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Amplitude Spectrogram Prediction from Acoustic Features Based on
Deep Learning and Its Evaluation

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, | 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 training the latent features of MFCCs of multiple
instruments with VAE, we can generate a new acoustic signal with timbre from arbitrary latent features. The
proposed system using VAE generates acoustic signals from three features, MFCC generated from VAE, pitch,
and volume, through a decoder. However, the proposed system assumes that the amplitude spectrogram can be
predicted from the three features, pitch, MFCC, and time-varying gains, and it is not clear whether such a
generation is feasible. To cope with this problem, in this thesis, | investigate DNN-based spectrogram
prediction with the three features. This is a subsystem necessary to realize the above-mentioned proposed
system. In particular, three types of DNNs are investigated using two objective evaluation metrics to find the
optimal network architecture. Since music is related to human sensibilities, the three types of DNNs are also
evaluated in a subjective evaluation experiment. From the results, both objective and subjective evaluations
showed that the bidirectional recurrent DNN achieves the highest prediction accuracy for general harmonic
instruments. These results show that the DNN has satisfactory capability of amplitude spectrogram prediction.
On the basis of this finding, | conduct to implement the above-mentioned proposed system. First, the latent
features of various musical instruments are trained using VAE with MFCCs. Next, a new acoustic signal that
has multiple instruments features is generated by the proposed system using the MFCCs. Finally, the accuracy
of the generated acoustic signal is evaluated. From the evaluation result, it is confirmed that the timbre
transition of output signals can be achieved by modifying the latent features in the pre-trained MFCC-based
latent space of the VAE. These results suggest that the proposed system can generate the sound of musical

instruments with new timbres.

Keywords: deep learning, mel-frequency cepstrum coefficient, timbre, conversion
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BN ZERTESION L THOORHEZ M T 2 5ifix, KaFn, HEMR, Hi
L BIRTHEEORA REBIICHTE 2. BERE0EHET X KRBT 2 BTN BRI
WE VR 7 A b 7 REL (mel-frequency cepstrum coefficient: MFCC) 23 %23, ik
FIIERETNVROGEE =2 —F 13y N7 —2 (deep neural network: DNN) 12D < f
EL, EREEN, SOEBRENLIRIN TV S, ERET L DNN EHERF#E L v
EMicdhh, EEEHRE VI HNCBWTEHED LD BOEMOREIEEN 2 RKHICH
5. AR TIX, £RET LR DNN OHTH L7 HOR St (variational auto-encoder:
VAE) ZHWOWIHLWEGZR 7 L2 ) XL 0ME% HiES. VAE A7 — X DIBEN
R ZEMEL CHETZ % DNN ThH D, BIERHEICER Y 7 A DMHNBGRZ R THE
FEATHILT, —EOMRUEEFE2 8 TES. o T, HEZEHEED MFCC @
BEREESZ VAE T¥E T35 2L T, EEOEEREE o EOEROHEEES2AEMTE
eEzZNDL. VAE ZHWIIRE S X7 4 TlE, VAE 254K L7 MFCC, &, MUOHE
BOD 3 ODRHEIOMorDTa - X 2@ L TEEESZERT 2. LrLRAs, Z0fE
R AT LZER, MFCC, RUERED 3 DORHEY S EEESORIEARZ b rJ A
RERTEZ I ZRELTED, 20K RAERDPERGEDL S DI AHTHS. 22T
KL T, BIRDIRRES AT LA DEBUCMERT DS AT 2 LT, &HFE, MFCC, RUO#H
B ORIFBRARY v v 2T 22 FHIT2FECONVTHRIT 2. Fg, 3EEOx Yy by —2
MEZHERL, YDOX5%%y P —IHEPERERIRIEARS ta 72 A0TSR
2, 2 HOEBEHEERE W CRES 2. £, BRRIAMORELEEST 250 TH S
72, HERE W EEFHEERIC X 2 EDBITS. FMRE LT, FERHEA O FBRHED
BT, —RAIRAHEEE 2 R0 28800 L TREMEEZ= v 2 W 7 hE R
B DNN O FRIBE R EWI L 2R L. 2o OfERIE, DNN 2HRIER RS a7
22 FHT 20BN ZFR > TV I ZRLTWVWS. ZOMMmICHEDOE, AiRDIRES X
TLADERERITH. WIDIZ, HERERED MFCC OEARHHES VAE T¥¥835. LT,
RBES AT L% HWTHEESESE D MFCC 2R OEEESOAEREITV, ZOMRE% T
fliss. fiRe LT, BEZELETHEIELEOORNEBEL ORMKE AR T2, &
PIRZIHEE T 2 Z L 2 EBRINICHEE L. ZORMRIIREES 27 4088 L WEGE O
BERENT2RENPH 5 e 2R LT W5,
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1.1 A@BXOE=

—RH R EBEEEMNT 2 3 EREIES (Y F), &5, NUBERTHS. Z0bidnt
ROBVPEDESIBRETH20ERETI2DICHSNS. HIlZIX, FEESEHEOBE (5
) tESLER (FRONMNZZENL) THEEZRLLDDTHS. Tk, EHEPEZELN
R LIARABREELHIIBNTY, b0 3 HRIERLFHHMETHS. HERESWHI
BOTHRO EANLREERMEIL, H8(E5 2B Fourier Z£#% (discrete Fourier transform:
DFT) LTI RIE (T =) AT MV THD. $iz, AT MILVOKEZRZE(
H2 7012, (B85 ERBXEICXY - T DFT %M 3 2 8RR Fourier 248 (short-time
Fourier transform: STFT) 3AHEICHEH X, HEESUHEKTHWV S5 2 EEKHEE
FHEROREE L VWA 5. RIE CUI T —) AR ML ER, B, RUEEOHER
ML BENTWS. BERRNCIE, RIERART ML ORI EEEICH 2 ©— 7 BEAE K
B Thh, —MICEEESOEEIIMNINT 5. £, AXRT FMLOWEig GEARSE
B 2 DEERITOREANT V) BABOBHM T 2 HFARMIEL, ART FALEEOT
FINVF—DPEBEIIHNIGT 2. HE, 58, NOEREOPT, ERET2MREe LESLE
BT, BRZRIRBECHLTINETRALRODIREREINTEL. fIZRZERES
DEEZ LT R RN EIHIE FHIAFS (linear predictive coding: LPC) [1] TH
D, ARZ POl T 2T 4 N ZTEMLUZBEORETH 2. LPCIEABDER DK
JFEICHD EREISNADDOTH D, EFEERINMIBI BB koTWwa. —7, &
FREBLET TR ERTEEPETRESTOTOAZRITREMEI ANVERE TR 7 L5375
(mel-frequency cepstrum coefficient: MFCC) [2] 23% %. MFCC &, X/VEEE L X
2 NEOBEERMEEZ R LU TOARY ML OMEERBLZFR-ETH D, @EED AR
7 MV ED BEITTREMTEEZ K RHT 2 HEZHD.

BEESOTOLORNMEIL, RAREEESUHECEMNTs e TEs. HUERT
& TH 2 MFCC ZiGH L= FiEofle LT, BBESE AN LKoo EDFE
3, 4, 5], kA RBEIREDVEETN L ERESTOE O 6, 7] & REEMEHEE [8], T —W D 4F
DEROLAX YT = a v (9], HHlOR:25HRE OO [10], IS 7 Z
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Fig.1.1. The latent space of VAE trained with images of handwritten numbers.

ARY X BERTHE (11, 12] Eh¥F oD, EFETE, =2 -1y b7—2
(deep neural network: DNN) 125D < FERRIE 2058 ) I Rt Y M VAR AR RS s <
ZHENTW3S. flZIX, Differentiable Digital Signal Processing (DDSP) [13] TlX, E54LK

E)ARDERWNNT A =R YR LU TCEBEEESZIED 3 DNN 2R ShTE D, DNN
WKEDSCEBEREEROEINFIO—2 Wz 5. £z, BWERS Y b7 —2 [14, 15)],
70 —N—2ERET N (16, 17], KTZE5HOEM SR (variational auto-encoder: VAE)
18, 19] FDALE T V5K DNN 2 W TG F O H ORHE 2T T2 FED WO RER
ENTW3. ZOHT VAE FDERE T MICHERT, RELLFEENAEETH Y, BlEZ
R EIOTTRIT 2 2N TES [20]. X512, BEEMOBREDRE L, MBIV d
WETFNLTHS I b, VAE 2 HWHERE DAL (21, 22, 23, 24] 1ZREAICHIZE S
NTHY, LVRVEMZEKRLTVWEO0BIRTH 5. AL TD, XDEMHE - @mEI
BT OECRBEOMH L N EERBED S HEESOEMEITS FEEHIEL, VAE K
BeD S EERE OB CEHNTDOWTHLD # Te.

VAE &, AN7— X OBERNZRHELZEIRL TY¥ETE2 DNNTH 5. BHOHC
FEERD L5112, AT T—&2%Z2 T3 2 X5 RERRTOBTEZE/ 2 %#E$ %5 DNN T
B30, BIERMEICHER S 7 2AOMENBEGRERTHERSMOMELZEAL TWVWS. Zhulk-
T, BEERCBEREEZOD DI L T—EDRRIEL i85 2 TE 5. Fig 1.1
BFEERFHEREZ VAE THE LH2R L TWE. AN OFE BTG E BAEZEMICX
TCHEMET 2Ty a—Xe, BEZEORMED S ANEEMNL FEERFEEGEH T 25T
aA—Xp K5, IO, ¥EEAD VAE OBEZER EOREMEEZZ 8T (B2 WIEEl
B oBEABEERL T Ta—XIG@ET LT, #2772 (ZoflcdFEEHFOM
) ofEMTET 2 Lo REG Bz 7 v 19 OMOBE§RE) PERARETHS. o
T, BEEEERE D MFCC OEEZRM% VAE T#E 32 Z e TEUL, Fig. 1.1 THERX
NA2FLOFHEEZHFHEBRLFRIL L5118, SRBEEORMBELZ ISR O L VWEREEELE
JRTZ2 D TELEEZOLND. T XD HH LIRS QLR I, BRD &L
LOTER 2 FESPHEIC OB Z Z e FENS. flZIE, BFORBEPEROEOL—
RL—FHAEMICHIRETZ2EERY I v 7 ANERTE 34561, THETIITEOEERIN
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Fig.1.2. Overview of the proposed sound generation system.

BREREEIF LV LTEB T SHREMD D 5. £72, VAE THLIAZEERHMED
IBTEZE ECRBEOBEMEMNTTEUE, XD BWEBRORGHRIEC R E R EERMEEO
7DDV — L LTHRITOHLNIAREMNDNH 2. X512, TEES MWLk 502
{LDBIMRME Z BFEZERICFIRAICHEDIAD 2 Z e BT ENUX, =KLV 7 —F ¥ VZEM L TOH
R P2 =P EICKET 2 B2 LT BEIRNCHEE - AR TE2F0RBNLHZSE X
N5, 728, VAE Z HOZEEEEROBELE L LTV D0 DFEIERSNTVDS
[21, 22, 23, 24] 2%, 2 W THMNT 2D, KX TEINHOHGHDORVWREZME L2H LWV
BAERS AT LOREZHIEELTWS.

