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BB R/ NFIGE R BT I G o, B DAAE a2 i 2 8 FOB T8 R - thoh, REBUUTIETE
o8 A A\ 0 P o A B R 0 B R . © R SO Sony FLIHR HAVES B (LB
B MMDenseNet, ARB7EDBEME ~ MR L2 &R =& M2 o (@E
MMDenseNet FIZ B ERL, Hosd E A, BEREEREDN TRREA
o Bk, ABHFRRE T = MEEOETT . o B ARl AR B AR R R
PAR AN SR BRI EBGE, B TR =S EIRR I E Y T S i A
B JEE T[] o FefffE ] MUSDB18 BRI S EATHIAR MG, SEAEH SDR 1ER 7
HEREREAGTEIR, AHEIEER HE ARG EIE, (A EEEA &R
fHIEER - IIRE AT R, SRR R 3IAR H EEREA0 75 447 25 [ B U B RE R 7 ] B
e e (median SDR 1€ 11.162 #&7F £ 13.951) © I, RHMZEETE
T1 2R MMDenseNet 75 (3 39 /i1 25 ] )7 N HE 88 By 1 A 15 00 1 32 71 o0 e o B
(median SDR 7 13.951 $&F+ 2 15.011) o Hf%, FAIHE H Ao =50 S 3 07
IEEES AR AR IR T RESIRIT RIFH 0 BiE A B (REERFRE) 1.19 FPHF, RTF %
0.4031 ~ median SDR H 13.951 #&HZ 14.394) e

FESEF. 298 ~ MMDenseNet ~ HiER HEH] ~ WIS ~ U-Net
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Lightweight Deep-Learning Models for Accompaniment

Separation

Abstract

Music source separation aims to separate different tracks within a song, and this
study focuses on the real-time separation of the accompaniment track. Previous mu-
sic source separation models have prioritized improving separation quality, but this
has resulted in increased model size and latency, making it challenging to perform
computations on edge devices. Additionally, most methods exhibit a significant de-
crease in separation quality when reducing the input duration. This paper improves
the lightweight model MMDenseNet proposed by Sony in the early stages, aim-
ing to achieve a balance between separation quality, latency, and spatial resources.
Although MMDenseNet has a low number of parameters, its separation quality is
not ideal and it performs poorly in low-latency scenarios. Therefore, this research
proposes three improvement directions, including adjustments to the training ob-
jectives, model architecture, as well as improvements in the training and testing
methods, aiming to enhance the separation quality and latency while maintaining
the parameter count. We utilize the MUSDB18 dataset for training and testing,
using SDR as the evaluation metric for separation quality, measuring latency as the
delay evaluation metric, and considering parameter count as an indicator of spa-
tial resources. Based on the experimental results, adjusting the model’s training
objectives improves the separation quality while maintaining spatial resources and
latency (median SDR improves from 11.162 to 13.951). Furthermore, the proposed
various self-attention architectures enable MMDenseNet to enhance the separation
quality with only a slight increase in spatial resources and latency (median SDR im-
proves from 13.951 to 15.011). Finally, the progressive training and testing methods

proposed in this study allow the model to maintain good separation quality at low
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Abstract

latency (at a delay of 1.19 seconds, RTF is 0.4031, and median SDR improves from
13.951 to 14.394).

Keywords: accompaniment separation, MMDenseNet, self-attention mechanism,

progressive training ~ U-Net
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1.1 =HEZTABAN

B EEER 57 BE (music source separation, MSS) & TEAS & 4% 57 Bl 2 AN R 1 B4 8%
BR, WS A EF o ARESEERAENREER T, oEERSCRAEEE
MTIEABEIRTT © R, FEEKBERCRIFEIR:, EEMHREE 2 BERE A
o7 iERRE D R S5 RS R R B DI E F B ATV B P - MBI ROIR 22
TS EERIEAAZEEE R, Sony #F£AY MMDenseNet [1] A8 220, Ho9BEUR
Ll ~ Meta $2 A HT Demucs [2] BERIZCREH, 28 EAE MMDenseNet [1]
WEHEZZ -

