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Amplitude Spectrogram Prediction from Acoustic

Features Based on Deep Learning

Shoya Kawaguchi

Department of Electrical and Computer Engineering

National Institute of Technology, Kagawa College

Abstract

The technique of extracting timbre features from observed instrumental signals can
be applied to various problems such as instrument identification, music retrieval, timbre
conversion, and source separation. The mel-frequency cepstrum coefficient (MFCC) is an
analytical feature that well represents the timbre of instrumental sounds. In recent years,
deep neural networks (DNNs) based on generative models have been widely studied for
feature extraction, instrumental sound generation, and timbre conversion. Since DNN-
based generative models are a relatively new technology, it is still desirable to propose a
better technique for timbre conversion. In this thesis, I propose a new timbre conversion
algorithm using a variational auto-encoder (VAE). VAE is a DNN that can learn latent
features of input data as unsupervised learning, and its latent features have interpretability
as the relationship between classes. Thus, by learning the latent features of MFCCs of
multiple musical instruments with VAE, I can generate a new acoustic signal that has the
features of multiple musical instruments. However, the proposed system assumes that the
amplitude spectrogram can be predicted from the three features, fundamental frequency,
MFCC, and time-varying gains, and it is not clear whether such a generation is feasible.
To cope with this problem, in this thesis, I investigate DNN-based spectrogram prediction
with fundamental frequency, MFCC, and time-varying gains inputs. This is a subsystem
necessary to realize the above-mentioned proposed system. In particular, three types of
DNN are investigated to find the optimal network architecture. The experimental results
using piano and guitar sounds show that the bidirectional recurrent DNN achieves the

best performance for both instruments.

Keywords: variational auto-encoder, deep learning, mel-frequency cepstrum coeflicient,

timbre conversion
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Bl X N7 LB ES TN L TERORHMEZ MM 3 2 850, 2R, MR, &6
Zf BIRHEE O A RBICICHTE 2. BERETOEHET X KRBT 2 BT 2R EEIC
EXOVEBE T 7R b 7 558 (mel-frequency cepstrum coefficient: MFCC) 235 %73, i
FRRERETNVROHEE =2 —F 13 v 7 —2 (deep neural network: DNN) 2% < FF
EML, RaEEAN, SOREEENLIMIRIATWS. ERE TV DNN G HEBI#H L
WETTH D, BEEHL VI HINZBLWTERBEED KD RWEINOREZLE TN RIICH
5. KX T, ERET VR DNN OHFTHESTHORSIbER (variational auto-encoder:
VAE) 2ROV LWEGZE#E 7 LT ) X208 HIES. VAE ZAN T — X DBTEN R
FEEZZAEL C¥ETZ % DNN ThH D, BIERHEEICER Y 7 X DMHMNBIfRZ R THE
ZEAT BT, ~EORFMEEZRE2 M TES. toT, BEIEEHEE D MFCC @
BIER#HELZ VAE T¥HT5 28T, RERTORBEZHER OB LLWEEES 2L
ARTEZEDEZIND. LELRYS, ZORES AT LIERRERE, MFCC, MUEE
D 3 ODFHEED O EEEEDIRBARY v a2 F L EERTEZ I ERELTED, 20
XD BAERDEBAIRED E S DIITFHATH 5. 2 TR TR, BIROIRES X7 2 DEH
WRAE RIS AT 52 LT, EARFEEE, MFCC, RUEEIHIRBEARY vurF L%
FHIT 2 FERLOVWTHET 5. FiC, SEEDOAY Py —IWMERIRL, L5kt
b — 7 REENEREERIRIEA RS b a7 Z AOFTRNCHIRI» 2 EBRINICHET 2. ©7 7
KMOF & —2AVEERTIE, MEHRICBOTATAEREO DNN 2&ERETH 5 2 & 2R
L7.
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1.1 F@wmXDER

—R R EBEESEHRT 2 3 BHRIES (KyF), B, RUBETHS. 063
ROBVPEDESBRETH20ERETI72DICHLNS. HIZIX, FEEESEHEOBE (5
) tEESEERN (FRORMILRZEN) TEEEZRLLDDTHS. Fk, BACHEEN
Ry LA REELHICBENTD, b0 3BRIEELNHHMETH 2. HFEEBSUHIC
BOTHRO EANLREERMEL, B8E5 2B Fourier £ (discrete Fourier transform:
DFT) LTHEONZIRIE (F T =) AT MV THD. Fiz, AT FILOKEZRZ
R 27012, EE5EEREXEIICXY > T DFT %i#MH 3 2 BRE Fourier 212 (short-time
Fourier transform: STFT) 3AHEICHEH X, HEESUWHEKRTHWV SN 2 EEKRHEE
FHEBORHMEE VWA S, INODARY MLIZIZER, B, NUBEEOHERIETES
nTwa. BAEME, IRIEARY S LOROIRVEREICDH 5 ©— 7 BEARE BT TH
b, —RINCHEEEEOERIIWHIET 5. i, AR MLOMEREE EARBEEZD
BERD DIRENT >V R) BABORIT 2 BFEIHIEL, AR PAR2EDZINLF -2
BICNIET 2. 2O XS REANZFEHMEOHR T, BRETNR L LLEEBUWEST T, &
BERIFHEICEHL TINETHRARDOPREINTEL. fIZEEFAESOEEREZERT
O REBULRFHEIIAIE TRITTE (linear predictive coding: LPC) [1] THhH, A7 dL
DUfE T BT 4 VX THEBLZZBORETH 2. LPCIFABDOEH OARFEIICH D =3
FFEidboTHD, EEEBEEEMIBI 2EBEMERoTwWE. —7, BHEESEITR
CERIBEFRBERPEREBSOEOE R ITRHMEBICXAVEBERYT 72+ 7 488 (mel-frequency
cepstrum coefficient: MFCC) [2] 23% 5. MFCC I, XVEBE L I 5 A\E oA
ZERBLUILHEETOARY MVOMEZRBLRHETDH D, BHEDARZ ML ED X
LR TEEZ KRBT 2HEHEZFD.

BERESOECORHEER, RAREBESWHICENT 2 22 TE%. MFCC 2iEH
LFEOBl LT, BEBESZ AN LEEROBBOFRE [3, 4, 5], A LREHREVEE
N2 EHRESTHOFOML 6, 7] & ZEAMEHEE 8], T—¥IFLHFERDOLaAX Y T—> =
> (9], FERID R 2258 OBELMEOFHM [10], BRICH I 7 IR XY X 3 HIES
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Fig. 1.1. The latent space of VAE trained with images of handwritten numbers.

BE (11, 12] 3BT o s, BFETE, FE=2—71 %y +7—72 (deep neural network:
DNN) (1230 < IR Hr 05 1) e R Bl S CZE IR B B IR K BHgE S T . Bl ZIE,
Differentiable Digital Signal Processing (DDSP) [13] T, IERKE / 4 DG T X —
REFP LU TEEEESZED HT DNN RSN TED, DNN IZHEO S EARFETANK
DFIPID—D e WR D, £, BONHIERS Y b7 —2 [14, 15], 70 —X—XERET IV
(16, 17], &2 HAHRSA (variational auto-encoder: VAE) [18, 19] FDAEME T L
% DNN Z W TR HE O BHORERZMH T 2 FIRDI VL OPRESN TV S, FIZ VAE
& RO B ORRITR AL [20, 21, 22, 23] lEBRACHFEEINTE D, L BVHEi 2 #E
LTWEDRBIRTHS. AimXThH, LDERE - SEICEEE S OREEOME K
HORHED) O EFEESOEREITS FEEZHIEL, VAE ICED S ERTF LML 02
DWVWTH DT,

VAE t&, AN7 — X OBENGREEZZEIEL TH¥ETE2 DNNTH 5. @HOHC
A tdRD &5, ANWERUT =227 % &5 BRRKTOBEZER %2555 % DNN T
B0, BIEZEMICEE S 7 2 DENEGRERTHERDMOMEZEAL TWS. ZHUZko
T, BEZEMPEBERBEZODDIIN L T—EDRRMELF /-85 22 TE 5. Fig. 1.1
BFEEHFEGZ VAE TEELAIZRL TW5. ANOFE BTG 2 IBTEZEBITX
TTHAMES 2 ra—Xy, BIEEEOREED? S AN ZEML -FE BTGz T 57
=X oMb. ZOR, FEEEAD VAE OFBEZEN LORHERZZ I T (H2WVWIEE
B HIEAR AR L) 7a—XIEST T, B 7 A (ZoflTidFHEEHTFOME
¥) oMzMzEdT 2 X5 REG BRI 17 & 19 OMOE{GE) »AERATRETE 5. fito
T, BECEHIRE D MFCC OBEZM % VAE T¥E T3 Z e A TEhUE, Fig 1.1 TEKX
NEHLOFEZBFEBREFRT L5112, SEBEEFORHEZHER O L WEEERES2E
T HIENTELEEZONS. DK LWIEREOAE MK OENTIZ, BROEIEX
LM 2 FERHEICORN 2 Z e BHfFFEN S, fIZIE, BIfFOEFTPEROETHE —
L DHEIRETEZ2EERY I v 7 ANEHTE LI LD, THFETIIEEOEEEN
BREBREEPF LWL LTESE T 2R H 5. £7, VAE TR EERHMED
BEZEf L TRERFOFAZETENL, L) RWERORGTHREREEREBEMEFO
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Fig. 1.2. Overview of the proposed sound generation system.

Generated wave

Fig. 1.3. New sound gerneration using the proposed system with a random vector input.