1.2 AEXDEHW

HIEi TR AR I CTIRRE T 2 54EWM S 27 4O E % Fig. 1.2 1IR3, L%, oy 27
LERBEEEN S AT LR, AN 722 BEESORMEE (Fig. 1.2 128 % Original
wave) 226, B (Fig. 1.21281F % Pitch), H (Fig. 1.2 1B % Timbre), MU EH&E
(Fig. 1.2 1281} % Volume) ® 3 DOFHELZ > a—X T T 5. EEEEEEEOHE
RIEEL f,, &l MFCC, NMUERT total amplitude (FEOKHZ(L) ZHWS. X5
12, i xnzEfE (MFCC) A% VAEIWICAIL, VAE O LTz icEm I
Ht (Fig. 1.2 1C81F % Generated timbre) Z215%. ZO X5 L TEbNLESE, VAET
AR E 7SR, ROEED 3 OORMEZ T I —XICANL, HLOWEEESZAK - 1
N353, MEEERS AT LT, BBES5D MFCC A2 VAE TETMEIRTWS 72
», HDA% Fig. 1.1 IWRTFHERFEBO LS ZH LV DICEHL, 20D MFCC %
FOBEESLEEMT 2 2HNE LTWA. HlziX, Fig. 1.3 1RT X5 EBuck b 4E
ME N7 EEDBELEBANZ L (Fig. 1.3 1281 % Random latent vector) ZiEEZLE L A
RLUTH¥EEAVAE DT a—XIZANT 22 THLWER (Fig. 1.3 1281} % Generated
timbre) ZAMTE 5. ZOREBERKIC, &, FLLWER, MOEFRZELD 3 DORHEL
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Fig.1.3. New sound gerneration using the proposed system with a random vector input.

TaA—XIANL, ILLWEREREFOEEESE2H T 5.

L LS, ZORBEERS AT LDFEEIIIKNERMEND 5. BRIICEZ, F&,
e (MFCC), MUEED 3 OOFRHELI O BFEEFTLERT 2 X5 0T a—-XREEET,
FRTF—ZPOWIIHERTINENRDHZ VW RTHS. ZORAEE, MFCC BARY b L
EDBERTLRHETH 2 Z L ITERLTED, EMSINRIT2EITT 2 I R LB A
WBEERDT-DTH5. £ TRMXTIE, BBEEERS AT L2 MR 5 P E LT,
g, &t (MFCO), RUEED 3 OORBELSIRBARY burJazhiiss7a—
X% DNN TH¥ET 5. ZO7a—X2iE, kHEANLDNN THLZE -t to>
(multilayer perceptron: MLP), HFEH=2—7 /L% v bV —72 (recurrent neural network:
RNN) @ 12oTH3E - ®EE (ong-short term memory: LSTM) 1=v k [26] & W
TR AEREE = 2 —F %y b7 —2 (bidirectional RNN using LSTM: BiLSTM), K&}
RNN D 12TH57 — MiZEFEHE21=y b (gated recurrent unit: GRU) [27] ZHW7=
P EFRE = 2 —F 1% v bV —72 (bidirectional RNN using GRU: BiGRU) @ 3 f&%H
D DNN Zfiwv, £D7—F%7 27 F v BEVKETRIERARS 027 LD FHRTE 2D,
2 OB BINFHMEHERE 2 H W TEBRINCHE ST 2. £, TREIAMORMELE#ET D0
TH 2780, W %AW FEIFHESEERC X 238E D175, EBINEFHEEER T, GUI Y
TV =2 a Y ROEBHEIRZER L, HEE 15 A2 NRICERZITS . WMEBE X, A

BEESIIHL, THINLEEESPEOBRERILL THI 252, 5 EBREEHEZHWT
EAIERR

E51Z, fER L7 DNN 7a — &Kkt VAE Z iWRBRE LM S AT L 2ERL, REE
AR AT LOEEESOEBBEZHES 2. AEAEL LT, AMMOEEESZREEE



1.3 FWXDWEE 5

RS AT LB U THAERL, BEESNMRIBARZ bur s AOBBMEZIT 2. X
7o, BHEZEHEETO 2 00XREOEOHER 2L AL, BEKGEHOEOZMER>OEEE
SRR EHE T 5.

1.3 FRERX DR

¥3 28T, BEFERS AT LOFMEHHT 212D 7 o THE L 7% 2 EBERI D
STFT, MFCC, &t MLP #! DNN IZOWTEHHT 2. $72, IBEEEMS R 74 ML
TV EHENSE 2 3 RN L, IREHERS 27 4 OELUS, HES, RCBROE WIS
OWTIRR S, 3FETIE, IBRBEEER S AT LD Fig. 12 B3 zrya—XNKFa—&D
ARl B, B, NOERO 3 DORMEOME TEEHAT 2. X561, IBEHEERS R
F LB EET 2 FTOREOHA L 7oz w3 MLP 2 DNN, BiLSTM % DNN, K&
O BiGRU % DNN %233 %. %72, MFCC % VAE T¥¥ L, ¥l-nEtrEm s 3 hiE
ZEHT 3. AETE, SECTHHLAESEEO 7 —F7 77 v 2HVWT, &R, &6, N
BED 3 OORBED HIRIEARY bu T L%k FHlT 2EBETV, THIKEZ &SI
EROCFBINFHEEZ O TIHE L, H8E%21T5. 5 ®TIX, MFCC % VAE T¥¥ L, AJ
L BEEBSOHBAR SRS ORMEL RO LV EEES AR 2TV, FHiik S
EREITS. WKRIC 6 ETIE, AR ofsmzidNg.



E2E

BRI R U HRLEAZR

21 FZRHE

RETE, AR CIRNREEERS R T LR WS 2 BRI e LT, BEEEORHE
BEREIBRADEHTH 5 STFT, EKBFOHFORMEZRT MFCC 2], MOHEEYE B
2 EAN L IFEZE#TH 5 MLP I2OWT, #h2h 2.2 i, 2.3 fi, MU 2.4 HiTat
MZIRRD. Fiz, 2.5 8T, RFSCORMINCHIETIREEELS R T 2L 5%
3OMNL, BLERECEEZRRS. 26 fiTAEEZ LD .

22 STFT

STFT ¥, HZEEORMINCENT 2 AT MLk, REEEREGER L M 2 ZRTo
FHEZEHTRAET 21-D0EBFETHZ. ZOEE%® Fig. 2.1 1IRk3. STFT T, &
BG5S ORI 2 MR EXECaE L, BEBERL 25 2 TRIBEERAN 235, &
DR DR X R (O BREEE) NOEREXEO> 7 v EEZEAZA Q KU T 2 Lzt
&, RREEEOGES (2()E, © j HHOEREXE (FE 7L —2) OFE 200 3xTtH
X3,

Z(]):[Z((j_1)T+1)7z((]_1)T+2)772((]_1)T+Q)]T
. . . . T
::[ZU)U)7ZUM2%...,meq),..,ZU)ugﬂ cR® (2.1)
:ny = Liﬁﬁ%%i&éb) l:152a)L; ]:17275J) &Uq:17275QG3" zhze

NEERIER S > 7L, R 7 L — 24, ROFE 7 L — AN OB RS> T4 v F 7 2%
RT. Fh, XV NI B3R K oTERZLNS.

J== (2.2)

-
77U, BEELEEZAY NI DEBR Y 722 & 5 10K/ 7 L — ADEEDfIY o
EFAT BILHL (X P74 2 27) BIESNTO 5. R (21) TERSNBMI 7 L —A0RFS



2.2 STFT 7
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Fig.2.1. Mechanism of STFT.

ERTOjIOVWTE DR 7L —20EE% 2= [z 2 ... 2(D] e RO v %
L5, STFT OWWHIIRAD LS icREN 5.

Z = STFT,(z) € C*/ (2.3)

2T, w=[wl),w?), - ,w@)]T € R STFT THW2EMETHY, Z & (HEH)
ARZ M B Z T N MHIN B REEEEITHTH . ARZ 0T 58 Z D (i,j) HHOE
FixxAcHRKIN 3.

Q .
Zij = ;w(Q)z(j)(Q)exp { —2nla _Fl)(Z —1) } (2.4)

IIT, 2; 3 ZOBHR, Fi3 |5 +1=1%M388 (] 3RELE, i=1,2,--- 11
FERE YDA 772, FBEEMERLTVWS. 2Ok 51C, REFEROESIE—ER
DGR EIC AR Z R U C DFT 2175 2 & T, KR & FEED 2 ZouEFITHITH %
ARZ MO ZIH Z TRIZENTED. T/, TEEESNHE TSR RE BRSO K =
SDAZIOWS ZedZWV. ZOHER, HRART Fur T A Z OFEFRITE L THEX
fEZ2H - TAREA R b arF 4 |Z] € RUY %, #MED 2 fEM- T —2R2 b
755 |Z)% e R 2UMONRE S 3. 2T, [IHICHT 2HMERL SR F v MM &
FERORIZ T N2 NE R OMHER CERBOIERELRT.

fle LT, Fig. 2.2(a) KT (b) KZNENERESROEFFEZTD AT —ART bR T F A
Zmd. Fig 2.2(a) X (b) ITBF 2 0ZZ, BEITASIFERT —HVhE L, EEIZ
EDIEERZEVWIEZE LTS,
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Fig.2.2. Power spectrograms of (a) music and (b) speech signals.

2.3 MFCC

MFCC [2] ¥iF, RHEERBER TREAI N EREROEREFOEEOREETHS. &
BOADRBEEATRERZR DI L Tn2 720, HTEPERIIEL A YK R WY E T
H5.

MFCC Z &3 28012, T AVERBICOWTHAT 3. XOVEREE 21X, 1000 Hz O
FEICHET 2 EEREZ 1000 mel (A VEFEHEER) LERL, ZhziiEr UTARM
DHIH T 2 BB R — Ot ST 2 RETH 5. #HlziE, ARE 2000 mel @ X1
FEE D E % 11000 mel © 2 D@ ) LHIHT 255, ZAUIEBEE LTI 2000 Hz TIE#R
{BELZF 300 Hz BEL 22 ZePHISN TV, EEE f Hz & XOVEHEE m mel OXFIG



Amplitude

2.3 MFCC 9

o
(O, ]

10.0 12.0 14.0 16.0 18.0 20.0 22.0

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

BIfRiaRATER S NS [28].
_ I

m = 11271n <1 + 700) (2.5)

f) (2.6)

= 25951 14—

DR OVEFE FCTERBICEAROANY FRR T 4 L2 B EBE (K #) L7
DERAVT 4 VRN LR, Fig. 23 122 RRZ2A 7 4 VEZ K = 16, RREKRK

fmin = 0 Hz, MO EBREBFEL fnax = 22050 Hz DFED AN T 4 LEZANY 7R LTWVWS.
2 DEFINR

STFT T 6N HRHXHE DY — 2T b (XU —=2ART +ar'F 4| Z|?
ZRV) LT, KADALT 4 V2% ZNENERAL T E TAILARY FILEMEN S
K L0 BMOREICEIINS. T —ARTZ AT T L |Z|2 DETDFINT bR
NT 4 NENY T BBBIAARRNARY MIVICEB LD DEXNVARZ va s 5 P LW

O, ZOEHEERRTET.
(2.7)

P = MelFiltering(| Z|?) € RE*/

Z 2T, AEgEhoor (BB VB P15 K IEMINTWSRICERT 3
MFCC &, XANVARZ baZI 5 P OEFIRT bb (FBAXANVARY bV) IZBER a4
ZH (discrete cosine transform: DCT) %A L T 51 2 B X B O FEBIRE TH %
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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, ZoWHE2 XA THT.
C = DCT(P) € RE*/ (2.8)

PlEoZ#uc X hiFsns MFCC i, BRSSP EROMELAIRERR D PR L - & tuc 3
3 K JOtOR BN ML k3. EREEXEESS? S MFCC £ TOLEH OB % Fig. 2.4
RS, ZORRS 05 L5112, MECC I3 NRY —ZART MLz B R L 7=RH
BThD, HOKCHTIHEREBMMBELTOVS. X561, Figs. 2.5 KU 2.6 27/ KU
XR—DLRAEHED T — 27 bS5 L |Z|2 ¥ MFCC C % Zh2hRT. U7/ e ¥
R—ZHF ORI B 720 MFCC K EL B 20, TROBMEICIH L2 MFCC OZ{LIXIE
LAY ) FEICHT 2 MFCC OZ{LIzoWTH, KX MFCC (Figs. 2.5 &8 2.6 128
I35 7 RO P ERMNIEFLAL—ELRoTWVW5.
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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 2 DNN

DNN 0#AFTH % MLP A DNN &, Fig. 27 D &5 =a—I1 %y VNV —2 %48
WHEAA Y P —BETHEREINTED, —2a—J1xy V=7 OHEARRNTH 2 &)
HEEC RS, ¥3, —a2—713y FV—=22 MLP B DNN IZEWTED & 5 &#El %R
7L TCWB %S 5.

