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Fig. 1 Detailed process flow of the proposed sound

generation system [6].

REMTH o772, ARETIE, E - EHHE (ong-
short term memory: LSTM) [8] Z=v +Z MW7
MAMERE =2 -5 1%y b7 —2 (bidirectional
RNN using LSTM unit: BiLSTM) Z#7=12hlZ 7=
3SFEDL Y P HETRIEARY b a7 J 40
TR 2 BB LS 5.
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AN BEE Py a—-XGEL, BE, 58,
MUOEED 3 ODOFRHEZHMETS. 20 320k
BEIE, 2L o —RREX LT, EAFEK
B fo, XNVREBE TR 7 ARE (mel-frequency
cepstrum coefficient: MFCC) [9], MT'F ¥ KX &
EZNZNHNS. 2 TMFCC 21X, IR AR
IR CTRI SN BRI OEREEFOSTOORHE
THd. BEOADRHEZAIRELRR DM L T
279, EEPEREDHE D KMINARVEHET
HbH. 51Xz MFCC DA% VAE IZ AT
L, SRR DIA F 7z MECC DIBTEZE
Mz¥E 3 5. MAETIE, EAREBRE, VAE T4
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AFTIE, ZO7a—XIZDNN ZHW3.
DUEDRRE RS AT LOWMETH 5. BRI
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wave) [HIDERIVNE 725 K51, VAE kU Ta—

* Amplitude spectrogram prediction and evaluation from MFCC and loudness using bidirectional LSTM.
By Shoya KAWAGUCHTI and Daichi KITAMURA (NIT Kagawa).
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Fig. 2 Training process flow of the proposed DNN-

based timbre decoder.
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MFCC kU Y FXADA% A1 3% DNN =
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DNN D ANICEZ 2D T4, SEEmEHcEs
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I3 2 INALIERE 2 S T 2 B2 2 72, XD G
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ARETIE, SCHR (6] DFEERE X D LA R %
WET 5. BRI, 7a—&Z LTHW2 DNN
12, SXHk [6] THAE X7z MLP & DNN & BiGRU
AIDNN 7213 T4 <, BiLSTM %! DNN Z % 7= 3 f#
BEm O K, THIREZEZBRICHKT 2. X5
12, BRENRIREEED MFCC O THIFAZE % E
BIVICFH L, MOV THEm T 5.
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o] &b b EGNRmE AL LT, KT
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T IT, 7y BEBES IR Fourier 242 (short-
time Fourier transform: STFT) %M L1851 7=
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MG =1,2,---, JEZENFREAFER L > DA > F
7 ZARUVKE 7 L — 2 %Rms. —J7, MFCC &7 v
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ER

C
X = [ T ER(K+1)XJ (3)

v

ZZT, v=[v,ve, - ,vs]T RO K & MFCC OX
BTHs. ZOXEE, MFCC ANDZELRFZHWS
NBRIVT 4 NENY T LI BN RSR T 4L
DT 4 NVEEERELCTH5.

Bk 3 HEEHDIEZE DNN a2 —&XD 5 5 Bi-
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K tf BiLSTM A1 RNN (bidirectional RNN:
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LSTM 2=v b2 LT, Rl j e8I MR
MU h; 2T 5. 2K, BiGRU &U BiLSTM
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#%>. 728, Fig. 4 ® GRU LU LSTM 2=y bD
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72 (mean squred error: MSE) ™ 2 XX multi-scale
spectral (MSS) 1 R ZHBEEEIZH NS

Luse(y,9) = |ly — plf3 (4)
Luss(y,9) = lly — 9|1 + |[logy —log 9|1 (5)
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3 IRIEANRY FOY S LFRIRER
3.1 REREHG
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I LDTRNEEZ MR T 2720 DEBRITONVTIHR

%. R TH = BEMX N7z BILSTM O/EIE, X
#ik [6] T L7 BiGRU ® GRU % LSTM 2= }

TH%. MFCC OFEBEHIHEIRICIE, KA TERS
L5 MFCC Xt —35%#47% (MFCC relative squared
error: MRSE) 2R3

J 14 R
Zj 1 Zk 2(cnj — eny)°

MRSE = 101log
=1 Zk QCk]

[dB] (6)
T T, ¢y (3 DNN DASHRIERRZ + @275 5D
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Fa 2T A SEHERE L MFCC TH%. MRSE
HEMRNZEEREETH S e 2Ry, 7, R (6)
DD, HEOEREHR SLMEAICH S MFCC D
255 14 otk VS, ZOMOEBRSEMAICOWT
IR [6] ARk L7z, ¥BF—XRUTF A P F—
ZIZOWVWTH, Xk [6] 2B w.

3.2 HEER

Figs. 5 MO 6 ik zhzih, FEFEAD MLP, Bi-
GRU, KU BILSTM I LTT A b F—=XHDE T
I RUEFXFZ—D GABOWRIEARY v a 7S 1%k AT
L72BoFHREROFIZRLTWS. BIRIVICIE, ¥
7YX R—DGCGLED 6 EHEOEOEEE T — &
WHWTHEZE L 72 MLP 2 DNN, BiGRU %! DNN,
KU BILSTMZ DNN D 3212 LT, 7R FF—2&
HOHZET 7D GAE X AN L THIREERD Fig. 5
ThHYH, TANTFT—ZHDHEZFR—D CGAEEAN
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%, MLP ZHWRIEZR <2 F 125 A0 FHlldsk
BLTW2. 20 &5 R TPHIRROEMIEE 7 — &
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T RAZDADLIRBEARY vu o 2%k FHT 25
CeDIEEICHETH L B REBLTWS., —,
BiGRU & OF BiLSTM ZHW/=FHlTix, ¥7 /L
FR—DWEEIRD T A b 7 — X TG PR
RS T FREIC FHITETW5. BILSTM IZ2OWT
X, AKREB R B 2 AR E LA O RIE O Tl
HITATWB Zehbhb. T4k, BILSTM MU
BiGRU 23 MFCC kU2 v R 3 R O#E /5 A o i
HEEZERBLOOD¥YHTELILIGERL TV
Fig. 7 (a) & T (b) I&RF, MRSE % #HfifsE & L
THOWEEBNFHMETIE, ©7 ) RUF R — D%
FTBWVWT BILSTM 2 d SR EICTHIDBITZA TV
B0, X512 MSE 7 AR MSS 7 2
DWTIX, MSS B ADHREMEECTFHTE2ET
NEFEBRLTWE I ehbhr b

4 &DHOHIC

ARETI, SR [6]) THRD Bty b7 =212
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ICANBZ S TH D, Figs. 3 RO 4 ICRTHED 7' L ETHT 2ERETV, FENFHEE L LT
7 E {Eﬁ jc% - 1473 -

202249 A



IN

¥ ¥
= 23
> >
(9] (&)
C c 2
Q ()
3 3
o O’l
() (9]
e i
% 0.5
Time [s]
(b)

Fig. 5 Example of spectrograms of piano test data:

BiGRU, and (d) predicted by BiLSTM.
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Fig. 6 Example of spectrograms of guitar test data:

BiGRU, and (d) predicted by BiLSTM.
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Fig. 7 Average MRSE of the predicted amplitude

spectrograms for (a) piano and (b) guitar.
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