7DDV =L LTHRILTHONDAREND D 2. 51T,
LD BIRYE 2 TR 22 I FIRFICHEDIA D 2 Z L 23T EF U,

HEEE L EHN R ER SERE
=R 7 —F v LZEM ETOE

R —Y BT 2 BE a2 e BERICHEE - £ TE2F0RENLHRDLE R
bNd. B, VAE ZHOWIERETEROBELIFLLE L TWL D2 DOFEIREINTVS
20, 21, 22, 23] A3, 2 ECTHINT 2D, AMXTEINSOHEHORVWEZEE L LW
BHERS AT LOREHEELTWS.
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1.2 AHEXDHHB

HiEi TN AR 2 Hfe T HAN S A7 2 0% % Fig. 1.212R7. Mg, 2o
VAT LERBEERS AT LR, AN R EEESORMER (Fig. 1.2 12813
Original wave) 225, && (Fig. 1.2 1281 % Pitch), & (Fig. 1.2 1Z8B1F % Timbre), &

‘H& (Fig. 1.21281) % Volume) O 3 0DRHELZ Ly a—XTHIlT 2. EEI3EEE
SOEEAREE f,, HEIEMFCC, NUOEFRIZZ Y FARX (FRORBZN) ZHWS. &
5, ixhizEe (MFCC) OA&% VAE ICASIL, VAE O 1y UTHiZITERIN
7= (Fig. 1.2 1281} % Generated timbre) #13%. ZO X5 1L THELNLER, VAE
THEREINEE, NUBERD 3 DDREEZ T I —XICANL, iLLWEEESZAEN - 1
I35, MBEEERSRAT LT, EEESD MFCC D& VAE TETF /ML TWDS &
», HEDA% Fig. 1.1 IWRTFHFZHFEBRO LS5 ITH LV DIZEH L, ZD MFCC %
FOBBESZERT LI 2HNE LTS, HlZIE, Fig. 1.3 ITRT IO ICEBUCE D AE
ME N7 EEDBEEBANZ ML (Fig. 1.31281F % Random latent vector) ZiBELI L A
RLUTH¥EBEAVAE DT a—XICANT 22 THLVWER (Fig. 1.3 181> % Generated
timbre) ZARTE 5. ZORIIFAMKIZ, &5, LVER, NOERZLD 3 20K HEL
TaA—XIANL, ILLWEREREFOFEESEZH T 5.

L LB s, ZORBEAEMRS AT LAOFRLICIREZREESD 5. BAENICIZ, &5,
o (MFCC), RUEED 3 DORHEDN O BHEES AT 2 X5 BT a—X»RFEET,
FHRT = ZPOFIHRT IO EN DS VI RTHS. ZORKK, MFCCHARRY hL
EDHERTLFHETH 2 Z L IWGERLTE Y, BN RITEEITT 5 IFE R LD
MELBBTDTHL. £ THRMXTIE, REHERS AT L 2MET 2 FRERE LT,
Him, Bt (MFCC), MUERD 3 OORHEDP SGIRIBAXRY a7 a2li1T57a—
X% DNN TH¥¥ET 5. ZO7a—&RI2X, mdEANZ DNN THELZE - try
(multilayer perceptron: MLP), FIFf#=2—F /L% v sV —72 (recurrent neural network:
RNN) @ 12T» 5 & - BHEE (ong-short term memory: LSTM) 2=y  [24] ZHW
7R AERE = 2 —F V% v b7 —2 (bidirectional RNN using LSTM: BiLSTM), K&}
RNN D 12TH57 — MiZEFEE21=y b (gated recurrent unit: GRU) [25] 27z
FHHRIFRE = 2 —F 1% v bV —72 (bidirectional RNN using GRU: BiGRU) @ 3 f&%H
D DNN ZHWv, Y07 —F727F v BEWHETIRIEARZ a2 LD FHHRTE 505
BRIICHRHAE T 5.

1.3 ZAFEX DB

FT2ETIE, BEFER S AT DM EHHT 2I1CH7z> TREE I 5 FHBEE MO
STFT, MFCC, & MLP # DNN IZOWT#HHT 3. %72, BEEERS 2724 8L
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TV BENE % 3 EERN L, BEFENRS X7 4 OELUE, HiES, ROHNDE W
OWTIRR S, 3ETIE, IBBEER S AT LD Fig. 12 BF32rya—XNETFTa—&D
Al B, B, NOERO 3 DORMEOME FIEEHAT 2. X512, IBEEERS R
T L%EFEET 2 ETOMBEOHNE L 2B AW % MLP # DNN, BiLSTM # DNN, K&
U BiGRU %! DNN %Z&#i#H3 5. 4 ETlE, 3ETHHALZ 3BEO 7 —F7 7 F ¥ VT,
B, B, RUEROD 3 DORMEDL SIRIBARY bu s a2 FHlT 2 EBE2TV, &8l
AT RREE ORI e ZE21TS. RBIC5 BT, R ehofinzidNz.
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BERMTRUELERSR

21 FZANE

RETE, AIECTBRRREFERS AT 22T 2 BRI LT, FTEEEOREE
BB DLW TH 5 STFT, EKBFOHFORMEL RS MFCC [2], MOHEEYE B
2 d AN IFEZE#TH 5 MLP I2oWT, #h2h 2.2 i, 2.3 fi, MU 24 HiTat
MERRZ. £7z, 2.5 8T, RO REKVCHIETIRESTERS 2 7 2L 72058 %
3OMML, HELHEPENEEZRRS. 26 HiTAEE LD 3.

22 STFT

STFT &, HEE5ORBINCELT 3 27 ML%, REREREGER 2 MEh 3 ZKoeo
FHHMEBZEBTRRT2-D0ERTHETH S, ZOEW% Fig. 2.1 2R3, STFT TlX, &
B 5 OREPIE 2 FR X E L, BREBERL S5 A TRBEEBAN £ 5. &
DR DR X R (O ERBHE) NOEREXEO> 7 v EEZAZh Q kU T 2 Lzt
&, REEEBOGEE (2(1)F, © j BHOBEREXE HR 71 —2) OFS 20) 3R TH
N5,

2D = ((-Dr+1),2((—Dr+2),--,2(( ~Dr + Q)"
. . . . T
::[z0>m),zﬁk2%--~,zUMq),--,zU>ug) c R® (2.1)
::fa = &iﬁﬁﬁ%ﬁba l:172a7L7 j:]-uza)‘]a &Uq:1527)Qaia zh

ZNBERIREE S > oL, Rl 7 L — 2, NOKE 7 L — 2N OB > v o4 > 727 &
PRY. Eh, BOAVME T BRRCEoTEZ NS,

J== (2.2)

-
7L, BEELEEZAY NI DEBRY 722 &5 10/ 7 L — ADEEDFICY o
EFAT BILH (Y RAT 4 2 27) BIESNTO 5. R (21) TERSNBMI 7 L — A0S



2.2 STFT 7

>

Frequency

Y

Waveform . .
el bbb tocsr || Time-frequency domain
/WMMMIM Discrete
function
‘ Spectrogram
B - |

4 Time domain N )
| !
| N Fourier transform
Wmndow/\ TS
Féwgtl' T WMW&MWM Complex-valued matrix
%Vi;dowlenath Q JAN )
Fig. 2.1. Mechanism of STFT.

EETOjIZOVTELDLERM 7 L—20EEE 2z = [2(0 20 ... 2(D] e RO v %
L35, STFT QUHIFAAD LS5 1ckEN 2.

Z = STFT,(z) € C*/ (2.3)

IZT, w=[w(l),w?), - ,w@)]" € RQIFSTFT THWAEREKTHD, Z 13 (ERH)
AT bar o LA WEN B REERBATIICH 5. ARZ 0546 Z D (i,5) HHOHE
AN 2.

< —2m(q —1)(¢ —
ZijZ;w(Q)z(j)(Q)exp{ 2mlg Fl)( 1)} (2.4)

IIT, 2; B ZOBHR, Fi3 |5 +1=1%ML388 (] 3RELE, i=1,2,--- 11
FEBE > DA Y F 72, GZEBEMNERLTVWS. 2O X512, REEROESE—ER
DRI AR T U C DFT 2175 Z & T, i & BB O 2 XouEZRITHIT D
BARYZ VBT THNZ TRTIENTES. £z, BEESUHCIISERRME RS DK
XZDAZHOFS 2BV, ZOHEF, BRARZ Mur I A Z OFERICEAL T
MEZE - ZARIBAR 2 bR 25 a |Z] e RS %, #rHlo 2 Feri o787 — 227 b
2z nlZ|? € R’zﬁ" ZUEONRE T 5. 2T, 1T7HNTHF 2HEMERL S KR v MMt
SRR I Z NP NERBOMIMER N ERBOEBRERT.

fle LT, Fig. 2.2(a) KU (b) KENZNEERESNVEFRESDAAT —ARZ ta s 7 L
7%, Fig 2.2(a) 2T (b) KB 3 EOZEE, BEISES LAY —2VhX L, #iae
EOIFERZVWI L ZRLTVS.
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Fig. 2.2. Power spectrograms of (a) music and (b) speech signals.

2.3 MFCC

MFCC [2] &, FERBER TRAINLEARPEREFOEHORNMETHS. &
BOADRFHMEZRERBOHH L TW2720, EEPERIXIEIL A KMINRWRHYERET
H5.