2=ty b=, WHTF—=2PANT—RDEADT & IFEERTRET
X2X5% Ay VY- METHS. HTH, ANT—XEHKT 24 DBEZRPLTOH
NT—=RDOERZREFEIDOVT VB D2 2HEE (dense layer) & FEY, ARiHXTHWTW
% MLP B DNN i3 Z 02 &R ZHWTHERL T\Wa. 2HEEOMEX Fig. 28 DX
o TED, 2HEEEOEH y IRXAD LS ICRT N TES.

N
Yp = ¢ (Z WnhGn + bh) (2.9)
n=1

ZZTC, n=12,-- , NEANT—XOBEHEAVFI A, h=1,2,--- HZIHHTF—XDHE
RA VT IR, wap FEAREERT. /2 0 XIHEHCBERE FIEH, AT -0z Y
DEIITHNCKMX B 20 E2RET 2B Z2FD. ZARROBICETHEEEZ 2 X577k
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; {1 Hidden i Hidden | Hidden i :
i Inputlayer ! Jayert ! layer2 i layer3 ! iOutputlayer;

Input data Bias Activation function Output data

Fig.2.8. Structure of fully connected layer.

DTHYH, Fig. 2.9 D K5 ITkkA RIFHELBEBDER TN TV 3.

R (29) D=a—FNFy FV—27 1 B2EARNL LTZEICERLD D% DNN I
. AREITE, fle LCREAED 3 BTHR IS DNN 2EUD S, Fig 2.7 ITRT X512,
T =PRI ANENEEE ANE, ANENleT—aPMnESh T EzREnE (FH
J8), REMNCEIPHNEIhEEEENEEWR. £/, KFETIEX, AHTHALZ2HE
JE% W/ MLP B DNN &, FICKRYT—XDET U LICAHVWSNS, —=2—F1b% v b
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1.00
—— RelU
—-=-=- Sigmoid
0.759 =eeer tanh
—-- Softmax

0.50 1

0.25 1

Prag
-

0.00

Output

—0.251

—0.501

—0.751

-3 -2 -1 0 1 2 3
Input

—1.00

Fig.2.9. Popular activation functions used in DNN.

T—JWNT74— RNy 27%475 RNN 245, RNN IZOWTIERETHHT 5.

2.5 BEIFEOELERZE

AFSCTH D S PRI BN HEED AR E 0L BB © LT, DDSP [13], AIHK
A bV 72 ESCIERRESN ¥ VAE [21], kT VAE ZHW-EHG - BEEO 7RI OEY
22, 23, 24] @ 3 FIEEMNT 5. WThd, WEEHCES CAEREFAVEER LIH LW
BEEEOERTEERELLDDTH S, KFEOMEEHIL, AL TID RS REH
AT AT L OBLEPHER, HNOEWZIOWTIANS.

2.5.1 DDSP

U2 T % DDSP IZDWCH$ %. Fig. 2.10 i DDSP O 2D EK %2/~ T .
DDSP Tli&, ANEINEEESH»S, &E (Fig. 2.10 12815 F0), &t (Fig. 2.1212BWF
% 7)), RUEE (Fig. 2.10 1281} % Loudness) D 3 DDFEE 2=y a— X THET5. 2
D 3 ODFHHEIZT a—K I AN &N, FINHEEAD FO U Z OBEME O D & 7%
2 ERIE (Fig. 2.10 1281 % Harmonic audio) ZBREI3 2 28 (FEFEMOIRIEE) &,
HEMEICEBEZ5 X % FIR 7 4 VX DIRERR (Fig. 2.10 123813 % Filtered noise DK
PHIT 5. 2D X512 U THEGR X 4172 Harmonic audio ¥ Filtered noise Z & L, &IC
RENIIG U THREZN G L TAREZHNIT 2. TRTOFEEARER T X =&, s
(EE ANOEBESHTHEINIEREBI/ NSRS L5 R#E{LEN 5. DDSP @
BRBEBICIE, XA TEFRK XN S multi-scale spectral (MSS) R ADBHWSLNTWVWS.

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



14 %28 BHREMKRUEURAR

—

Harmonic
audio

Reverb

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].

v
N

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

2T, AP R AF) i3 zh 2 DDSP O AN RO 0 EE8ES %2, F HORET
STFT LTHELAZRIEARYZ vu 25 6THS. £/, |- |1 ETFIIERZ FULISHT 3
Ly 7 v, ATBIER T PSS 2 0B ER B O e R T,

DDSP i2BWT, ANOFEEESL»HES (FO) 2§ %> a—xi2i, CREPE [29]
YIHIN B REREB OB AAA = 2 —F L3y P T — 2 IZHESHEERBHVLRATVS. %
72, B (Z2) M3z a—XZ, Fig. 211 IR TS5 MFCC 2 AN T 5%y
N7 =T F e BHVLRTWS. BIRRIZIE, MFCC ZEtRE L, FEAIRERIER
bRz RO IERLE, GRU, RU2HEE 18 (Fig. 2.11 1281 % Dense) Zi L,
M7 L —2@D 16 XTOBEERME Z ZHdHAELTWS. ®ERIZ, ANoBFEES»roEE
(Loudness) Z#H 3T 2>a—XiE, IWEMNR (FERAIEER (T X — X OM\) i ERE
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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 LB ETEAN T SN/ T — AR T b
NDIEIL - T= XD S A DI 7EL [30] VSR TV S.

DDSP iZBWT, Ty a—XTHHIN&FR#HED S, Harmonic audio & U Filtered
noise ZBRENT 2 2B 25MEICIX, Fig. 212 IRT 7 —F 7 7 F v 2o Fa— XML
5NTW3. %7, Fig. 2.12 > MLP 13 Fig. 2.13 DM L 7 > T\ 5.

DDSP 2R EEK S X7 2 DHLUS, FEoEW, RCHMZZ D 5. FHESX, AN
DEEEEPLEMR, &6, NOEREZVI 3O0RMEICHLTya—& - Fa—X %@
LTHEEESEERLTVWAEHETHS. — /T, DDSPIZ7a—&X %@L THEOLNE T X —
& 7» 5 Harmonic audio M OF Filtered noise ZEREI L TEHE D, ZIUIANDEB(EE % IERIK
EARXTATHZERLTWS Z BT 5. 2D &5 REEBEE DG B AEE
BEEBOERDPARETH 2 K, ENIZFRRTA—XZIELHELTD, IEFEICY 7R
HRBEOHBREIZHEL {, NILHREEES LIENTERVWT XY Yy M 23b 5. BESEE
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- o e e e e e P e e e e e e e S
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’ \ ’ Perceptual ratings \
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-
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VAEREN
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' A Y /O'
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\ L
[p9(33|2) ] ,,—\\\‘,“'O \
| { O Il \\\_’/I
_,JULLL,.._ \___ J
\\ fL' ~Y p(x) ,/I \\ //I
Se - VAE -~ = —~-~——- - Sem-—- Timbre spaces "=~ ~

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 [21].

MY AT L%, TaA—XLEHERBARY vu o 2R TLI e 2HIELTEY, &l
BEBEPTELZHOEDDSP KD D HHELE S BRLEEEENERTE 2 EI6N5.
%72, DDSP HRREAEKS A7 AIZHN D R 5. DDSP ZANEEEEOEKE (v
Y A=) N T LI HEHNTH D, BRINCEOEIENCHT 2 Z L IERETH 5
2, EEAEPSEHMN TRV, MFCC $ GRU F T ICAIRIhTwa®,
WSS 2 BERBEOHIEFEIHEH L W EX NS, BEFERS AT 41X, VAE IKESK
FLOEGOEREENE LTEYD, MREE D 2EEHELEBEEMcEOEHET 2 2
EHRTES.

252 HEHNX MU RIEDERLATE VAE

VAE 13%8 7 — X I OHIE 2 R RIT O ZRITIER I ICHE S FiffiE & U O E 22 M i
DAL ZENTE S, ZORBEZEMZZRITIERTMINES 225, Fig. 1L.1IRT LI
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—E DFFRRERELIL D & DT — R LD HRET H 253, BAEZZMII YRR SO HIE I 72k v
FEEDOVWTWVWRVWE WS HELNDH S, ZOMEZMBIRT 272012, BREOERZHNE L
T, AIEMRA Y 27 2cE D FANERT & VAE MER XA TV 3 [21]. Fig. 2.1412, ZoF
FEOMENZRLTW5. Fig. 2.14 O _EITRS Perceptual ratings (&, @R DHISE [31, 32
TEEINLBREOECOICHETI2HEX NV IR THS. Hlb, BROBKBEHOECDOHE
- HERBECL —T 4 Y7 LEREROTF—XTH 5. ZOMHEMX Y 27 2%, 2X&
BN FIED 1 OTH 2 Z RN EMAGE (multi-dimensional scaling) TIERITZERICZ 1
T5ZLT, AIRMRA MY 7 RCESSHOERT 2R LTW5. 518, BEESDAR
7 b A1 3% VAE IZBWT, BTEZEM O ihE O & B2 T ofhE L s
% &5, VAE 0%¥E I CEANIE (Fig. 2.14 D Ry (2, 7)) 5L TVW3. ZO LS RIE
A28 A S % Z & T, VAE OBTEZEBMBFIRBX bV 7 2 MG s BT s,
B W HIEMER CEL B O WO WAERET L RG22 TES. 207
B, FlZ1E VAE OBTEZEM TR E OMHBZ RN T2 2 2%, H 5280 5 Rl DA
HRINCEBESEZZMI T e REVEHTE, 1 ETHBRNLARLDOBNDERTE S
AfREED D 5.

HHERRA Y 7 21280 L ERHLR & VAE RREER S 27 2 DL, FEDOED,
NUHMZ 5. BRI, VAE OBEZRM L & EZEMGEDY, BE2M L TilEr
B2 T A BEBEDEREREL T2 22 THS. LrLEMS, Xk [21] OFHREFEHMN
RECOREEZFOHMEX Y 7 2V TED, +oREEEHiT — X2 IEET 23 X b
BIERICKEL BB WO RS D 2. 512, FHIREOORERIEAZEZZLEAT
W7o, EMEREOZEMIBRTERVATREES H 5. BEFENS AT 23BN EE
DODRETHS MFCC ZHWTWE72®, NEa X MIKL, MAECEZT—2OMED
ALBRVEWSHED D 5. WFEOHNIELLTHBD, Wwihd VAE %W CREZEH
FicfEREoSWE GRS 2 22 T, MEECREEOTEOER] 2o @EE TIRE
RCEFLRVEHEESOENEZFEBTLLTHS.

253 VAEZRUWI-EER - EROTHRIBEOFE

KX DOHMCAR L BFEFiE LT, VAE ZHVTEO L TGS T s zRH
(timbre-pitch-disentangled representations) D¥EEDIRRBINT WS [22, 23, 24]. Th
LOFETIEVTID, Fig 2.15 1R T LD, BBREOE O L B AN HE X /=78 220 M
OCERETAEYEETZ2ZeRHMNELTWVWS. 2O X RERETNDEFIZBWT VAE
ZHWS Z 2T, BROBEZEMKAOEHOBEZEMEZHILICEETE, 1 ETABXNLAH K
ODHMICAR LT VEHBETCE I[N D 2. HHiI B EEOBELEET
A-XDANTHESH, EREESVHMEREINL2HHATD 5.

