2EK L 7-.

4.2 MTAT TOBERT & DLLE

#2127, AW THRAMEENE SNz a-ReSE €TV &
WEAFAZE & D% R T . a-ReSE € 7 ViL, MEFEWZET
BHEWAUC 2R ETFIVERBREDMENLESDSS
A —ZBTEM L 7. ReSE 1& basic & HR, WS
SNDBKE/NT A —RENL L, BEVESRBIZONE
TIVERDINT A= RPBWRIZ R BEAR DD, RFL
TER LT —FT27F v ald, 3E&47%0 ReSE block
THoIERAREEEZER TSI L TEZ. T Ok
B, BEERSTEENTA—XBENZ LI IZEINL
EEWRB.

5. f&m

A TIE, Bihx 7 FHIZBWTKH L TWz hand-
cradted FifE 2 H\W/-FEke —a—I0xy NT—2 %
Wb Z & TAEDN A% S U7z end-to-end FIED 2 D>
5 &A% 15372, hand-crafted FiEEIZ0 4 5% AJ) CNN IZ
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O IR 7 FHET IV 2 REL 2. MagnaTagATune
T— Rty MW BFHMEEBROMER, CNNIZ X 2R
ZHERIZ ReSE block % 3 AW 2 € TV OSEAKEE % 71
U, FRER DT A — R ECEEFIIZE D i K AE & [FSE DR
FEEER L., ZN5DFERNS, —a—F 0ty bT—
I T—E L TWRMAR 70 v 2 % FHRAA DR 7
NIY XLTEBRTLZIET, —a—FVFxvy  T—2H
BORIA—XBEERL, SHEELZERTE 50
mUTz.

B GPU U — N2t W2 ES0EE KXY ATH
RESEUIISE 2 v & —, R EN O BRI HR N
THWW 72 3 R PR I G T 5.
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