MFCC Z#HBT 28012, 3 X VERBUCOWTHIT 5. X VREEE X, 1000 Hz ©
FIE AT 2 B EREZ 1000 mel (A VEBPEHEER) LERL, ZhzHiiEr UTARM
DHIH T 2 BB R — Ot ST 72 RETH 5. flziE, AR 2000 mel @ X1
B OE % 11000 mel ® 2 fFOE X LHIET 225, ZAUIFEBEE LT 2000 Hz TiEk
{BEZ 3500 Hz BEL 725 Z e ISR T WS, I f Hz ¥ XOVEBE m mel OXIG



2.3 MFCC 9

Amplitude
o
ul

10.0 12.0 14.0 16.0 18.0 20.0 22.0

0.0 2.0 .
Frequency [kHz]
Fig. 2.3. Mel-filter bank (fmin = 0 Hz, fmax = 22050 Hz, K = 16)

BIfRiaRATER SN D [26].
m =11271n (1 + i) (2.5)

700
(2.6)

= 25951 1+ ——

DR OVEPEE FCTERBICEAROANY FRR T 4 L2 B EBE (K #) L7
DERAIVT 4 VRN LR, Fig. 23 122 K27 4 VEZ K = 16, FREAKRK
fmin = 0 Hz, RO ERRFEBEE fuax = 22050 Hz DBED ANV T 4 VZANY 7 ERLTWS.
STFT TR 5N 2 FIHXE DY —ZAR7 F L (X7 —ZRT bR 7T L |Z]|2 DEFIN
Z W)W LT, KEDXVT7 4 VW REZNZNEAALZ ETANLZARY MLEMINS
K XTtOBEMOREICEINS. T —ARTZ AT T L |Z|2 DETDFINT bR
VT 4 VBNY T HBBIABRANLARY MIVICEB L2 DE X VAR va 5 h P W

O, ZOEHEERRTRT.
(2.7)

P = MelFiltering(| Z| %) € RE*/

Z 2T, RBEEdmoot (BB V) I »6 K ITEMEIN TV RICFEET S
MFCC &, XAVARZ +aZ I 5 P OEFIRT bb (BXVARY ML) ICHEas A4 >~
ZH (discrete cosine transform: DCT) %#H L TH &1 2 ERE X EEDOFEBURBTH 5.
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i) -

Time Frequency

(a) (b)

Amplitude

Power
Power

Filter index Coefficient

(c) (d)

Fig. 2.4. (a) windowed short-time signal of piano B5 sound, (b) power spectrum, (c)
mel-frequency spectrum, and (d) MFCC.

MFCC % C ¥ Fill, ZoUHE2RXTHT.
C = DCT(P) € RE*/ (2.8)

Dl bEoZfuc X hFoins MFCC 1Z, BEPEROMELATRERIR D PR L 2S5t d
% K RICDORHMERY ML k3. EREXEES 25 MFCC 2 TOZEHO#E% Fig. 2.4
RS, SO DD 3 & 512, MFCC 138V — 27 MO EE%E R REL LR
BThD, HOCHTIHEREBMIMBELTOVS. X561, Figs. 2.5 KU 2.6 €7/ KU
FR—D LRAEED RV -7 bnrF 4 |Z|2 £ MFCC C 22 ZHURT. €7 /X
X —FEONRL D725 MFCC BAE L B30, BROBREIIGU 2 MFCC 0Z1{kidiF
YA HFEITHT 5 MFCC OZLIcoWTH, X MFCC (Figs. 2.5 MU 2.6 1235
I35 7 FTHORBE) FIERNMIEFLAL—ELRoTWVW5.
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U o

Frequer;cy [kHZ]
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Fig. 2.5. (a) power spectrogram of ascending notes played by piano sound, (b) MFCC,
and (c) normalized MFCC.
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Fig. 2.6. (a) power spectrogram of ascending notes played by guitar sound, (b) MFCC,
and (c) normalized MFCC.

2.4 MLP & DNN

DNN O£AFETH % MLP % DNN 1%, Fig. 27D &S5 C=a—F 1%y VT —2 %%
WKEREA Y N —Z7HETHRINTED, —a—S1%y N —ZORARNTH S [HE]
NEEY RS, £F, =2—5L%y b7 =22 MLP B DNN IZBWVWT YD & 5 kikE % 3
LTV R 0EHHT 5.

2=y b=, BT —EZBANT—RDEADT L IEEEHRTRET
X258 Fy NY—IHETHE. FTH, ANTFT—REMRT 2L OEZELETOH
NT—=RDOEZLFETDOVT VB D2 2HEE (dense layer) &Y, AREFXTHWTWL
% MLP % DNN X Z 0 &S &EEZ W THER L TW5. SfEaEOMIEIX Fig. 28 DXk 51
BoTBY, 2EAEOEHIT yp BARD LI CRT N TES.

N
Yp = ¢ (Z WnhTn + bh) (2.9)

n=1
2T, n=12- ,NBEANTF—ZXODEZEAS VTV, h=1,2,---  HIEHNIF—XDHE
FA VT IR, wop FEAMREERT. T/ 0 ZEHECBEREMIEHh, AT —2ofkfilz Y
DEIITHNTHME B2 0% RET 2%E 2D, ZAEROBICETHEEREZZX5%D
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; {1 Hidden i Hidden | Hidden i ;
i Inputlayer !\ Jayert I layer2 i layer3 ! iOutputlayer;

Input data Bias Activation function Output data

Fig. 2.8. Structure of fully connected layer.

DTHYH, Fig. 2.9 D X 512k & RIGHELBEEDER IO TV 3.

KX ((29) D=a—-Flxy b= 1 BEEARHML LTEZEICERZDD%EZ DNN &I
A, KHiITIE, Bl UTRAED 3 B THR X2 DNN ZE O 5. Fig 2.7 12n3 k51T,
T=EBEYNCANEINDEE ANE, A&7 —=apmEInTtw L EeRE (i
J8), REKMWICEIEHINZEEHIE R, 72, KFZETE, AHTHALLZEHE
JE%x W/ MLP 2 DNN &, FICRRYT—XDET U LICHVWSENS, —a2—F1b% v b
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Fig. 2.9. Popular activation functions used in DNN.

7—JWNT74— RNy 27%475 RNN 24 5. RNN IZOWTIERETHAT 5.

2.5 BEFOMULERR

AT D 5 B ICHD ORI EFOEROEMMZE L LT, DDSP [13], HIHM
X Y72 HED SRR E VAE [20], RO VAE ZHWZEH - BEEOTHRIOYHE
21, 22, 23] ® 3 FEEZMANT 2. WIhd, EEFBICESCAERETAVRZERHLZH LY
BEESOERGEZREL D TH L. SFEOMELHAL, AW TS RES
AT AT L ORLIHEPHER, HIOEWZOWTIANS.

2.5.1 DDSP

LU FETdH % DDSP IZOW TS 5. Fig. 2.10 1 DDSP O 2RO EX %2/~ 3.
DDSP Ti¥, ANWEINEFEESEH»S, &5 (Fig. 2.10 1281 % F0), &t (Fig. 2.12 1281
% 7)), kUOEE (Fig. 2.10 12813 % Loudness) @ 3 DDFEEL2 =y a— X THiE35. 2
D3 ODFRHEIRT a— R AT X, FHRNTHEEAD FO MU Z OEEBAE D BB & 7
B EEER (Fig. 2.10 12813 % Harmonic audio) % BREH3 2 28 (RREIEBOIRIEHE) &,
HEMHEICEEZ 52 % FIR 7 14 VX DIRERE (Fig. 2.10 1281 % Filtered noise DKL)
PHIT 5. 2D X512 U THERR X 4172 Harmonic audio ¥ Filtered noise Z & L, &IC
RBEZIE L THRERZMNEG L TAREEMIT 3. TRNTOEERER T X—&IX, HhOE
(B AN OEBEEHTHEIN BRI NS5 X5 kb5, DDSP ©
BREBuCIE, XA TEFEK XN S multi-scale spectral (MSS) B ADBHWSLNTWS.

Lass T (AF), AF)) = | AT — AD)||; + ||log AF) —log A || (2.10)



14 $28 BHREMKRUVEURE

—

Harmonic
audio

Filtered
Loudness noise

Fig. 2.10. DDSP autoencoder architecture. Red components are part of the neural net-
work architecture, green components are the latent representation, and yellow
components are deterministic synthesizers and effects. For the detailed expla-
nation of this figure, see [13].

Encoder

Fig. 2.11. Diagram of the Z-encoder. For the detailed explanation of this figure, see [13].

T, AP R AF) i3 zh 2 DDSP O AN RO 0 EEBESR2, F HSOBRET
STFT LTHELAZRIEARTZ va 256 TH5. £/, ||| ETFIXIERZ FULISHT 3
Ly 7 v i, ATBIER Y PSS 2 0B ER B O e KT,

DDSP i2BWT, ANOEEES»LEE (FO) 2y 32> a3—412i%, CREPE [27]
CIEIN BRI DBEAAA =2 — Tty bV = IR KHESRPHVLR TS, %
7=, B (2) BHHT 2Ty a—&1%, Fig 211105 T X512 MFCC 2 AN 553y
N7 =T F e BHVLRTWS. BARNIZIE, MFCC 2R L, FEAIRERIEMR
{LiRE o IEHLIE, GRU, RUEMEARE 18 (Fig. 2.11 12817 % Dense) %2@EL, I
M7V —2@D 16 XTOBEERME Z Z2HdALTWS. ®ERIZ, ANoBFEBES»roEE
(Loudness) ZHiid 2 > a—&2id, RENZR CEEFRER (T X — X D) flitiEfs
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Decoder

FO

Harmonic
audio

Filtered
noise

Loudnes%—

Fig. 2.12. Diagram of the decoder for the harmonic synthesizer and the filtered noise

synthesizer. For the detailed explanation of this figure, see [13].

MLP

Fig. 2.13. MLP in the decoder of DDSP [13].

LT, ARt N 2 NHOBER 2 Z B L BBERETEAT I SN/ T — AR T
NDIEIL > T= XD S DI EL 28] VLR TV S.

DDSP iZBWT, =y a—XTHHIN&FR#HED S, Harmonic audio & F Filtered
noise ZBRENT 2 A &2 H25MEICIX, Fig. 212 IRT 7 —F 7 7 F v 2o Fa—XHhHL
5NTWB. %7, Fig. 2.12 D MLP 13 Fig. 2.13 DHR L 7> T\ 5.