FEREOFEEIARHBLOBMNE AR L IETADPBRETE IR D 2. /2, ZhoDE
TAERWS Z 2T, FlZIE TERORRETOTH OGO OBEEES) 24T
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Pitch space
E4 °
®
. R
P B4
Pitch N
encoder
C4
%o
( N ] 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 instru-
ment sounds. For the details of this figure, see [24].

AREEEZONS. LeLEAL, ROV THOFIETY, Kz EEZL (DDSP B
277 PR WS RMEEDHINTES T, HOhEROWVT N XI5 OIBTE
ZRICHLIAD LN TV EEZO6ND. BeREDIT 2 3HRRIED - HE - GRTH D
O, KEKNZEEZMPAED TZ0RBEL LS EWOIHIRICE X 2 HEIIEHRTZ 20
ATREMEDS® 2. ARG TR I OBEWICHERZ YT, Hh HEoMIc Rz ERZL2
BRLZZERET Ve LT, 1 BETHALLRREERS AT 20MEZHEL TW5.

26 XEDFRLD

KRETIE, 1 EZTHALLEEEERS R T LB W THE L k& 2 RN L R RS AR
AT LB UZHRICOWTHA L. 2.2 8T, BEESUETLIIHWLNS STFT
WOWTHAL 7. 2.3 BT, R TEEL &2 HOERMED MFCC IZOWTHHL 7.
2.4 f#iTl, WmHEAMZ DNN TH2 MLP B DNN IZOWTHHA L. 2.5 fiTlE, BE
27 MHERL L 720192 2 LT DDSP, AR X kU 27 22  EHLA & VAE, &I VAE
EFHOWEES - EEOSHRBROZHIOVTRNL, REFERS 27 4 OFLUS, HE
M, RTCHMIZOWTBRAN:, RETITBREEERS X7 2 OFH & B IOV TEHAL,
Z DREDRIRFTIFEIT DWW TEHAT 5.

5y RARE, AHOBERERMEEEELZKOBTOXNeRTOBETH S [25]. AR THV 2 HERY
RIIABOBEEREZZ R L TRV, RHENZRERZ(LE T total amplitude FEAR.
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i
Tk

= iy
iE%gTv
3.1 FZHE

AETIE, 1 ZBTHALLEEEERS X7 AW TOFMEHAL, ARHC T M
NEMETH 2 HEE, B, MOFTED 3 OORME, LIRIEZARZ b 25 a2 TR 57
FIZOWTHAT 5. 3.2 8T, BEFEMS AT L OFMARNUBEORAUCOWTHHT 3.
33T, IBEEEMS AT LOMBERZIBN, ZOMEZERT 2 HHEICOWTHAT 5.
34 fiTlE, &, B, MUOBEED 3 OORHEEDL OIRIEAXRZ ba s F 20 FHNCHW S
DNN E5 1 T3%, MLP % DNN, BiLSTM # DNN, & BiGRU % DNN (Z-5W Tt
T3, 35 HITAERZLD 3.

32 EETEMY X T LLEOHA

Fig. 1.2 Z X D iHC LB EEN S 27 2 D2 KK % Fig.3.1 1IR3, AFHiTE, 2D
Mo s oAk E CTIHICFHEMZHAT 2. 5, AR 2BFEE5ORMEIY (Fig. 3.1
B3 Original wave) % x = [2(1),2(2), - ,2(L)]T e RL ¥ EFKT 2. ZOREEOIRIFR
RZ bar5 L3RR TELNS.

X = |STFT.(x)| € RLS/ (3.1)

CDRBARZ vu o6 X Zrra—XIZANIL, &, MFCC, KU total amplitude
D3OMMET 5. KWL TIE, EEEIANSINAEFTEESITCARES FOIRLE LTH
AONTVARRNZMEL, Tya—XTERZMET 2EBIEZAKL TVS. FERANIZIE,
DDSP D &5 CEEEE o EEmEMET 2 FELMHAGOE L L ZMELTWVS.

iz, total amplitude (X DDSP & b 502 AiEe LT, XA THET 3.

I
U]' = Zl’i]‘ (32)
i=1

CIT, 2y FRBARZ tnrJ 6 X 0RFEZRT. K (3.2) &, RKEAXRZ brrJ A
| X| DEFINZ bAD Ly 7 V2IZHIET 5. 3K (3.2) 1Z DDSP 1281) % Loudness & EHH
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» Pitch —
= =
- 2 Q0 C
Original wave P % EEJ »%—j 9 Generated wave
STFT 8 8 . S 8 : 8 Phase recovery
o Time Time @ &inverse STFT
3 e Timbre Generated 2 3|
= Y (mFco) _MFCC_ |23
() [
ICE o T
Time £ N Time
Original S Generated
amplitude Time amplitude
spectrogram Total amplitude spectrogram

Fig.3.1. 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 total-amplitude 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 total amplitude. Finally,

the amplitude spectrogram is reconstructed from the outer decoder.

Original MFCC

C

Vectorize

Encoder (MLP)

#(C)

trick

Reparameterization

Decoder (MLP)

Generated MFCC

Matrixize

z ~ qy(2|C)

C ~ pg(C|z)

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

WKHELTTH 20, BESHCHTREE: LTHOWSAZEMHED (57 K422 2 DREFA%
B <721z, ARam Tl (3.2) Z LU total amplitude & FES.

ZDEXIILTHELNT total amplitude 1%, 2R 7L —2 B LTE DT bL
v = [v,ve, 0]t € Réo CERT L. mRIZ, HOREETDH % MFCC & 2.3 fiiTih
NEFTETHET 2. HL, ANORIEARZ tar7n X 2HRIKREFELRVD DITE
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15 %729, MFCC O EDRIC X ZXRTEHRLL, EFILZOREZARZ varoa
X e Ry ety 3.
Tij = i (3.3)
T 2T, T FEBLBRORIBARSZ v rr 7 a8 X OBEFETH L. EoT, IEFLBEOIRIER
RZbarou X 5 23HDKETMFCC C e REX 2182, 22T, KiZ23H0DE
FLRIL L MFCC ORI (XL T 4 VBNV T DT 4 LERE) ThH3.
ILya—XRIZXoTER, MFCC, & total amplitude Zith L 721k, MFCC ®A&%
VAEICATIT%. 20 VAE IZIE, &HEANLMEE (N=F VAE) ZHW\w3. ~"=7 VAE
DERE T NVOBER % Fig. 3.2 1T/RT. ¥z, Rt Fig. 3.2 ZHW/ =5 VAE OKZ
DRFIAZRT. XD BEERNZERCPRFAEHECE L Qs [19) 22 hizwv. £,

IBIEAR 2 € RP OHHIIT po(z) ZFEEANFZRIT Gauss 210
z ~ py(z) (3.4)
=N(0,I) (3.5)

CRETS. 22T, DFBEEBDOXILTHY, 0< D < KJ Ziilzs. £, N(p,X)
EFIGRY MV = [y, o, pp)” € RP RUSGEILSI BT & € RPXD %52 R0
Gauss 771, O MU T WX ZhZNEYI BT A XD e MIVROBATIIZRST. =5
VAE T, ZOFEFPHIRED FT, A LTEZ 5Nz MFCC C 5, z OiablE®ky
fii 4(2|C) (VAE x> a—%) RULEE po(C|z) (VAE D Fa—&) 225 FREK
fLicEoE¥ETZ. ZorE, ZVa—ZRkIFT7a—-XZZNENTHLODMEIRET 5.

14(2|C)
po(C|z)

N (py(C), diag(a3(C)))
N (po(2), diag(aj(2))) (3.7)

ZZT, 0% =[012,052,- - ,0p% € RP BHEGSEATHON S (H) ZAA7ZAZ
MLVTH B, £, diag(r) BANIRZ PvzedtMERICFEOMAITIIZELT. ERICE, Zh
LD HDY T v Z1E Fig. 32 1R T LS5 MLP B DNN 2K 54— b va—&
THEEIND D, VAE 34— v a—KBZ5H#E (auto-encoding variational Bayes)
LRI S [18]. fHL, Fig. 3.2 1D Reparameterization trick 1%, BEZEE z D ¢4(2|C)
MPOHDY YTV VTR R R HEE RN BERICE 22 2 TH 5 [19]. Z4UE VAE 2R
FRREWRIERREL T 2D BEL RS, 2D XS REMNMETHEZN S VAE X, MFCC
ZHERT B z DEAEZEMZZ 0T Gauss THRED FTHETE 5. ZOK, VAEZBIT S
HERBEBIILTORXZHW 5.

£(C,2) = By, a1 10gp6(C12)] ~ Dictlao(21C) Ipo(2)] (39
D
= By o llom(Cl2)] + 5 Yllog(od) ~of —3+1) (39

d=1
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Fig.3.3. Training process flow of the proposed DNN-based timbre decoder.

T IT, E[] MO Dgpl||-] &2 2 WIFFEK O Kullback-Leibler [ #ETH 5. F7z,
(3.8) D 1 HKUEH 2 HIZZzhZzh, HBHEAGRERCESELIFENS. 2EEE, B
AR 2z ZEBED»LER 28T, 1BETRLELIBH LT —X 24K TES. A5,
Fig. 3.2 DG AEIIFEFEAD VAE o LnWE (MFCC) 24T 2 e N TE 3.

B, B8, VAE » o1 Xhi MFCC C, KU total amplitude ® 3 DOR#E% 7
A—RICANL, RIEARZ barS5a X 2ERT 2. ZOFa—X0KHL TR S
BThh, KETZOFMEIRNS.

DEDPRRBREEN S AT LOFFMTH 5. FHENIE Fig. 3.1 RFT AN &)1 (Original
wave ¥ Generated wave) DKV L7223 K5I VAE MU T a—REzhzhsEE8 s
. EREZ, Fig 1.3 1R T 212, GBLEEDL SER L IZBELZE 2 2o LWIEREDOE
BESEERTEDZ LR ZEPP/INS.

33 BEEBEMIATLICETSMERE

AT N7z X 512, Fig. 3.1 OREEEK S X T LTlX, &, VAE »SERI N7
MFCC, KU total amplitude @ 3 DDRHEED SIRIERARY b v 7T L 2EKT 208N D
5. LPLADPL, MFCC I3EADAZRITLEMTREALLZFHEMETHS 205, B,
MFCC, Kf total amplitude @ 3 D DFHEED & BHTHNCIRIEA R a5 L %2KD 5 Z
LIXTERWV. {oT, 3ODFHMEDLHIRIEARY b 2o 4% FTHIT 250 DIEFE 2
Efae 7 a— RV RENEL 3.

AR TIE, AAOREZEDES 22 FEHME L, Fig. 3.1 ITRTIREFERS X T 4
FRETZ ECRBEARARZ T a— X% DNN TEET 2 HIECOWTERINCHRET T 5.
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bbb, EeE, MFCC, XU total amplitude ® 3 DDRHEED SIRIBARY b 'o L%k E
S FHIS 2 DNN OfRE HIES. ZORMITWMO S FHM% Fig. 3.3 1RT. &
B, KX THRHHLS 7a—&1E MFCC & U total amplitude # AJ1& 5% DNN Z4HE L
TWVW3., BEOMEEIIEHRNTHS 225, DNN ODANICEZ2DTIERL, S#EEE
I L7 DNN 28R 2 7-DICHWS. TRhbb, TOHFEEIN-EEHKFD DNN %
BHEAEL, Wih2?D DNN 2ZANOESICLDEIRENS. ZOX5BHREZ Z L
T, DNN IcEOL Fa— X3 HEECHN T 2 U LHEREL 185 T 2 0870 kD, XD EEE
RIRBARTZ b7 7 2O FRDPHREICR L EEZ 6N, ®EIZ, 7a—Xe LTHWS
DNN &, & dEANRZ DNN TH 2% MLP & DNN N URRS 7 — X OB Y 2 E @ L 2%
EASAMEZ BILSTM % DNN & ¢f BiGRU %! DNN @ 3 ffH 2 ARG TIEE D 5.