DDSP 2R EEK S X7 2 DHLUS, FEoEW, RCHNEZZ DS, HEESX, AN
DEBEEILEMR, &6, ROEEZVI 3OORMEICHLCya—& - Fa—&%i#
LTHEEESEERLTVWAEHETHS. —/HT, DDSP X7 a—&X 2@ L THELNE T X —
& 75 Harmonic audio Mz OF Filtered noise ZEEILTE D, ZIUIANDEE(EE % 1EKIK
¥ AXTATIZERLTWS Z ST 5. 0 &5 REEES OGRS LB
BEESOERDARETH 2 KM, ENIZTIANTXA—XEELIHELTS, FEHEICY 7R
HREOHHRLIZHL L, ATNRTEEELIrERTERVT XY v M2H 5. BEEE
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Fig. 2.14. Concept of regularizing VAE with perceptual metrics. Latent spaces and vari-
ables in VAE are forced to be matched to the perceptual timbre spaces struc-
tured by perceptual ratings. For the details of this figure, see [20].

RS AT LIE, Ta—KhoEFRIEARY ba S s 2T 2HIELTED, RE
BEBEHTEZ%51EDDSP kD b HHENE BALREEEEDERTE L EZLN5.
%7, DDSP t #BREBEAM S X7 2IFHW S R 5. DDSP BANEFEESOGMHE (>
I AY—) 2R T 2 EHENTHY, MRNICHEOEIRENICHT 2 Z LIIATRETH 2
B, BOEHBPEHNTIEZW. MFCC 3 GRU HFTIERFICERINTWE 0, H
WSS 2 EBIERBEOHRIEFEIHEH L W EXONS. BEFERS AT 41X, VAE 125K
FLOEGOEREENE LTEY, LD 2EEHE L EBEEMcEOLHIET 2 2
YHTES.

252 HMEMIA MU I RIZEDERILAGE VAE

VAE 13538 7 — 2B O HE 2 RXTT O ZRITIER I ICHE S FifE & U CRE 22 I
DAL ZENTE S, ZOBRBTEZEMIZZRITIERTMINES 225, Fig. 1.1IRT LI
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—E DFFRREREIL D & DT — RAELDARET H 253, BEZZMII IR SO HIH N 72 i v
FEOVTOVRVWEWS BN D Z. ZOMEZERT 27-010, BEREOEREENE L
T, AR Y 27 2cE D FANER & VAE MR X ATV 3 [20]. Fig. 2.1412, ZoOF
FEOMENZRLTW5. Fig. 2.14 O _EITRS Perceptual ratings (3, @R DHIFE [29, 30]
TEHINERTOBFOIIETIHEX NV 7 A THS. L, BROIEREHOE B
Bl MEEBENICL—T 4 Y LERBEROTF—2ThH 3. ZOHENX N7 2%, 2E
BT FED 1 DTH 2Lt REMETE (multi-dimensional scaling) TIERRITZZ R E
THIET, AIRHX MY 7 AT EHZERM T ZHELTWs. 5, BERESDAR
7 bk AT F 5 VAE IZBWT, BEZEM O MMEE e & G2 T oS L S
% &5, VAE 0¥ CEANIE (Fig. 2.14 D Ry (2, 7)) 5L TVW3. 2O LS RIE
At ZEA T % Z 2T, VAE OBEZEBAHENRX U 7 2 e i) sh BTyl s h,
B W HIEMERCEL BT WO WAERET VRG22 TES. 207
B, il 21X VAE OBTEZER L THEEERE OMHBEZ BN T2 2 2%, H 220 5 RlDAEHA
RN EBES I T e REVERTE, 1 ETHBRNLAR/LOEWDERTE S
ATREED D 5.

HHEP A Y 7 2128 0 L EHHLR & VAE RREER S 27 2 0L, FEOEL,
NUBWZ o 2. FEUSE, VAE OFBERMZHOEMGEO, BE2MEciliir
B Z ThkA R BIREDEREFREL 522 TH 5. LrLEMES, ik [20] OFERIEFEHW
RECOREEZFEOHIHEX MY 7 2HSWTEY, +ORFEBFHET — X ZINET 3R b
BIERICKEL BB WO RSN D 2. 512, FHNREOORERIEAZEEZZLEAT
W37, EMEREOEMIMBRTERVATREED H 5. BEEERS R T AFREN RS 60
DODRETH 2 MFCC ZHWTWa 7o, INEaX MIEL, HAEICKE T —XOMEDF
ALBRVEWVWSHRED D 5. WFEOHIELLTHD, wihd VAE %W T2
RS EGEMEEET 2 22T, EECERBEOFHOER) 2V lEE TIEE
RCEFLRVEHEGESOEREFEBTLILTHS.

253 VAEZRWE8& - BEROSHRROFEE

AKX OHMWICAER L 7BHEFEL LT, VAE ZHOWTEOA L EES TS - KRB
(timbre-pitch-disentangled representations) D¥EEDI BRI NTWS 21, 22, 23]. Th
LOFETIIVITND, Fig. 215 1R T K512, HEREOE ML HEH oS N BTE2E MK
CERET AR FETZ2ILZHNE LTVS. 2O XS BRERETILOEEICEWT VAE
VS 2T, SOOBEERKGESOBEZMZHIICESTE, 1 ETHBRIEARY
DHIIZEBRULETVEMETZ IS D 2. SIS ER EROBIEELBIET
A-—XDANTHESH, EREESVHMEREIN AT 5.

FEOFEEIABLOENE BB LET AR T Z0ELH 2. £z, ZThoDE
TLUEHWEZ T, fIZR TEEOEEEOFTHOEOZRFOTEEES) 2ERT 22
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Pitch space
E4 .
)
. R
® B4
Pitch )
encoder
C4
%o
[ ) G4
Decoder ——
AA A Violin AA
Target wave A A Reconstructed wave
Piano A
Timbre
encoder
Guitar Horn

Timbre space
Fig. 2.15. VAE for learning disentangled pitch and timbre representations of music in-
strument sounds. For the details of this figure, see [23].

AIREEEZ NS, L LS, BiROWThOFIETH, DDSP THWHAF 7 KA X
(R R FEZ) WO RBEBEIHINTES T, 7Y FxARET 2 FHMERE Ay
BREOWT N XIIH A OBEEMICH LADONTWE EEZIOLND. BRIREDTS 3E
RIEMQ - EE- BRTHL7-0, RENLREEZMOAEO TZ0XHEES LI 2 WO
HICH 2 2B TERVARENDH 5. AL TIEZOEWCEREYST, SO ER
DO T 7 FAZABMKLUZAERET L E LT, 1 BTHHLERREEERS X7 L DHHEE
HfsLTW53.

26 XEBEOFr®

ARETIE, 1 BETHALLRBRELERS AT LB W TRE Y 72 2 HEEE & SRR & LR >
AT L MU OWTHA L. 2.2 fiTlE, BEEEUHE L HVWSNS STFT
WOWTHA L. 2.3 #iTl, R TEHEL &2 HOREED MFCC IZOWTHHL 7.
2.4 fiTlX, &DIEARMNL DNN TH % MLP & DNN IZOWTHEHL 7. 2.5 HiTlk, 28>
2T PZHEM L7252 LT DDSP, HIEX b 7 2i2& o  IERLft & VAE, & VAE
WS - TEODHRBFOEHITOVTRNL, BEFERS AT 4 0N, H#E
M, ROCHMWIZOWTHARTz, RETIIREEFER S X7 4 OFFHM & BRI OWTHAL,
Z ORED RS FICONTHIAT 3.
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E3E

REF

3.1 FRHE

AETIE, 1 ZBTHALLEEEER S X7 AW TOFMEHAL, KHC T Hir
NEMETH 2 HEE, B, ROFTED 3 OORME,I LIREZARZ b urs a2 TS5
FIZOWTHAT 5. 3.2 8T, BEFERS AT 2 OFMARNEORAUCOWTHHT 3.
33T, IBEEEMS AT LOMBERZ BN, ZOMEZERT 2 HHEITOWTHHAT 5.
34 fiTlE, &, B, RUOEED 3 OORHEEDL OIRIERAXRS ba s Z A0 FHRNCHW S
DNN E7 1L T3 %, MLP % DNN, BiLSTM # DNN, & BiGRU % DNN (22w T#iHH
T3, 35 HITAERZLD 3.

32 IRETERYXTLEEDRA

BRI ZA7 20 XD MR E2ERE Fig.3.1 1IRT. AHTR, ZOXKDOER»SERET
ECFEZ RS 5. 45, A1 k2 HE8ES ORI (Fig. 3.1 1281 % Original wave)
Zx=[x(1),22), -, 20T eRE v EHETZ. ZORBESORIFBRARY bu 2T 2EXXT
B"mons.

X = [STFT,(z)| € RL§’ (3.1)

CORBARZ ta o6 X Z2xra—XIZANL, H&E, MFCC, NU'7Y RARAD 3D
T 5. AGX T, BEEEANSNLEEEESICCLARE FDOIRLELTHEZLN
TV RRZRREL, Tra—LTEHESZMET 2BRITEMRL TS, ’RIICIX, DDSP
DESCEBESPOEBEMET 2 TReMHAGDOEL L 2BEL TV 5.

R, 79 FAR&DDSP &b b izt ike LT, XA THET 2.