3.4 DNNI|CED<KTFO—4

AREITIE, KX TEBINICHE ST 2 DNN ICESL Fa—X0Mic o >VWTIRR 3.
3.2 Hik U 3.3 HiThRAMED, ZOFa—KiF VAE TEK S MFCC C KU total
amplitudev Z A& L, ZdD &5 7% MFCC & total amplitude ZFOIRIERRZ v a5
LAX ZFHTZ2DNNTHE. COrE, HEIAHNEbCHME LTEELTED, &
EOEEORZ Y DNN 22832 Z e #ELTVWS (A, C3HEHEMD DNN 7a—%
* E4 HEHMHO DNN 7a—&E 2l 2 128 L THET %), £/, BXROBRESTEMS R
7 A Ti3 VAE THERE Nz MFCC C 2 ANCHWV 25, AEBRCIZERNLHAZY LT,
ANDEBEEPLFHEEINS MFCC C ZDd D% DNN Fa—XD ANCHY, ANoHE
BESORIFBARZ FOZ55 X ZObDEFTLE LTH¥ET S, ZoFH =, VAET
IEHICENREER (20D MFCC 2HOHEEENERICIFET 5 & 572) MFCC 2RI 3
CEERELTWS Z LITHYT 3.

DNN Fa—XD7 —F 727 F % IZOWTIZ, 3.4.1H»5 3.4.3HTEXSEY, MLP &
BiLSTM %!, KU BiGRU & 3 iz W, Y07 —F 7 27 F v BEfEICRIEZ <2 b
02755 X ZFHCE20AETS. 2B, TNETOE-HIBWTA XY v ZIKTER
LTCEEREROTF Y, AEHTO DNN O@ICH WA REBDO L FNESE - RFEIT2 2L
ZHET B 72, REIOBHICE > THEGT 22—~k (flzidx, y, p%H) TER
LEHT 5.

3.4.1 MLP Z DNN

FTa—Xr L TiDEERZ DNN TH2S MLP # HWBEEICOWTHHST 5. MLP O
ANBZH 22 A7 by, HAE» BN HIRT bv, ROEAIRZ FLOIERY
BBITNNART M EZNEFIRX, y, MU p CEFETS. ZNETIKHHALKED, DNN
7 a—&X MFCC ¥ total amplitude Z A JFE L 5728, MFCC C % 1 ZticEE
(X2 + k) L, total amplitude X7 ML v ZFEA L KJ + J RITDORZ bz AR
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Fig.3.4. Architecture of MLP used as the DNN decoder.

M x¥t3b. ZOrE MFCC CREANOEEESH»S 23 HOFETERETA LD
DEMAVD. E£72T7NURT ML pld, ANOBEEES»HEEHRE IS IRIERARZ by
SAHX BRZ PULLTESGNS [T RTTORZ CLeT 5. itoT, IJRKTDORY AT
HHMORZ vvy &, T xJRXEOITHNCER (175 35 22T, FHIFEROIRER X
I RIS LB/REIENTES.

MLP 0812k, XARd MSE 8RBz v 5.

Luvse(y.p) = |y —pll3 (3.10)

2T, || BITHID Ly 2 AL THB. MLP OFETIE, ZOHEKBEBOMEINS 25
£9, BEMERBICE > T2 TX—& (EAREKROIANL 7R) BR#ENLT 3.

Fig. 3.4 ARG THW/z MLP OfiExR3. ANE, BIVE4E, NOCHTEDE 6 8
B3R5 2HER DNN 725 T%. DNN ¥8ROAMHAMEZ EE T 272012, &L
J& D IR R RN X rectified linear unit (ReLU) Z{#HHLTW3. Ziuc kb, HARZ
FMUE O EOBEREROZ e M EE NS, £, FRAUEOXITTEZA SN & IEE I
1024, 512, 512, MU 52275 LFRELTW5.

3.4.2 BiLSTM & DNN

7 a—&¥2 LTWA RNN (bidirectional RNN: BiRNN) o—fT& % BiLSTM %* H
WABIEEIZOWTEHHAT 5. BiRNN &, MFCC A7 bnr2J L%ED LS IR WS
VB OXRITZFFO AN LT, KEAROHEYEZZE L EEDAEER DNN TH 5.
BiRNN O#iE#% Fig. 3.5 IZ/-3. #HED RNN &38R D, @ED O ARRNOARK D Sk
DMIFAIT 22D RNN ZE# L, JRZIOMREMELLb02 e T 2MiELR > T
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Fig.3.5. Architecture of BIRNN used as the DNN decoder.

5. ZOK, BE»PLAKOTH (LIE, EAHEMESR) O% RNN Oz @A o IHIZ
" w? D) dckmemzosE (g, WHEEIER) 0% RNN O %8B
S b b .. b v 52, 2ok, @HEO RNN BT 3 BRFITHO &5 2t~
F4 Y DAINEHIGE L TWRWA, REDOXRILZFiD MFCC & U total amplitude DN v
FAINZHLTIE, MLP & D 3D 0ART X =R TENBERBRNEF O e/ TE 5.

BiRNN O Ay, 71, kU~ vk zhzh X, Y, NUP L EHRTS. Zhodk#E
WORTTERFOTD, DD 2RILDT—R Kb, KgXiZBWVWTIX, MFCC & total
amplitude ZRD X5 ITHE LA T Z AT X L ERT 5.

X = [UC;] e RE+D»J (3.11)

T2, HAY RUEFZNV P EBERIBARZ bu 42050 THD, WIntd I x J DIEA
118l 72 5.

BiLSTM %, BiRNN IZ51F % WJ5ED RNN 12 LSTM 2= v + [26] Z Wi 2o
DNN TH%. LSTM 2=y F ®HN# % Fig. 3.6 IZ”¥. TIZT, LSTM 2=y hADAS]
ROt hEzhzh X e RP* U H e RPXT v #H#L, ZASORL jicBFsRY b
VEzhehx; U h; Y ERLTWS. ¥z, D RO D EEheh o LSTM 2=y b
WKATTENTREETO X OFEBEDOITTHL I ZD LSTM 2=y s 5 XN B TD
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Fig.3.6. Structure of LSTM unit.

H ORFMEOXRICHMTH 5. Fig. 3.6 DEEBOFHEIIRAL 72 5.

f; = o(W'x; + R'h;_; + bf) (3.12)
i, = c(W'X; + R'h;_; +b') (3.13)
¢; = tanh(W®X; + R%h;_; + b®) (3.14)
c;=fjoc;_1+ij0¢; (3.15)
0; =0(W°X; + R°h,_; +b°) (3.16)
h; = o, o tanh(c;) (3.17)

ZIZT, o) BRZ bIxT B w4 R, W Wi We, g We iR 5 icB8
BANRZ PV x; T 2 EAMERATYI, RE, R, RS, RO R &, Kl j—11cB23H
HRZ v v hyog T 2EAREITE, bf, b, bS, KU be %, ZhzhoREBIcHT 3
NA 7 ANRZ ML, tanh(:) 1ER 7 P VIS 2 WHHFRIESZREIEL, o 3R MLV OBERBOREE
zhztund. £, SHF— b eEEh, KEj — 1B 2 BRHGERERY ML e 2056
COEBREFT 2PRET 2T ML THS. i GANF — b eMEh, B icB3 23 A
HRZ PV % ROKEE § — 1ICBI2HANZ b hjy 26 EOBEREHERET 2 0ET
BT MVTHB. o) EHAT — b e, K j 2B 2HHARZ b h; ZRD 2720
DORZ MAVTHS. BHF = RCATZ =+ i; ZHWT, B 0B 2 RIFEERE c; 2
Bonzd. ZAZRIEHAEKRCHEHBEITTS 28 TRRYIF—& 2 LT¥ET 5. EitEIEAm
DHFETH D, WHAOEE, Rl jIcB 2 RIFGENRS ML co; RUFEGEEARZ bl hy
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Fig.3.7. Data flow in the multi-layer BIRNN at time frame j.

&, K+ 1 2BT 2 RPEELIEARY MV cjp MCTEHELIRARZ MV hj ZHWTRD 5.

BiLSTM (& Of BiGRU) %2 Z @b L-5ED0MHE%R, Fig. 3.7 3. HL, fEiFED®
12 Fig. 3.5 ODH WM 7L —24 j T2 AN SN ETOIRAKZRLTWS. R
T, Fig. 3.7 T X512, Rl j BI 2 AN X; 5420 LSTM 2=y FZEL T,
h; 292, ZoOR, BILSTM TEIEAADHARZ b b ROEHADHARZ b
W s En, ZOERBORERD, 707 ) Y ETok~s MVERE j 2B 3 H
JIRZ b hy & LTS . &8, Fig. 3.7 O LSTM 2=y FOHIR 7 PLOBEZEEBIZLT
I RELTWS.

3.4.3 BiGRU # DNN

Fa—&¥ LTBIRNN O—#TH % BiGRU ZHW\W35EICOWTHEHAT 2. AN, 7,
KT Lk 3.4.2 THTRAR 7= BiLSTM D& L FEETH 5. BiGRU 1, BiRNN 2813
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hj—l /

A

Xj
Fig.3.8. Structure of GRU.

WFE D RNN 2 GRU[27] Z W& %52 DNN TH 5. GRU OHN#H% Fig. 3.8 II/R
¥. 22T, GRUAND AWK U ZZHER LSTM LAk X € RP* RO H € RP'*/
YEHRL, TNOOR jICBIRRZ MLEZAENX; KU h; LERLTVWS. £z, D
KO D idzhzhZd GRU IKANENRERTO X OFRHEO I KR L Z D GRU » 5
HAOXN 2K TO H OFMEEBOIOTETH 5. Fig. 3.8 DEEHROHEIXR 725,

rj =0(W'x; + R"h;_; +b") (3.18)
h; = tanh(W"x; + RP(r; oh,;_;) + bP) (3.19)
z; = 0(W?x; + R”h;_; + b”*) (3.20)
h;j=(1-2;)oh; ; +zjoh; (3.21)

22T, W2, WE, 0 WE IR j 12581 3 AR B L X IS 3 EAREITYI, R,
R*, RORPZ, B j— 1128 2 AR bbby IS0 2 EAEEGTH, b%, b, &
U bl i, ZhZHOBBICHT 234 7 ARY M VEZNZIES. 1 Yy FF— b
FEEAL, W G — 1B A HAIRY ML by 225 YOBEREREBET 2 HIET ERY b
TH3. z; FEHFZ— b LIRZN, K ICBF3ANRY L, 55 Y OEERRET 2
DRET X7 PVTHS. Ve br—br; KOEHS— b z; ZAWT, HAXZ b
h; 218%. ZHERIEAFKREHHATTS 28 TRRIIT -2 LT¥E T 5. BILSTM T
DFHMA L kI, FRIIEAAOBAETHD, HHMOEE, K jI1cBd 2 RFRERS b
ARCHARZ PV hy i, B+ 1B 2 BHEERY ML by ZHVTRD 3.
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2L L7256 0 BiGRU OfiEIX BILSTM 2FIU K Fig. 3.7 X5 1hobIxnb. &
GRU o hRZ P L OBEEKD, BILSTM OFF L FMICET I T RELTWVWS.

35 AEDXC®

ARETIE, 1 ECHMEOHIHEIT > 2REEERS AT 2O MRFHY, REFERS R
FLDMESE B, BT EORREEIT- 7. 3.2 8Tk, IREFEM S AT LDy a—
XTITOEm, B, ROEROMETIEOHH L HECEREOEAMECHW2 VAE ©
BEARWZBICOVWTHA L. 3.3 HiTilk, IEEFEK AT LOMETH 2 EE, &, X
UEED 3 ODOEERMEDP SRIERARY bar 7 LDOETLTERVEEICOVWTERL,
fR 3 2 ik e UCIERIE 2 £ 15347 2 5 MLP %! DNN, BiLSTM %! DNN, & BiGRU
B DNN ZHW/TFa—ZOERERE L. 34H T, Fa—& LTHWS MLP #!
DNN, BiLSTM % DNN, K ¥ BiGRU # DNN i OWTO#HBAZITY, KX TIT S FEBk
THWEBOMERZHH L. XETIX, 3.4 HCTHHALZ% DNN oz HwT, &,
B, NUBERD 3 OOEENEED LIRBARY va /7 L0 FHlT % DNN 228 L, 7
A b7 =2t T 5 TRIEE O 21T S .
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o4 5

RIBANRY FOT 5 LT RIEE

41 FRHE

KRETIE, 3ETHPLLRREER S AT LADBRTREMBETH 2 DNN 1cHESL F
a2 — X DEBROFEIMN CFEFICOWTHAT 5. 4.2 H T, DNN OB ICHW 2 2855 7 —
M OEERDOEMEZHAT 5. 4.3 5T, 3.4 8N 4.2 HiCaHH L - EEREFIcE S %,
% DNN I L CEBRZITV, TR TF—XIHTBREARY v a s s 20T HRERZR
T, 44 8T, FHIZIALRIERRZ Fa 25 a0 MECC MR M CHRIEAR N 322 %
WT, % DNN OFHEE QBT Z1T 5. 4.5 §iTid, TR BEREES0ERY D%
WEEB L LOREE > TH Z 2 2 00 FEEHMIER N N2 Ol Z1T 5. 4.6 HiTl, RNE
DFEEDEITS.

4.2 RERZMH

REERTH W 2 235 E 512X, neural audio synthesis (NSynth) [33] ¥ FEEh 37— &
ty MEHWA. Nsynth &, %> 7V > ZREBED 16 kHz, FER4s OERESTH 5.
1 EHORE & 3 BB RO GEESHIERINTVS. 7—& &y ML 305,979
FAZEZIATED, 289,205 HO¥EH 7 —%, 12,678 HOMAET — %, 4,096 fHD T X + 7 —
2o THESNTWS. Nsynth OFEREEBED 7 — X% Table. 4.1 113, &&
!% note number &IN5 C-1 (note number: 0) 725 G9 (note number: 127) £ TOD 128
BFETERSN, Fig 421077 &5 KHEKGE CHYIZHMOEHRMAEZINATVWS. X
7z, BEEBEEICHEHMT 5 STFT kU MFCC NOZEHUZH W5 % Table 4.3 1IZ7R7F.

# DNN OFEZEM2HMAT 5. % DNN OFEFIZEWT, HABKIE MSE r 22 V2.
7z, FEOTKRy Z7EIZETD DNNIZBWT 50000 =Ry ZIZEET 5. DNN O Fi#E b



Table4.1. Number of data for NSynth [33]

42 RERFH

Family Training data | Validation data | Test data | Total
Bass 65,474 2,638 843 | 68,955
Brass 12,675 886 269 | 13,830
Flute 8,773 470 180 9,423

Guitar 32,690 2,081 652 | 35,423

Keyboard 51,821 2,404 766 | 54,991

Mallet 34,201 663 202 | 35,066
Organ 34,477 1,598 502 | 36,577
Reed 13,911 720 235 | 14,866
String 19,474 814 306 | 20,594

Synth-lead 5,501 0 0 5,501
Vocal 10,208 404 141 10,753
Total 289,205 12,678 4,096 | 305,979

0.010 e
0.008 1 \\\\\\
g
E 0.006 \\\\
(®)] \\\
C \\
-é \\\\
© 0.004 )
g
0.002 \‘\
0.000 T T T T N
0 10000 20000 30000 40000 50000

Epoch

Fig.4.1. Relationship between the learning rate and the number of epochs.

Fi2id Adam[34] ZHW5. Adam OEADRELT LT Y X L% RKRITRT .

g® =ve(w)
m; = pymy_1 + (1 — Pl)g(t)
pavi_1 + (1= p2)(g™)?

Vi =
N m;
m; =
1—pf
A Vi
Vi =
1—ph
Aw® = - — Ty
\V \A’t +e€ ¢

WD — w® ¢ Aw®

31
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Table4.2. Range of pitch for NSynth [33]

Family Training data Validation data Test data
Lowest | Highest | Lowest | Highest | Lowest | Highest
Bass 9 109 9 108 10 108
Brass 21 96 24 108 25 108
Flute 21 108 21 108 21 108
Guitar 9 120 21 108 21 108
Keyboard 9 110 21 108 21 108
Mallet 9 120 21 120 21 119
Organ 9 120 9 108 9 108
Reed 21 108 31 97 31 97
String 23 105 24 96 24 96
Synth-lead 9 120 - - - -
Vocal 9 108 21 108 22 108

Table4.3. 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

ZZT, Llw) kT widenz BRI DNN ORECEBEZ L DRI ML TH
b, my MO v, ZVTNDBREDOAMENERTE— A VXL MEINZBETHS. F/2, L
P& CFD ¢ 3R (EBES) ORERRERT. m R v PERINTWS 22Tk
D, ZEHEHICHB T 2R Z M A 7205 Edh oL EREELATRE L 2 5. 1 (4.2)-(4.6)
HDANA R=RT X = RIFTNTIEEN R EMTH S ¢ = 1.0 x 1078, p; = 0.9, R
p2 = 0.999 ICEET 5. EHE X, UIHIEE 0.01 LEEL, Fig. 41 XRT IRy
7 250000 TO 722 KO RAT P 2=V Y TRRET 5.
AREXLDEERTIE, UTOZEMATHE DNN O¥E 2175 7.

o FEREFHUIIHRA 50000 =Ry 7T 5
e £2T® DNN T3 1000 =K v Z13¥H %2175
o R 100 TR v ZLINIZ, MEET — XIS 2 8RB D v MEZ BH © & 2 AUER
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Wk T 9%

X5, FEPITHEET — 2 2 AW TRD 2 MAERZD RN E 72 2 72F8D DNN D85 X — &
PHREFLTEBE, XOINIWHEIRZZ ISR L ZRICOAINEEH L. Eo T, FEK
THRICEDMAFEEZD/NE o572 DNN D5 X — R 2 RIEL

43 REER

ARETIX, 3.4 HiTHIH L& DNN OFRMAK S 4.2 SiTHIA L 27— X R B LR DM
WHED W EBRHEROFE 21T 5. 4.2 HiTHEXRZEEHOW, KX Tld A4 (note number:
69) DHIERE D AN L TERZITo TR EZRT.

Figs. 4.2-4.4121%, &b FHFKEE D ED - 7= Flute, FHEMIEE TH - 7= Keyboard, &%
b THREEDOKD - 72 Mallet DFEREZNZIURLTWS. £, EHEROKD (a), (b),
(c), MU (d) &, ANBEEBORIEARY vu2r'Z s, MLP oFHllfER, BiGRU OF
FER, MU BILSTM OFHIfEREZ 2 2URLTWS. 2B, ZhsDRERELIORERIC
DVWTIEIER A ICE LD TRT.

%7, Fig. 421, 7AMN T —Z0HTHRH @MHERTHN T X7 Flute DFERTH 5.
MLP O FHIFERIE, FAEMEER CIRBOBELY2 FHITETWS. LirL, FHKERCEME
(Fig. 4.2(b) IZBI 2 H) HEL RN, ZOFMEIFRMIEMICEER LB ATINREAY
LY, BEDHICOEDB->TLES. ZOHEEHIEZLH6NBEKE LT, MLP 0% 4
JEDEART X — XD 512 x 52275 = 26764800 £ % <, IEMER T X —XDEHPITZ TV
BROWHREMES DT 5N 5. ZHICH LT, BiGRU K& UF BILSTM (& # i #E M CRIE D 5=
FERECTHILTED, MLP IKHRTHEEIDRVDTFRREELE W WL 5. BiGRU
KO BILSTM %3 2 &, % 0.2 kHz L RO Tl BIGRU O A FEEDE L, JEK
1.3 kHz L EDOFHNZ BILSTM O 2FEENE WL E X 5.

Xz, Fig. 4.31F, 7 A T =X OHTH W THIKEE TH - 72 Keyborad DFERTH
%. MLP X, F##$0.2-0.3 kHz TANEBESOREARY ba 7T ZTHFE LIRWVEK
BOBEE FHILTWS. £, 20 Keyborad DRET H 2 HRIE D B & B IR 7 D ARIE
WEYEENFRNZETFRITETCWRWI b2 5. AU LT, BiGRU & BiLSTM
RS N CIRIBOREZ SREICTHILTED, /200l L7z 2D Keyborad DR D F
BlcETWw3. BiGRU &MU BiLSTM % 3 2 &, JAHE 0.4 kHz DUR R U 1.3-1.7 kHz
WBWT, BiGRU BANBEZEEEORIFERARY b 27T ZAFELBEWRIEEZ FHIL TW 3
23, BILSTM IZANEZBEEORIERA R ba s T MTHFE LR WIRIENH E D Ao kn
Z 5 BILSTM OB FHIBESEVWE WR 5.

®1212, Fig. 441, 7 A M7= OFTHRDS FRKEELMKD o 72 Mallet OFERTH 5.
MLP (&, JARERGE N MIRIEOHEZ 2L FRITETVWARWL. 2 LT, BiGRU &MU
BIiLSTM &, & % FEEEJE AR E N IRIEDME % FHITECTWw5. BiGRU & BiLSTM
T 22, FPFEE 0.4 kHz L TI2BWT, BiGRU AN BEEBSORIER R bnr5
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Fig.4.2. Example of spectrograms for test data (acoustic flute sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.

Frequency [kHz]

Frequency [kHz]

Time [s] Time [s]
Fig.4.3. Example of spectrograms for test data (synth. keyboard sound): (a) original,
(b) predicted by MLP, (c¢) predicted by BiGRU, and (d) predicted by BiLSTM.
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Frequency [kHz]
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Fig.4.4. Example of spectrograms for test data (acoustic mallet sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.

3 4

DCHEELBRWIRIEZ FHIL TW223, BILSTM ZANEZEESOREARY buZJ A2
FHELBWRERXDE D RohnwZ 206 BILSTM OB THIBENSWEWZ 5. Ly
L, Figs. 4.2 &0 4.3 @ Flute &2 ¥ Keyboard D&AEHE ¥ H#id % ¥, BiGRU & ¢f BiLSTM
TOTFEREENMENE WR 3. 24X, Mallet IZFT3REETH Y, Z OEEIIEHE BB BHEE
YRR R o TV A Z L BERTH B L EZ B,

4.4 HRIBMEXERERTU MFCC MM EREICE D < RERF

HIEi T, AN PHIRERO Y —2AXT v ar o Az Ui E R Z2To 7. &K
fiTlk, PHENLRIEARS s v 7o 20T 2 PRIKEEOZEBFHEZ1T 5. KX T
1, FBEHMETEE E LT, IRIEMET =337 (amplitude relative squared error: ARSE) & Uf
MFCC tHxf —3fEiH 72 (MFCC relative squared error: MRSE)[35] Z W 5.

¥3 ARSE i3, ANNCHW-BEES» O ESGITREINIIRIEARY /I skHEE
L, ¥% DNN Fa—X»ro PN B RIER RS v u 2o 2 2#fEEE LT, Zhs o
M 72 3R E 2 B BIEHMEIREICH WS, ARSE 3R THEh 5.

J I ~
Djm i (T — 24)?
J I
Zj:l > iz (ig)?

iz MRSE 1%, ANWICHWEEEEZShoEEFEIN S MFCC 2EfEYx L, %72 DNN
Fa—ZnbTRHENZREARZ barF L0 MFCC 2H#EMEE LT, ZhsDHExH%R

ARSE = 10log [dB] (4.8)
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IR R RBIAHIR BV 5. MRSE B3R THREINS.