I
v = Zl’ij (32)
1=1

TIT, xy BIREARZ vurJn X oBEEEZERT. K (3.2) 1, RIEAXZ brsJ A
| X| DEFNIRT D Ly 7 VLSS S, ZOLSRLTHEGNLT Y FrRIE, 2FFH
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L= AL TEEDRY bL v = [v,v,--- 05T € RE, LERT 2. ®iRiC, HE
FETH 5 MFCC 13 2.3 Hi TR AETEHET 2. HL, ANORFEART varJn
X 2HERICKIFLEZVSDICE#RT 2729, MFCC OFIHEOFNC X 2 XN TIEHRLL, 1E
BULBROIRIBA R brs s X e R ICA#H:T 5.
Ty =2 (3.3)
J
ZZT, Ty FIEBLRORIBARY bu o6 X OBFETH 5. it-T, IEFLZROIRIER
RZbuZI6 X 5 23HDHETMFCC C e REX 2183, 22T, K1Z23HoDE
FLHEL L MFCC DXITEL (AT 4 NEBNY T DT 4 VEE) TH3.
IYa—&RiZk->TER, MFCC, RU'7 v K xR &Hit L7z#&1E, MFCC &% VAE 12
ANI$%. ZOVAE 12, RdEARNLHE (N=F VAE) ZHW\3. =5 VAE 04K
EFNLOMEN% Fig. 3.2 1RY. %7, Fidld Fig. 3.2 Z W A"=5 VAE O KX h7%H
HZERT. &b BEAWRERERFEEARCE LTI [19) 22 xhkwv. 7, BIEL
¥ z € RP OFHERID po(z) %R AXMHZXIC Gauss 7 1f
z ~ py(z) (3.4)
=N(0,1)

CARET S, 22T, DFBEEROXTTTHY, 0< D < KJ Zifilz3. £, N(p,X)
S p e RP RO BEEDEATHI B € RP*P 202 00T Gauss 2011, 0 MU Ti3Zh
ZAGEY) Y A X0 axy FVRCBEMTIIZRT. N=F VAE Tl&, ZOHEFIDMRE
DFT, AN LTEHEZ oM MFCC C 25, z DEBE®RD M q4(2|C) (VAEDx > a—
) RUREBEE po(Clz) (VAE 7 a—X) 2Z0 TREKXLICESZ¥YETZ. 2ok
X, IV a—ZROTa-RZENZENTRRODHERET 5.

96(2|C) = N (1 (C), diag(a3(C))) (3.6)
po(Clz) = N(po(z), diag(o(2))) (3.7)

2 ZT, diag(-) BANNRZ PR MERICROMNMITIIZ RS, EBRICZ, Zhoonfi
PHDY Y FY Y ZE Fig. 3.2 18T X5 MLP B#IDNN 12k 24— by a— X THEEX
N30, VAEIZA -ty a—xRZ5H# (auto-encoding variational Bayes) & FHE
L5 [18]. fHL, Fig. 3.2 H1d Reparameterization trick &, BIELE z D q4(2z|C) »HD
B2 TR AR HEEBIBUCE 2 2T H 2 [19]. ThUd VAE 2R ERE
WEIEAREE T 27D B k5. ZD X5 RENMLTHEZ NS VAE X, MFCC 24
3% z OEEZER % ZRIT Gauss BHIRED FTHETE 5. FHEIX, BELH 2z &il
BE»PLH5Z5Z0T, 1BETRLEIIBRFHILVWT—XE24ENKTE %, Blb, Fig 3.2 08
BIRFEEAD VAE roFiLnEfs (MFCC) 24T 2 I ehATES.

B2, &, VAE 2o &k MFCC C, RUSY FAZD 3 O0RMER 7 a—X
WKANL, RIFRARZ bar5a X 2ERT2. ZOFa—XHKHITMO RS FETH
D, REITZOFFMZARNRS.
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Detailed process flow of the proposed sound generation system. The system

consists of inner VAE and outer encoder-decoder. The outer encoder extracts

pitch, MFCC, and loudness from an input amplitude spectrogram, Then, MFCC
to the inner VAE. The generated MFCC obtained from the inner VAE is input to
the outer decoder with the extracted pitch and loudness. Finally, the amplitude

spectrogram is reconstructed from the outer decoder.

Vectorize

Encoder (MLP)

u(C)

Decoder (MLP)

z ~ qy(2|C)

Matrixize

Generated MFCC

Fig. 3.2. Architecture of vanilla VAE for inferencing a generative model of MFCCs.

MUEDPREBEERS AT LD

T H 5. FEERHE Fig. 3.1 WRT AN S (Original

wave £ Generated wave) BDER IV 2L 122 K5I VAE kT a—X e FrnFhEE 3§

5.

BESEERTELXS1TRD eI NS.

2E%IZ, Fig 1.3 1R T X518, LS SIER L ZIBHEER 2z 2 68 L WIS 0
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Fig. 3.3. Training process flow of the proposed DNN-based timbre decoder.

3.3 AN TS ME

RIEI TRz X 512, Fig. 3.1 OREZEEHEEK S X T L TlX, &, VAE » AR I N7
MFCC, U5V 22D 3 DOFRHED GIRIBARY ba 7 I AZ2ENT20END 5.
L2 LAEMES, MFCC BEBDOAZERTEMTREALZFHEMETHI 2D, B,
MFCC, RU'7 Y F1rAD 3 DDRHED O ETINCIRIEA R ba 7 I a%kRkD 5 2 2k
TERWV. 15T, 3O0RHED LIRIBARS bu 27T 2% TFHIT 210 5 2 DIERE 7% 2
7T a—RIZHWLZRENET 3.

AL TIE, AROMEERIROES 2 2 FHWE L, Fig. 3.1 IORTIREEELS R T A
RIS Z FOREARARI T a— &% DNN TEET 2 HECOWTERBRIICHETT 5. &
bhb, B, MFCC, MU' Y F32RAD 3 DORMED SLIRIERARY b1 2T ArEisEC
T3 % DNN O3 % HIEST. ZORMXTHRD S EHN% Fig. 3.3 1R T. B, K
X THD/S 7a—XEMFCC kU7 Y R RA%2 A1 325 DNN ZEHELTWS. &E
DRHRIZEERIITH 2 225, DNNOANIZERZZDTIERL, FEEHEHICEE L
DNN Z3ERT 272DICHWS. bbb, TOH¥EINLEEKED DNN 2EHHEL,
WINDD DNN A NOEEIC L DEREN S, 20X 5K A2 S 22T, DNN IZHE
DL Fa—KiFEECT 2PULERE R IR T 2 0B R D, XD EHEERRIERARS +
077 ADTHINAIREICR S EEZbNS. K&, 7a—X2 LTHWS DNN &, MLP
% DNN, BiLSTM %! DNN, & BiGRU % DNN o 3 %% AL TIEE D %S .
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3.4 DNNICED<KFI—4

AEITIE, R TEBEIVICHE T 2 DNN 12HEOL Fa—XoiElicow TR g, 3.2
fif O 3.3 HiTHAL@D, ZDFa—KiE VAE TAEKE 7 MFCC C MU T Y K32
vEANEL, ZDE57% MFCC & 57 KA R2HEORERARZ bursn X 27T %
DNNTH3. Zor %, TEIIAHNEHICEME LTHELTHED, SE0EEOKZ
W DNN 2% 3232 2ELTWS (A5, C3 HEHAD DNN Fa—X% E4 5HHD
DNN 7Fa—ZExHl 2 1¥E L THET %). £/, RROERELEMS AT L TIE VAE T
ERE N MFCC C 2 AMNCHW 223, AEBRTIERNZHAE L LT, ANOFEESH
HEtREEIN S MFCC C Z203d D% DNN 7a—X D AIZHV, AJOBFEES OHRIER R
RS L0X ZDHDE TNV LTHET L. ZOFHEIE, VAE TIEEICERMER
(2D MFCC Z2Fio BB ESVHERIFET 2 L 57%) MFCC 4RI N2 Z e Z2REL T
WEZ YT 3.

DNN Fa—XD7 —% 727 F % IZOWTIZ, 3.4.13EH»5 3.4.3HTHRRZED, MLP &,
BiLSTM #, KX BiGRU o 3 f@HZ AV, YO7—F 727 F ¥ BEkEE ICIRIER <7 b
0776 X EFHTEZ2HFAETS. 2B, ThETOE - FHIBWTA XY v 7IKTER
LT ERBEBOTF L, AEHITO DNN OFHICHW 2 EZER O F1ER - BFE$T2 2
R B 720, REIOHIHICR > TERT2EMEn—< ok Bl x, y, p%) TER
LT 5.

3.41 MLP & DNN

Fa—xr LTHRHEERZ DNN TH 2 MLP 2 WV 2552V THT 5. MLP ©
ANBIZE 25 AT vov, HHE» BB 6hEHNNRT ML, ROHSIRZ MLOIEfFEY
RBZNRAURZ MV EZFRER X, y, MO p EEXETS. THETIHALZED, DNN
7aA—=XIEMFCC & 7Y FARX%ZANFHEL 3575, MFCC C % 1 XTIl (X2
FUE) L, 7 FRARZ v v o BFA LR KJ +J RIEDRZ "B ASIRZ bLx &
T5. O E, MFCC C BANOEEBESH»S 23 HOFETERRE LD DEHWS.
F/2T7URZ ML pliE, ANMOBEEE» LEHFEINZRIFEARZ bunr7 6 X 2N
7 ML TR SN [J RTTDORZ ML $ 5. 5T, IJRTONRT bLTHBHIN
7 bvy %, IxJXTOTINCER ((T51Hk) $2 28T, THRRORIEARY v a5
LEB/BZENTES.

MLP o%3E2iE, KR 3 MSE & MSS RO wThr 2 Hv 5.

Luse(y,p) = |ly — pl3 (3.8)
Luss(y,p) = [ly — pll1 + || logy — log p|[1 (3.9)

ZZT, |2 THID Ly /A6 THB. MLP O¥ETE, ZOHEKBEBOMEI/NEL 723
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Fig. 3.4. Architecture of MLP used as the DNN decoder.

£9, BREMEBICL o TR T A& (EAREKROIANAL 7R) ZR#ELT 5.

Fig. 3.4 ARG THW/: MLP ofE 2 R~s. ANE, BOUE 48, OB NIEDE 6 &
5725 2HER DNN 2725 T%. DNN ¥R OAMHAMEZ HET 5 72012, &fEh
J& D IEFREEI RN Z rectified linear unit (ReLU) Z{FEHLTWA. 2z kb, HIRZ
PO EOEREPROZ e EFEINS. £, FEAEOIITTEIZA SN & IEF I
1024, 512, 512, K{F 52275 LRELTWV5.