J 14 .
Zj:l D h—a(Crj — Cxj)?
J 14
Zj:l > ko (Crj)?

IIT, k=12, K EMFCC ORITDA ¥ T 7 A% RS, £, cp; RO & 1FZhE
MNC KU C OEHETHS. MFCC I3 1 KLEHNEREZRTHHRETDH Y, BATICK2(1E
CIERENHET S, 22T MRSE T, ROIBEAEDOEREEZATVEIRILTH S MFCC
D205 14 Xt EHWTEHET 2. ARSE KU MRSE X ED/ NS WY, FRIKESEWV
%Y. ARSE X, ANNEEBEEOREARY a2l I A ERLRIERARY ha o
LDEAERRDBZLIFTE LD, HEFERS AT LORETH 3 ELOELEERD 5 D
DTV, 22T, ARSE AT, BQOELUEDAERDZ Z 2 DTE % MRSE %
W3 ZeT, IRIEARY ba 7S a0 THKEENEL, BOLROHHTEZS DNN 7a—-X
RRET 5.

4.3 EITRLUMEREZED, 4.2 HITHMH L NSynth iI&ENh2 A4 D53 HDT A+ 7 —
213t LT, % DNN 7 a—ZTFl{Tw ARSE KX MRSE #8 i L7-. BH L7 ARSE
K O* MRSE D388 D)% 22 Figs. 4.5(a) & (b) IR, ¥, DNN Z¥
DIt#E#1TS. ARSE OFER T, MLP & BiGRU & BiLSTM 2R 2 L RIFR <7 +
0275 ADFHKEE DKL, BiGRU X BILSTM 2 [AHs L3P LE 3IRIERARZ a2y
FLDTHNEETH 2 L WO FHEiZHRTWS. 2K LT, MRSE O#RTIX, MLP X
BiGRU Kk BiLSTM 2l % & HEO FRIFEEME <, BiGRU O&H GO FHIFEZIZ MLP
MO BILSTM O DTH 2 L WIHFHizFTWVWaE. ZOZ LU TOZ b
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MRSE = 10log [dB] (4.9)
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RI12i13% %
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AN

e BILSTM I3RIERRZ b 275 AOTHREN CECOTHREO LS 5 &b EW
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TR IZE WD, FEOFTAKE ISV IRV, RS, 4.3 HiTHD _EIF7 Keyboard
%, RIEZRZ Fa 2S5 a0 FHREEIZE L 7w, ShoTIREIIEVwEWE 5. REIC,
4.3 HiTHLD LiF7: Mallet 1&, WiaHliE#E T FRIRBEMERW MBI N TNV Z e 200 5.

IS DEBIFHITORER D 5, Mallet D & 5 72 R 72 8 B E % 1O 288535 B R <
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Fig.4.5. (a)ARSE and (b)MRSE results averaged over test data for each musical instru-
ment.
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Fig.4.6. Evaluation flow of DMOS test.

Table4.4. Evaluation opinion and its value used in DMOS test

Evaluation opinion Evaluation value
Degradation is inaudible. 5
(Hlbz e KTV
Degradation is audible but not annoying. 4
(FLEFRD 5N D DK BV
Degradation is slightly annoying. 3
(BB DFPICRICHB)
Degradation is annoying. 5
(BILHZUTE )
Degradation is very annoying. )

(BRI RUTT2 B)

e BiGRU %! DNN KX BiLSTM %! DNN @ ¥'5 & 23 EkE B 72 Tl a] GE 2 % 514 3 2

Z TR TIX, HFBMEHGTFIE L LT degradation mean opinion score (DMOS) %
[36] Z V5. DMOS ¥ id, Fig 4.6 1IR3 X512, RICAYOEEES 2 HHE TR
L, RICTHIL=HFEEE52HBEIERTS2 22T, FHLASEEELIAMOEFEESH
HEDRELNL TV B0 % Table 4.5 1[I ROFHIEZ VT 2 HETH 5.

FHFHMHESR T, 4.4 HORBIIIFHMEEECTE WM 21572 BiIGRU & U BiLSTM O #4
EWMR L, BAETIEEEEBR4A4HCHML - EEESEHAVE. HETIEEEEE,
ARYDOBEEEE 53 K LT, IRYOEEEE L BiGRU X FHIL - SE8E52HKT 25
i RO TRYIOEZEES r BILSTM 2 FHlL - 58 E5 2 KT 25K 2HEL, &3
106 18 o LB Z IR 2 5 E IR 5. CoF, TEFHMIASEHREIAOSEEE LT
B L 7= H2(ES5DMIC Fig. 4.6 DX 2 HOEEFXBEHA LKL, X512, FEEFHMHFERIC
BOTEBEHE A SRR O TH % 53 HOFHMEAKE T L2k, 5 HOKREEERS X511
L.

FEIFHESEERX, MATLAB TE L7 GUL 7 7V 5 —> a YW TITo /2. IR
FEFIEE RS .
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Fig.4.7. MATLAB-based GUI application used in subjective test:

(a) instruction pre-

sented to subjects, (b) initial setup screen, (c) questioning screen, and (d) an-

swering screen.
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Fig.4.8. Box plot of DMOS values for each musical instrument. Central line of box plot

indicates median, asterisk mark in box indicates average, bottom and top edges
of box indicates 25th and 75th percentlis, (-) indicates the number of test data for
each instrument, and notch of each box indicates difference between the medians
of the groups, respectively. If two notches overlap, the true medians of their
groups do not differ with 95% confidence.
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Fig.4.9. (a) DMOS and (b) MRSE results averaged over test data for each musical in-

strument.
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Fig.5.1. Architecture of VAE.
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Fig.5.2. Latent variables of timbre transition in the latent space of VAE when D = 2.
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Fig.5.3. Example of spectrograms for test data (acoustic string sound): (a) original and
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Fig.5.4. Example of spectrograms for test data (synthetic bass sound): (a) original and
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Fig.5.5. Timbre transition of sound generated by DNN decoder using transition of latent
variable from string to bass in latent space of VAE: (a) A = 1.0, (b) A = 0.8, (c)
A=0.6, (d) A=04, (¢) A=0.2, and (f) A = 0.0, respectively.



49

i
Tk

e
x|

AT, BOOMHMOEREITZ 2IRRBEER S AT LIZOWTHAL, RBEEERK
VAT LERBICHERIHIS AT LT, DNN 2HWEEE, &, NOEED 32D
FHED SIRIBARY b 27 22 FHlT 273 -2 RE L. IEMEEE 21T 2 %5 DNN
EFa—Xe L THWSZ2T, BRTRERTH 2 E0, B, NOERED> S ERITRIER
THIRIBARY v 077 AOTFRMRATREE #2572, 7 a—&iZi& MLP # DNN, BiLSTM
A DNN, & BiGRU #! DNN o 3 @2 W, 72 P F—XEZHWTIT - 7= FHIEBR 1T
W, 2 D OEBFHIHERE 2 F W 72 B BRI N OHRE 1 X 2 FBEME SR 21T o 7. FRE L
TiE, WHMAMEFE DNN T5 % BiLSTM %! DNN 2w &5, &f, RUEED 320
FEEP SIRIBEARY ba 2o AFHIEEWVHEETITA 2 220 ofz. MAT, BEFE
RS AT L% AW EBEE MO TRED & FERINCHGEE L7, iR e LT, BEEER
2T LERAVEZE TANBEEEOHRIIHZ2BEEETH L e nhoT2. T, B
HREHOEOHROHHDARETH 2 Z e 3 0h o 7.

RBRCSBOBEEARRS. RBBEBRINZHEL, TEEEOERNEEE DTS20
VAE ® MFCC £BMEEDMH EABHITF BN 3. FiEr LT, MFCC 3FRYF—XTH 3 7-
», T>a—&ZNUTFa—XIZ RNN ZfW/ VAE T¥E 32 Z & THREDNEDARET H
BrEZD. F, HOMEY LT, RIBARY a2 s s 2RRIRHICERR T 2 FikokE
BRETH L. XEHEL LTE, RIEXARZ 025 4% DNN Fa—XTFHl$T5 &5
2, DNN ZHWfitHRARZ v a7 s o FHIBEZ NS,



50

L

AEE, ) IEFEMARBBRIEHR L AR EIC TITONIMRICE S O TT.

39, AREEEDZICHD, TZLOL ZABCTIREL P30 LIEEHE O
W ARHIGERTC O & D EEH U P 3. AL RHIEEETICIE, SCESRI R ICE 5 2 5kin e
Y, O3 ETTEICITIEEN & L. BNTOERFEERIZILD, FEERESHESP
JFEMCAER P EELRRE G TWEL BN TEE L.

REROEIE T H 24 L2 —UeBEZ R OMTTIEMEBEIE, G O Otz B LT RZE
Bise S #THE, REBMEEICRD E L. ZZRELEILHFEL ETFET.

AR E ORIFITH 2 MK, HHRIK, NHEKICIIEEYE, Python, 717277 oADK
LR EDT FANL RZTAL R Y, AR TXATWEEEE L. ¥/, BEOBTI,
MR, $aARK, MAK, AIKKRCITHEORFEZIZLD L, Bic RETTHRERIEZED
CEXATOWEEFE L ZZWEHBLLETES

R D 35, BUERES T TROYPAEAEEICEZ, BHh L ASFo TR o M
BHORTHEZTEA. TRETALBCHINE S TV L.



51

SE Xk

1]

2]

[3]

[10]

[11]

D. O’Shaghnessy, “Linear predictive coding,” Trans. IEEE Potentials, vol. 7, no. 1,
pp. 29-32, 1988.

F. Zheng, G. Zhang, and Z. Song, “Comparison of different implementations of
MFCC,” Journal of Computer Science and Technology, vol. 16, pp. 582-589, 2001.
K. D. Martin, “Sound-Source Recognition: A Theory and Computation Model,” PhD
Thesis, Massachusetts institute of technology, 1999.

G. Tzanetakis and P. Cook, “Musical genre classification of audio signals,” IFEFE
Trans. on Speech and Audio Processing, vol. 10, no. 5, pp. 293-302, 2002.

M. S. Nagawade and V. R. Ratnaparkhe, “Musical instrument identification using
MFCC,” IEEFE International Conference on Recent Trends in Electronics, Informa-
tion & Communication Technology, pp. 2198-2202, 2017.

K. Kashino and H. Murase, “A sound source identification system for ensemble music
based on template adaptation and music stream extraction,” Speech Communication,
vol. 27, pp. 337-349, 1999.

T. Kitahara, M. Goto, K. Komatani, T. Odata, and H. Okuno, “Instrument Iden-
tification in Polyphonic Music: Feature Weighting to Minimize Influence of Sound
Overlaps,” FEuropean Association for Signal Processing Journal on Advances in Signal
Processing, vol. 2007, pp. 1-15, 2007.

T. Kitahara, M. Goto, K. Komatani, T. Odata, and H. Okuno, “Instrogram: Proba-
bilistic Representation of Instrument Existence for Polyphonic Music,” Information
and Media Technologies, vol. 2, no. 1, pp. 279-291, 2007.

D. Bogdanov, M. Haro, F. Fuhrmann, E. Gémez, and P. Herrera, “Content-based
music recommendation based on user preference examples,” Proc. Workshop on Music
Recommendation and Discovery, 2010.

F. D. Leon and K. Martinez, “Enhancing timbre model using MFCC and its time
derivatives for music similarity estimation,” Proc. Furopean Signal Processing Con-
ference, pp. 2005-2009, 2012.

M. Spiertz and V. Gnann, “Source-filter based clustering for monaural blind source

separation,” Proc. International Conference on Digital Audio FEffects, 2009.



52 ZEXH

[12] T. Barker and T. Virtanen, “Non-negative tensor factorisation of modulation spectro-
grams for monaural sound source separation,” Proc. INTERSPEECH, pp. 827-831,
2013.