3.4.2 BILSTM & DNN

Fa—&¥ L TR RNN (bidirectional RNN: BiRNN) O»—f T4 % BiLSTM % H
WA AIWOWTHAT 3. BiRNN X, MFCC A7t 25 A%D k5 ICHEME WS
YHEEOXTTER O AT LT, RS MOFEIREEZER L2850 E% DNN Th 5.
BiRNN Of#iE% Fig. 3.5 123, @HED RNN 238D, #@ED S KRR ORKD) HilnE
DMFTAT 220D RNN Z5i# L, ZRZIOMREMELb0Z2H I §2HELR T
5. ZORK, #ENSAKRDAN (M, IEAFEIER) 0% RNN o2 A2 o Eic
n{forvard) pforward) - plforward) = seseon e @k oA (M, WAL IER) 0% RNN
D & KK S hiPackvard) pPackvard) - p(backward) b 57z, EEOD
RNN IZBIFB3ERANTHOD XS5 A 54 D AINEHIE L TWiRn, B ORTE 3
D MFCC RUT Y7 FXRAD Ny F AR LTIE, MLP &b 3 DRnwR5 X —X Tk
KEN2HOZ e I TE 3.

BiRNN O A My, i1, ROEIN\LvEzZznzn X, Y, NP EFRT L. ZHo3FHEE
WHORTEE DD, PR 2D T—X b, KX IZBWTIX, MFCC & 7 v
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Fig. 3.5. Architecture of BiRNN used as the DNN decoder.

FRRZRD IS IHELTATIZ AT X L EERT 5.
X = [UC;] e RIEFDxJ (3.10)

7z, HAHY ROV PIRIRIEARZ a7 I 02050 THD, Wihd I x J DIEH
150 725,

BiLSTM %, BiRNN IZ81F 2 HJ5MD RNN 12 LSTM 2= v b [24] Z HViiiE 2o
DNN TH»%. LSTM 2=y F ®WE % Fig. 3.6 I&R"3. 2T, LSTM 2=y FAD AN
RUotihzzhzeh X e RP* RO H e RPX v EHL, AL jIcB I3 R2 b
N ZhZhx; RO h; LERLTWS. £/, DRED F3zhzeh 2O LSTM 2=y +
WA ENRETO X ORBMEOIITTE M Z D LSTM 2=y 2o S 3KHETD
H ORHEDOXRITTHTH 5. Fig. 3.6 DEFEBOFTEIIRNA L 3.

f; = o(W'%; + R'h;_; + bf) (3.11)
i, = c(W'%; + R'h;_; + b') (3.12)
¢; = tanh(W°%; + R%h;_; + b®) (3.13)
cij=fjocj_1+1i;0¢; (3.14)
0; = o(W°%; + R°h;_; + b°) (3.15)
h; = o, o tanh(c;) (3.16)

TIT, o) BRZ PUSHT B2 7 EA FEIE, W, Wi We, RO We i3I j o8
B AT PV X; IS 2 BEAREITYI, RE, R, RE, RO R &, R j— 118 5H
HIXZ bov hjog xtd 2 EAREATY, bf, b, b®, KU b &, ThzhoRBUHTT 2
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Fig. 3.6. Structure of LSTM unit.
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HRZ Mg, KUK j — 1 1CBIBHANZ b hj 26 EOBEREZRFET 2 00ET
BZRZ IAVTHS. o ZHNF—F e MZh, B jIcBI2HINZ ML h; 2R B720
DRYZ MV THB. wHT =+ £ RKOANT — i ZHWT, R j 2B 2 BRIWECE c; 23
Johsd. ZHERIESFAKRCHHTITS 28 TRRFIT—2 e LTEET 5. FaddlENm
OHBETHY, WHEOHE, W j o512 BYRIEAY ML ¢ RUEHIFENZ bL
i, B G+ 1B 2 BYRIER Y ML ¢y ROEHEIENZ ML hy 2FVTRD 3.
BiLSTM (& BiGRU) ZZE{t LG aoMiE%, Fig. 3.71Cnd. HL, flifEo/o
2 Fig. 35 DH2M 7L — L4 jITNFT 2 AN M N ETOHARKEZRLTWS. KX
T, Fig. 3.710RT k51, B j icBI2 AN X, 5420 LSTM 2=v F2EL T,
h; 215 2. TR, BILSTM TRIEAFDHA~Z b b Lo i~
7 P PR g En, 2 OBRBOMENR S 2Ny FVERRE jICBT B R
FLh; & LTHRS. %8, Fig. 3.7 O LSTM 2=v FOHHRT b OBERBIILT [ b #&
ELTWS.
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Fig. 3.7. Data flow in the multi-layer BIRNN at time frame j.

3.4.3 BIiGRU & DNN

7a—&Z¥¢ LTBIRNN O—fT» % BiGRU ZHW2HEICOWTHAT 5. AT, 77,
MNOZ~id 3.4.2 IHTIRARZ BILSTM O%5& LAk TH 5. BiGRU 1, BIRNN 2B 2%
MFATO RNN 12 GRU[25] ZHW=MiE 2 Fi> DNN TH 5. GRU O % Fig. 3.8 1T/~
¥. 22T, GRUNDANKRUH A ZEZHER LSTM LAk X € RP* R H e RP %/
LEFEL, TNHOR jICBFANRY MR EAERX; KU h; LEFELTWS. %72, D
KO D ixzhzhZd GRU IKAHENZRERTO X OFMEDO I KR I Z D GRU » 5
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Fig. 3.8. Structure of GRU.

HAOXNERRTO H OREED R TH 5. Fig. 3.8 DEEHOFHE IR k3.

r; = o(W*x; + R*h;_; 4 b¥) (3.17)
h; = tanh(WP"x; + RP(r; o h;_;) + bP) (3.18)
z; = 0(W?x; + R*h;_; + b*) (3.19)
h; = (1 —2;)ohj_; +2z;0h; (3.20)

ZIT, W2 W, R WP j 1B B ASIRY P L X, ISHT B EARLTS, R,
R*, RO RP I, Bl j — 1 2B 3R by o0t 3 BARKITS, b%, br, &
U bPiE, ZRZNOMBEICHT 2L 7 ARY PR ZNEIET. r; 3V kv FP— b
IR, B — LICBI 2R L hj DO OBEZBEZRIFT I20RET ZT b v
TH5. z; ZEHF— P eREh, Kl jCBIR2ANRY ML X, 5o Y OEREHEET 2
PRETHRZ MATHE. Vv b=k r; ROEHHF— b z; ZHVT, HARZ b
h; 218%. ZHERIEAFKRCHHFTTS 2 8 TRRIIT -2 LT¥E T 5. BILSTM T
DA ARk, FELEIESHOEETH D, #hMDEGE, K jICHT 2 RIFGZERS b
ARG ARZ Povhy i, R+ 11280 2 RIEERZ P hj g ZHWTKRD 3.

2@t L7=54&0 BiGRU OffiEid BILSTM AU KL Fig. 3.7 D X5 1XHbbInd. &
GRU O~ FLOEEMS, BILSTM O & FBICET I XITEREL TS,
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RETE, | BECHMEOHNAZIT o LIBRE LM AT L Ot liZRHHY, IRREERS R
FLADME R % BT, MIRTIEDOIRER{To7. 32T, BEFLERS ATy a—
XTI B, B, ROEEOMEAIEODAE e HECRRE oSGt cHAVW2 VAE ©
BRI OVWTHHA L. 3.3 HiTiE, EFEN AT LOMETHZER, &6, X
UERD 3 DOOEERMED SIRBARZ /7 AR TERVBEEICOVWTERL,
RS % 71k e UCIRRIE R 24237 2 5 MLP % DNN, BiLSTM % DNN, KU BiGRU
B DNN ZH W7 a—XOERERE L. 34 8Tk, Fa—&e LTHWS MLP %!
DNN, BiLSTM %! DNN, K BiGRU # DNN (2 2OW T DM ZITW, AR TIT 5 EBR
THOWEOHKEGH L. RETIX, 3.4 fHTHHALZE DNN OKEHWT, &5,
H, RUOBED 3 OOEERMED SIRIEARY v u 277 40FHT 25 DNN 248 L, 7
R b7 =2t S 2 PRI OFHE 217 5 .
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AETIE, 3ETHPULLREREERS R 7 L DORRTREMBETH 5 DNN 12EOL 7
O — X OEBROZEME OEERICOWTHIHT 2. 4.2 HiTI1E, DNN O3B 2 38835 57 —
ZROEEBOZEMEEHHAT 2. 4.3 HiTlX, 3.4 HikO 4.2 HiCHH L 72 HZBREMICH O %,
% DNN 2 L TEBREZITV, 7R M7 —RENT RIBARZ b w25 A0 FHIRERER
T, 44 8T, PRSHLIREARY baZs a0 MFCC OMME%E%EZHAWT, % DNN
O TR O B 21T 5. 4.5 8T, AROFLDETS.

42 RERZFH

AREFRTHW 2 BB HE5121E, musical instrument digital interface (MIDI) #JRD
Roland SVC IC&EN2%MED 55, Table 4.1 IRTET / 4 ER VX X — 4 fEEHO

Table 4.1. Instrument type and name of MIDI signals used in this experiment

Instrument type Instrument name

Piano Pianol
Piano Piano2
Piano Piano3
Piano Honky-tonk
Guitar Nylon-str.Gt
Guitar Steel-str.Gt
Guitar Jazz Gt

Guitar Muted GT
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Table 4.2. Experimental conditions used in STFT and MFCC calculations

Window length in STFT 23.2 ms
Shift length in STFT 11.6 ms
Window function in STFT Hann window

Maximum frequency of mel-filter bank 22.05 kHz

Minimum frequency of mel-filter bank 0.00 kHz

Number of mel-filters (K) 64
0.010
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Fig. 4.1. Relationship between the learning rate and the number of epochs.

B S EEHOREME R AW, 2o MIDI & 8 i MIDI &F 8 B zh 2zt LT
4TEEDOA a7 AP THEOAZEM IS LT - X2 MAEL TEEITY Y/ 20 BENTF X — 20
MDA 40 HEORBREES AR L. 1254 FofEE LT, BEREMAL -
D, BEAKEEBRFALLEDD, a—FRE»PFLdD, REYAN=T EBE) 23200
ARETHS. a7 4P EDHLETHEBET —XEEPTILPENTH 2720, E2ICHE
EPET2EEL Lz, HELL 40 EHEOFRON, ¥7 /7 18 EEK VX X — 18 D
il 36 ¥ ZEE 7 — & £ L T4 DNN ofaifticlwk. Bbovry 2 BEKRIXF & — 2
O A BEEMGET — & 2 LTHV:., BENRIHEEME T — %27 A 7 =22 LT
REALTITo7%. HRIZC3 25 B £TD36H 3 A4A27%—7) % MIDI HEiE» S/ERK L
Jo3, RFLTIZ C4E, B4 E, G4 &, RUCH BOFH 4 FHEOEICOWTOAMER LT
%. MIDI HE2 AER LB EY > 7V > RS 44.1 kHz TH D, 7> K% 120 bpm
WRELEBED 4 0BT 1 OTHR IR 1.18 s OREOHFEESTH 2. kb, HEEE
BICHEA T % STFT U MFCC NDOZEHUZ W25 % Table 4.2 IR

% DNN OB &% 35 2. % DNN IZBWT, #HE%IZ MSE 10 2 & XX MSS v 2
D2 BEEHW. £z, FEOT Ry ZEIIETD DNN IZEWT 50000 [EHFEE L 7-.
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X BIZ, FHRIYWEE 0.01 LFEL, Fig 4.1 1RT & 512Ky 7 25 50000 [ET 0
ERBEICHERAT V2=V Y I EFRE L. KRXDERTIE, @FFE 29I,
MLP %! DNN (% 10000 [@, BiLSTM %! DNN K ¢f BiGRU # DNN (& 1000 [H%# % T, #
FE T — 2R 2 ERE DR D S R W E IR D IR U EHEAY 50000 ENCEE ST ZH1TH
R ERIET X872, X5, FHPIHEE T — X & W TR 2 MEEERES RN 7o 7z
BXD DNN DR T X — R EHRHLTEE, X5INSWREERZZ IRk LZRICOA ZNEE
L7z, 8o T, ¥EKRTRICROMEFAZED/INE Do 72 DNN D87 X — R EARIF L 72,

43 SREFER

AREITIE, 3.4 HITHIHL 724 DNN O K 4.2 BiCHH L7 7 — X M OB EHO &M
WHDOWFHEBROMERE MLP &, BILSTM &, &U BiGRU % zh 2t 4.3.1 HH» 5 4.3.3
HIZRL, ZRZPNEBNCIHEZITS. 4.2 HiTHBRA@ED, KGR TIZ C43E, F4 5, G4
B, MO CHBEDEH 4 BEOEFIIH L TEBREITo70, AHITIEGLBEDT AT —RICE
N7/ 1 EERCF X — 1 BEOG 2 MEOADFHREREZRT. Z DMK FIEAT
% AR

43.1 MLP & DNN

Fig. 4.2(a) X (b) 1%, €7/ ® G4 &% MSE v 2 T¥¥ L7 MLP # DNN O AJj & F
HFSRDO AT —ZART b0 77 L2 EZNEIURLTWS. F7z, Fig 4.3(a) KU (b) &, ©7
J D G4 &% MSS v A TR Lz MLP 2 DNN O AN & FRIERD Y — 27 v u 7o
LEZNZIURLTWS. [ARRIC, Figs. 4.4 KU 4.5121F, ZNZNFRX—D G4 EDAN &
FHEERD T — 2> b s 5 L%, MSE 2 2 &0 MSS o 20 MLP & DNN o zh2h
TRLTWVS.

F9, E7/0EENRE LTWS Figs. 4.2 RO 4.3 2835, MSE R R TIEE¥7 /
HOROHFPMEDBHAD X572 OB —FICHEE S N5, EMLRTHIEELTETVR
W e ah 5. 72, MSS B 2D FHFERICOWTIX, MSE n ZD5E XD b X HIHEE
DIENFHE RoTWS. FEEDHYE (0.5 s DIF) 1237 —DKEVETDWL DDER
XNBH, FAEEIHEETETE 5T, MLP & DNN TORIERRZ v 275 40T
IEHCHHETHZ e 0 h 5.

R, FR—DEEMNRE LT3 Figs. 4.4 RO 4.5 2T 3 &, SHEERIRIFERARZ b
0277 ADFREINELITZATOWRNWI Ebh 5. MSS e RO FHIFERTIE, E7 /7 0ED
LA L ARICEESD®RE (0.5 s IR IV —DREVEDBHA SN EH, FLDIR
BARZ v aZs s drd#inzd0r2>TEH, MLP & DNN TOFHIlZNEETH 3.
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Fig. 4.2. The power spectrograms of (a) the input piano G4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSE loss function.
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Fig. 4.3. The power spectrograms of (a) the input piano G4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSS loss function.

4.3.2 BiLSTM & DNN

Fig. 4.6(a) 2T (b) 1%, 7/ ® G4 %% MSE 1 2 T%% L7z BILSTM % DNN D A /)
EFUFRRDAT =27 v 077 L2 ZRZEIURLTWS. %7, Fig. 4.7(a) KT (b) 13,
Y7/ ® G4 5% MSS 10 2 THE L7z BiLSTM % DNN O A & FHIFERD AT — 227
ra o aEZENFIURLTWS. FRRIC, Figs. 4.8 U 4.9 121X, Zhzhx¥Xx—n G4
FEDOAN e FHRERDO AR —2R7 va 5 4%, MSE v 2 &0 MSS 2 2 BIiLSTM
DNN O N2 TRLTWVW3.

5, U7/ D0EEMNRE LTW3 Figs. 4.6 KU 4.7 2T 32, ¥7/ F0HoOM
TSR Z ORI ENR Lo D2 BREOBETTH IR TS Z A2 5. HL,
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Fig. 4.4. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSE loss function.
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Fig. 4.5. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSS loss function.
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Fig. 4.7(b) TIZ, FAEMED THREEIZ MSE 0 2 X b &S, RS DRI D EAD TN
B3RN0 5. ZAL5DE VLS, BILSTM #IzE W T MSE 1 213 MSS 7 2 X b
BREPBOREZICB 207 — D5y, 8%, ROEEREGHRO TRIKES &N 2 &
D35, HLT, MSS v RiZ, FHEEED FHREEIZEL FHATEZ IR0 5.
KT, FR—DEFEEMNRL LT3 Figs. 4.8 MU 4.9 2t#$2L, €7/ DBELRL
BB D ARRETHEN, 7220350 0.5s TRONZ Y —DBEND 3 FEE
THTE/. MSEBnRiZ0s TRONZFTBEZDHHBETHTE/H, MSSHRIEHED
FHITE TR,
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Fig. 4.6. The power spectrograms of (a) the input piano G4 note signal and (b) its pre-
dicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. 4.7. The power spectrograms of (a) the input piano G4 note signal and (b) its pre-
dicted signal obtained by the trained BiLSTM with the MSS loss function.

4.3.3 BiGRU # DNN

Fig. 4.10(a) %O (b) 1%, ©7 ./ ® G4 %% MSE 1 2 T%3¥ L7 BiGRU % DNN O A J)
EFRURERDARY —ZARZ v 075 2 ZRZIURLTWS. £, Fig. 4.11(a) KT (b) i3,
Y7/ d G4 H% MSS v 2 T¥E L7 BiGRU & DNN O AN & FHIFER DT — 27 |
0277 5EZNFIURLT WS, [ARRIC, Figs. 4.12 KU 4.13 121X, Fh2hXX—D G4 HE
DAST e FRFER DAY — 2T v F 5%, MSE v 2R MSS v 20 BiGRU # DNN
DENEFNTRLTWVWS.

TF, 7 DEEMRE LTW3 Figs. 4.10 KM 4.11 2T 5 &, MSS 1o 2 %2312
M7z Fig. 4.11(b) I3 ¥ 7 / & ORiOfiiEE S Z DIRHZENEH 5 b H 2 REDFEET



36 H4E RIBARY bOJSLFRERR

[oe]

7 7
N6 N6
T T
s X5
o o
c4 c4
g S
o3 o3
o g
b2 )
1 1
% 0.5 1 % 0.5 1
Time [s] Time [s]
(a) (b)

Fig. 4.8. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. 4.9. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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BARRO THNEE X MSS 0 R X DREENE VI LB 0Hh 5. ZAbDE NS, BiGRU
BT MSE 7 21F MSS B2 & b ZREBEBORMZEICE T 387 — D5y, T8,
MREFRBHIBO FHNSEAE W Z e 39 H 5. S LT, MSS 1 21X, FHEREE DT HEE
BEWZ AT B,

R, FR—DFEMNRY LT3 Figs. 4.12 KO 4.13 2T 22, ¥X—FDHOH
FREDOTHREERXD E D EL RWVA, 7 2 IR0 0.5s TRONZ Y —DBEND
BIEETHTE /. MSE B R IEFEMEICN T 2 DEAPKEWN. —J7, MSS B RIFEA
YIS, RSBV TEEEDE L B2 IO TR =5 R3S, Ahozth
CIIBRRBIERE BT LEoTWBEI BTN 5.
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Fig. 4.10. The power spectrograms of (a) the input piano G4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. 4.11. The power spectrograms of (a) the input piano G4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.