[13] J. Engel, L. Hantrakul, C. Gu, and A. Roberts, “Differentiable Digital Signal Pro-

9

cessing,” Proc. International Conference on Learning Representations Conference,

2020.

[14] 1. Goodfellow, J. P.-Abadie, M. Mirza, B. Xu, D. W.-Farley, S. Ozair, A. Courville,
and Y. Bengio, “Generative Adversarial Nets,” Proc. Advances in Neural Information
Processing Systems, 2014.

[15] J. Gui, Z. Sun, Y. Wen, D. Tao, and J. Ye, “A review on generative adversarial
networks: Algorithms, theory, and applications,” IEFE Trans. Knowledge and Data
Engineering, 2021.

[16] D. Rezende and S. Mohamed, “Variational inference with normalizing flows,” Proc.
International Conference on Machine Learning, pp. 1530-1538, 2015.

[17] 1. Kobyzev, S. J. D. Prince, and M. A. Brubaker, “Normalizing flows: An introduc-
tion and review of current methods,” IEEE Trans. Pattern Analysis and Machine
Intelligence, vol. 43, no. 11, pp. 3964-3979, 2020.

[18] D. P. Kingma and M. Welling, “Auto-Encoding Variational Bayes,” Proc. Interna-
tional Conference on Learning Representations, 2014.

[19] R. Yu, “A tutorial on VAEs: From Bayes’ rule to lossless compression,” arXiv:
2006.10273, 2020.

[20] S. Bond-Taylor, A. Leach, Y. Long, and C. G. willcocks, “Deep generative modelling:
A comparative review of VAEs, GANs, normalizing flows, energy-based and autore-
gressive models,” IEEE Trans. Pattern Analysis and Machine Intellihence, vol. 44,
no. 11, pp. 7327-7347, 2021.

[21] P. Esling, A. Chemla-RomenuSantos, and A. Bitton, “Generative timbre spaces: reg-
ularizing variational auto-encoders with perceptual metrics,” Proc. Internatinal Con-
ference on Digital Audio Effects, 2018.

[22] Y. J. Luo, K. Agres, and D. Herremans, “Learning disentangled representations of
timbre and pitch for musical instrument sounds using Gaussian mixture variational
autoencoders,” Proc. International Society for Music Information Retrieval Confer-
ence, 2019.

[23] Y. J. Luo, K. W. Cheuk, T. Nakano, M. Goto, and D. Herremans, “Unsupervised
disentanglement of pitch and timbre for isolated musical instrument sounds,” Proc.
International Society for Music Information Retrieval Conference, pp 700-707, 2020.

[24] K. Tanaka, R. Nishikimi, Y. Bando, K. Yoshii, and S. Morishima, “Pitch-timbre

disentanglement of musical instrument sounds based on VAE-based metric learning,”



[36]

[37]

BEXH 53

IEEE International Conference on Acoustics, Speech and Signal Processing, pp. 111-
115, 2021.

ISO 532-1:2017, “Acoustics — Methods for calculating loudness — Partl: Zwicker
method,” 2017.

K. Greff, R. K. Srivastava, J. Koutnik, B. R. Steunebrink, and J. Schmidhuber,
“LSTM: A search space odyssey,” IEEFE Trans. Neural Networks and Learning Sys-
tems, vol. 28, no. 10, pp. 2222-2232, 2016.

K. Cho, B. V. Merriénboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk,
and Y. Bengio, “Learning phrase representations using RNN encoder-decoder for
statistical machine translation,” arXiv: 1406.1078, 2014.

D. O’Shaughnessy, Speech Communication: Human and Machine. Addison-Wesley,
1987.

J. W. Kim, J. Salamon, P. Li, and J. P. Bello, “Crepe: A convolutional representation
for pitch estimation,” IFEFE International Conference on Acoustics, Speech and Signal
Processing, pp. 161-165, 2018.

L. Hantrakul, J. Engel, A. Roberts, and C. Gu, “Fast and flexible neural audio
synthesis,” Proc. International Society for Music Information Retrieval Conference,
pp 524-530, 2019.

S. McAdams, S. Winsberg, S. Donnadieu, G. D. Seoete, and J. Krimphoff, “Percep-
tual scaling of synthesized musical timbres: Common dimensions, specificities, and
latent subject classes,” Psychological research, vol. 58, no. 3, pp. 177-192, 1995.

S. Lakatos, “A common perceptual space for harmonic and percussive timbres,” Per-
ception & psychophysic, vol. 62, no. 7, pp. 1426-1439, 2000.

J. Engel, C. Resnick, A. Roberts, S. Dieleman, D. Eck, K. Simonyan, and M. Norouzi,
“Neural audio synthesis of musical notes with WaveNet autoencoders,” Proc. Inter-
national Conference on Machine Learning, pp. 1068-1077, 2017.

D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” arXiv
preprint arXiw, pp. 1412-6980, 2014.

K. M. Indrebo, R. J. Povinelli, and M. T. Johnson, “Minimum mean-squared er-
ror estimation of mel-frequency cepstral coefficients using a novel distortion model,”
IEEFE Trans. Audio, Speech, and Language Processing, vol. 16, no. 8, pp. 1654-1661,
2008.

ITU-T Recommendation P.800, “Methods for subjective determination of transmis-
sion quality,” 1996.

D. Griffin and J. Lim, “Signal estimation from modified short-time Fourier trans-
form,” IEEE Trans. Acoustics, Speech, and Signal Processing, vol. 32, no. 2, pp. 235—
243, 1984.



54

RERXE—E

&

B

1. Shoya Kawaguchi and Daichi Kitamura, “Amplitude spectrogram prediction

from mel-frequency cepstrum coefficients using deep neural networks,” Journal of

Signal Processing, vol. 27, no. 6, pp. 207-211, 2023.

T EERRE

1. Shoya Kawaguchi and Daichi Kitamura, “Amplitude spectrogram prediction

from mel-frequency cepstrum coefficients and loudness using deep neural net-
works,” in Proceedings of RISP International Workshop on Nonlinear Circuits,
Communications and Signal Processing (NCSP 2023), pp. 225-228, 2023.

ERF=

L IEAFt, Jekt R, “A51H RNN ik 2 MFCC RU7 7 K2 A0 5 DIRIERARZ T

0277 A TR ERILEER 5 134 FIERERRIEIR R (FFY 2R YT 4 2022)
vol. 2022-MUS-134, no. 60, pp. 1-6, 2022.

2. JNEF, JeA Kl X518 LSTM 12 &% 5 7 R 2R MFCC 22 & ORIER R 2

FaZ g AT EHE,) HABTEER 2022 FEFRER R MEGRCE, 1-1-16, pp.
1471-1474, 2022.

AR, A ORHY, JESAFRCE, NIEEI, <EBEROT AR D CRE R — 3 27—

> a YIRPUR,” BT EHEE R 5 3T EIESAE Y VR 4 A13-2, pp. 308-313,
2022.

- DR, NIEPRE, bk, “7 5 4 > R HIRDEED 72 D 0 B — 563 FEEE X s

55 26 0] HAGEZ AP &R E KM A RE R, p. 17, 2023.



55

T8 A
IRIER R b5 LOFAER

AT, AKX THBLARP LR OMRICONVWTE D THET 5. Figs. A.l-
A.50(a), (b), (c¢), RTr (d) 12k, ANWNBEEBESORIEARSZ ba2Z 4, MLP @ F#ll
%, BiGRU O PR, MU BILSTM o FHIFER 273 . Figs. A.1-A.13 121X bass,
Figs. A.14-A.15 1Zi& brass, Figs. A.18-A.23 iZi& guitar, Figs. A.24-A.33 Figs. A.34-A.40
IZi& organ, Figs. A.41-A.47 IZ1& reed, Figs. A.48-A.49 (21X string Fig. A.50 1Zi& vocal
DIERZ ZNZIURT.

:l_ﬁ'ﬁ?!*i'."'ﬁ!' T P e ( b )

i
T A R b M T
f

| SRS S e o T

Frequency [kHz]

Frequency [kHz]

i == g
T
0 1 2 3 4
Time [s] Time [s]
Fig.A.1. Example of spectrograms for test data (synthetic bassl sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.2. Example of spectrograms for test data (synthetic bass2 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.3. Example of spectrograms for test data (synthetic bass3 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.5. Example of spectrograms for test data (synthetic bassb sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.6. Example of spectrograms for test data (synthetic bass6 sound): (a) original, (b)

predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.7. Example of spectrograms for test data (synthetic bass7 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.8. Example of spectrograms for test data (synthetic bass8 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.9. Example of spectrograms for test data (synthetic bass9 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.10. Example of spectrograms for test data (synthetic bass10 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.

Frequency [kHZz]

Frequency [kHz]

Time [s] Time [s]
Fig.A.11. Example of spectrograms for test data (synthetic bassll sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.12. Example of spectrograms for test data (synthetic bass12 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.13. Example of spectrograms for test data (synthetic bassl3 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.14. Example of spectrograms for test data (acoustic brassl sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.15. Example of spectrograms for test data (acoustic brass2 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.16. Example of spectrograms for test data (acoustic brass3 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.17. Example of spectrograms for test data (acoustic brass4 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.18. Example of spectrograms for test data (acoustic guitarl sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.19. Example of spectrograms for test data (acoustic guitar2 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.20. Example of spectrograms for test data (acoustic guitar3 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.21. Example of spectrograms for test data (acoustic guitar4 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.22. Example of spectrograms for test data (acoustic guitarb sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.23. Example of spectrograms for test data (electronic guitar sound): (a) original,

(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.24. Example of spectrograms for test data (acoustic keyboardl sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.25. Example of spectrograms for test data (acoustic keyboard2 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.



68 IR A IRIEIRY bS5 LOFRFER

Frequency [kHz]

Frequency [kHz]

Time [s] Time [s]
Fig.A.26. Example of spectrograms for test data (acoustic keyboard3 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.27. Example of spectrograms for test data (electronic keyboardl sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (electronic keyboard2 sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (electronic keyboard3 sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (electronic keyboard4 sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (electronic keyboard5 sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (electronic keyboard6 sound): (a) orig-
inal, (b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by
BiLSTM.
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Example of spectrograms for test data (synthetic keyboard sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.34. Example of spectrograms for test data (electronic organl sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.35. Example of spectrograms for test data (electronic organ2 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.36. Example of spectrograms for test data (electronic organ3 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.37. Example of spectrograms for test data (electronic organ4 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.38. Example of spectrograms for test data (electronic organ5 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.39. Example of spectrograms for test data (electronic organ6 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Example of spectrograms for test data (electronic organ7 sound): (a) original,
(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Example of spectrograms for test data (acoustic reedl sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Example of spectrograms for test data (acoustic reed2 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Example of spectrograms for test data (acoustic reed3 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.



Fig.A.44.

Fig.A.45.

Frequency [kHz]
o
u -

Frequency [kHz]

3 4

Time [s]
Example of spectrograms for test data (acoustic reed4 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.

Frequency [kHZz]

Frequency [kHz]

2 3 4
Time [s] Time [s]

Example of spectrograms for test data (acoustic reed5 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Example of spectrograms for test data (acoustic reed6 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.

L3 el e Y - Sy - T ( b )

A, Rl o ) S e ey R
o  Te S e o S e Tt

s T Tt Ll e P -

Frequency [kHZz]

Frequency [kHz]

Time [s] Time [s]
Example of spectrograms for test data (acoustic reed7 sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.48. Example of spectrograms for test data (acoustic stringl sound): (a) original,

(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.49. Example of spectrograms for test data (acoustic string2 sound): (a) original,

(b) predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.
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Fig.A.50. Example of spectrograms for test data (acoustic vocal sound): (a) original, (b)
predicted by MLP, (c) predicted by BiGRU, and (d) predicted by BiLSTM.