4.4 MFCC MExtiaZEICED < EERFHM

HIfi T, AN FRRERD T =27 b 125 2% R L BB Z Bz ARE
TiX, MFCC i35 2 FANGE OFBNVFHIZ1T 5. AW TR, ANTHWEHEE#ES
LEHEEIE SN S MFCC ZEfix L, £7 DNN 7a—X55 TSN RKIERARY tns
Z 50 MFCC ZHEEME Y LT, Z46 O 3R i 2 B BEFHME R EICHW2. MFCC
R =537 (MFCC relative squared error: MRSE)[31] 3R TSN 5.

J 14 A
Dj—1 Dka(Crj = Crj)?
J 14
Zj:l > ke (Crj)?

MRSE = 10log [dB] (4.1)
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Fig. 4.12. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. 4.13. The power spectrograms of (a) the input guitar G4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.

ZZT, k=12, ,KEMFCC DXRILDA ¥ T2 RA%RT. Fiz, ey KU & FZhEh
Cij KU Cy; DHEFETH%. MRSE TiZ, mdHFOOHEHREEATVSRILTH % MFCC
D205 14 X FHWTEIET 5.

AZETRLUIAMEREZED, A28 THALLT AT =X 7/ 2BEKRUSX X — 2
FOF 4 FEITHN LT, & DNN M O&HLBEE T MRSE 258 L 72#R % Table 4.5-4.4
WRT. WERBEANZIVDDIEEEVHEETEOZ T TETVWI I 2ET.

Table 4.3 1 4.3 IR LAZE7 /D 1 HFEHD T A T —XOFHEROFZ RS, €7
JD1HFEHDT AT —XOFHNZ BILSTM & DNN A liai 2T 4 HFioH L TEfa%E
RoTRBARY b7 ADOFRPITZ 72, 2202 L, MSE v 2% W7 BiGRU # DNN
KO MLP % DNN ZEWHEE L /2o 7=, Table 44 37/ D 2HHBDF R b F— X DTl
RO ZRT. €7/ D2FEHDTA T —XOFHIET /D1 HFEHDT AT —X&
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Table 4.3. MRSE [dB] of the predicted amplitude spectrogram of the first piano test
signal for each DNN

Note MLP-type DNN BiLSTM-type DNN BiGRU-type DNN
MSE loss | MSS loss | MSE loss | MSS loss | MSE loss | MSS loss
C4 | -36.2507 | -31.1617 | -51.32951 | -56.5120 | -38.18392 | -43.847
E4 | -36.5973 | -27.5703 | -46.10653 | -51.2356 | -30.49936 | -47.2455
G4 | -33.7590 | -29.2400 | -49.00426 | -52.2066 | -32.0031 | -47.3381
Ch | -31.9831 | -29.6216 | -47.92678 | -50.4268 | -40.02535 | -47.1641
Table 4.4. MRSE [dB] of the predicted amplitude spectrogram of the second piano test
signal for each DNN
Note MLP-type DNN BiLSTM-type DNN BiGRU-type DNN
MSE loss | MSS loss | MSE loss | MSS loss | MSE loss | MSS loss
C4 | -35.2115 | -30.2584 | -53.28281 | -54.4526 | -35.59197 | -42.8832
E4 | -36.0495 | -28.8597 | -47.36151 | -52.5985 | -32.38396 | -46.6054
G4 | -33.9487 | -27.6613 | -49.45064 | -51.9225 | -30.81845 | -46.4259
C5 | -33.9500 | -30.0948 | -52.49461 | -52.8652 | -39.18496 | -48.7106

[AFRIC BILSTM & DNN A HFEZARIET 4 BTN L TEREZ R IRIBERARZ + 7 20 FHl
MfTZ 72, Table 451X 4.3 HIRLEZFZ—D 1 FHD T R b 7 — R DTSR O 3¢l & 7R~
. FX—D1HFHDT R+ 7F—XDFHlIZ BiILSTM % DNN X MSE & 8 MSS Difiid7
BIELTC 4 BT L TEOE RS IRIBEARY b7 O FHHITZ 7. Table 4.6 1IZF X —D 2
FHOT A+ F—ROFHEROF I ZRT. FX—D2FHDT R b 7F—XOFHNIFER
iz MSS v 2% f\vw/z BiLSTM 2! DNN & ¢f BiGRU # DNN 725 4 Hizxf L CEBEE -
FARIERRZ v 5 ADFHHITZTz. Table 4.3-4.6 DFERZF L % ¥, BiILSTM £ DNN
24 FEEOEBRFEEICHTRREZRZ b5 2O FROKENE . X512, MEABEBUX
BiLSTM % DNN K ¢f BiGRU 4 DNN (125 WT, MSS v 2D L EEEIC Tl TZ 3 €5
NDEEREFLTWS, 2RISR LT, MLP # DNN 3 £%58 M N2 &I LT E IR
K. Zhix, BILSTM % DNN K of BiGRU # DNN (XK 7 L — 2 75 A ot % 5 8
LENLETFILDO¥ENTEL L IGERLTWS L Bbh 3.
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AETIX, 3ETEEFLERS AT 2OME I 2 REK L LT EIF, DNN Z2H\w7=
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Table 4.5. MRSE [dB] of the predicted amplitude spectrogram of the first guitar test
signal for each DNN

Note MLP-type DNN BiLSTM-type DNN BiGRU-type DNN
MSE loss | MSS loss | MSE loss | MSS loss | MSE loss | MSS loss
C4 | -21.5834 | -30.7006 | -48.5011 | -48.2526 | -42.6628 | -24.9285
E4 | -23.9157 | -33.1786 | -47.0733 | -43.8630 | -40.8191 | -31.5421
G4 | -22.6440 | -34.5355 | -50.3177 | -48.2616 | -42.6868 | -30.3510
C5 | -32.0672 | -32.4831 | -45.7863 | -45.3116 | -41.4711 | -32.7398
Table 4.6. MRSE [dB] of the predicted amplitude spectrogram of the second guitar test
signal for each DNN
Note MLP-type DNN BiLSTM-type DNN BiGRU-type DNN
MSE loss | MSS loss | MSE loss | MSS loss | MSE loss | MSS loss
C4 | -39.2519 | -32.1298 | -42.0985 | -50.3707 | -31.1742 | -47.7453
E4 | -40.0790 | -25.0016 | -40.5874 | -51.2291 | -29.88234 | -45.8482
G4 | -41.8984 | -29.5030 | -39.7046 | -50.7956 | -29.6234 | -43.046
C5 | -43.4077 | -27.3533 | -39.9455 | -48.1906 | -30.60489 | -45.8786

RIS 2 FRIREE OFHM 21T - 7. 4.2 fiTl1E, EBICHV 2 HEEEE50M, STFT U
MFCC NDOZHUZAN=5F, MOETO DNN 2B 3 H@EBRSEFE 2R L. 4.3 8T
X, TRANT—=XONE T/ 1 BEKUF X— 1 BEOG 2 MEHIcOWT, EERBIC MSE
o Z Kk MSS v 2% w7 MLP & DNN, BiLSTM %! DNN, & BiGRU %! DNN o %
NZNDOFERERL, FHINZRTY—2ART bu T LD KK FHEiZ1T - 72, 4.4 HiT
i, 7TANTF =07/ 2MEKVOF X -2 BHO 4 BEEZHWT, C4%, E4 &, G4
H, XU C5 EIZB 2 MFCC 203 2 THKEE OZBINGHE 21T o 7. ZEIRFHI O FE1%
¥ LT, MFCC M —siaAFEZ WV, #Re LT, DNN3 M 8K% 2 BEHOE 6
DB A DNN T2EREEERUELESICN L TEWEE TIRIERA X2 + 7 20Tl
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Fig. A.1. The power spectrograms of (a) the input piano C4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.2. The power spectrograms of (a) the input piano E4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.3. The power spectrograms of (a) the input piano C5 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.4. The power spectrograms of (a) the input piano C4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.5. The power spectrograms of (a) the input piano E4 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.6. The power spectrograms of (a) the input piano C5 note signal and (b) its pre-
dicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.7. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.8. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.9. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained MLP with the MSE loss function.
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Fig. A.10. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.11. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.12. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained MLP with the MSS loss function.
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Fig. A.13. The power spectrograms of (a) the input piano C4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.14. The power spectrograms of (a) the input piano E4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.15. The power spectrograms of (a) the input piano C5 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.16. The power spectrograms of (a) the input piano C4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.17. The power spectrograms of (a) the input piano E4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.18. The power spectrograms of (a) the input piano C5 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.19. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.20. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.21. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSE loss function.
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Fig. A.22. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.23. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.24. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained BiLSTM with the MSS loss function.
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Fig. A.25. The power spectrograms of (a) the input piano C4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.26. The power spectrograms of (a) the input piano E4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.27. The power spectrograms of (a) the input piano C5 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.28. The power spectrograms of (a) the input piano C4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.
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Fig. A.29. The power spectrograms of (a) the input piano E4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.
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Fig. A.30. The power spectrograms of (a) the input piano C5 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.
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Fig. A.31. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.32. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.33. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSE loss function.
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Fig. A.34. The power spectrograms of (a) the input guitar C4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.



58 I A RIEXRY S LOFRFER

Frequency [kHz]

Frequency [kHz]

[ee]

~

6 <6
T
5 X5
9
4 c4
s
3 o3
g
2 2
1
00 0.5 1 OO 0.5 1
Time [s] Time [s]

(a) (b)

Fig. A.35. The power spectrograms of (a) the input guitar E4 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.
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Fig. A.36. The power spectrograms of (a) the input guitar C5 note signal and (b) its
predicted signal obtained by the trained BiGRU with the MSS loss function.