BB BEROI W] LI Z EH EAF S R BE FHL OK ~ B & %,
HIRE 8 PR AT =R AT B R B, RS AGAE A ~ N B R &
A AR N BB B DU R S ORCR , ZAEm ST AR B SR o Y
HAp—E73 - 208k, MSCEE /S MMDenseNet [1], 7E2E R
BT T BESCR -

1.2 A RBHA

ARE S BERET H AR R R E A SRR oy MR By, E o oRER Y
AV U-Net A 202 REEIT R - Ah, MR A A KT DLy s =
. WIPEF (waveform based) ~ FFHHFEE A (spectrogram based) MEAE[A] o

1.2.1 kBEHF %

{5 PR B 1) D7 VA RO T B 61 35 AR A A SR BB SN B B RR B - 1
T IERSEHE S Wave-U-Net [3], Wave-U-Net[3] HZ JE &EMHKHER (CNN) 42
R ARTEAR M RIS RS, LB BEE T H U-Net 4] R FEEAVZERE; K T B ABIERH
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PH—F

RIFHE &R, Demucs [5] 7EmE s LB 2 F NN T € ) RE R IB ARG
(Bi-LSTM) [6] © Conv-Tasnet [7] 7E#5# 7 BECHIUEIT AT, HEZEES dilated
residual convolution, 7EFA#E T CNN HUERE1R, EH 2 & 889 Bt B gs
HIRER o

1.2.2 BEEIEGHF %

{56 FH PR AR AR A 5 5 S TR 0 BB A\ R B H RO D 20, R s A\ R A R
PR ST SEME AL (STFT) 12 ] LS SERMOE — 2o, & REJ7 SRR 5
(magnitude) AT, WA IAIEEERIA MMDenseNet [[1] 28R AR TT #;
AR EE A PR PR P TR SRAE 58 2, MAL (phase) FIERMBHE BESL, 1E
PhaseNet [8] &, FHAAITERIGEE R 0 MRE, 1EAR A BT 5 2 AR
[ PRFE L AR AR A RO A S A R DUR BUEEE B (complex spectrogram) fif
R A, M TEHIREEE AR L B 2 (complex ideal ratio mask, cIRM), band-split
RNN (0] ALt 7575 A o Bl 23 e 2% H RO TY

1.2.3 RAEHF®

T & 35 1] D7 VA A IR I B SR I B S AN A5 & F, KUIELab-MDX-NET [10]
BB R A (model blending) 77 14 ¥ IRF 45 B A8 35 10 ¥y H MO A#E 45, Hybrid
Demucs [11] & HT Demucs [2] HIfEH T bi-U-Net HYEHY ZEREAF IR e s AL [R]
IRF B VR BB A R T . Ef HT demues [2] JIA T FR MUSDBI18 [12] &#}
BHMINIBRE Rz AT LLES LA B 5 SDR (signal-to-distortion ratio)

1.3 A@RLF EHANRA R

A, MR IR AR IS T, ERm R E ~ RAEREF
] ~ (RS B YR =& R85 o o E 7, FMLl median SDR HARY 14 BiR
we, WAEBRIRR o WEERFR T, BMHEEMERERI—F, itH RTF
AR L, BN REAEAT RIS i o SRR I, B ER S EE 1M
DR o BLERL BAR, W DUE 0 Bt E SRR SR> 28R, B E
BEAHBRE ERER, AR CRFRE ACETHER, HEZRRN A Haro B
oI B M v A 2 P 1 S P P B A1 2 ] S U A i o
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1.4 FFBEt

A5 LG MMDenseNet [1] ZZEHEER S5 25 ESGE B E, £
BIEIT

o FEEGISRERE - LIIREIEE (magnitude mask) BLHEEEFRARLFE S (com-
plex Ideal Ratio Mask, cIRM) BV EETERIR AL 8 E RN, HESEELT
NERE DRI B E

o PERTIANE o RN =R BIER S REIZRE, EREE R RREL
T = o0 e i M B AE R 2 R R ]

il

o JR/DIEIERF ] o HFANAER OSSR RO R IR, R e R A B 2RISR
J7ik, wE ESE  A \ F BURF AR o Bl E

Hrp R FI8R A [ s =0l 1) B VR 7 ~ New cIRM MMDenseNet, H8 {3 Bt i
HABERRTT, 7 2SRRI 12 5e A R D I R o BER B R,
Ry A SRR M EELE R -

1.4 =@t
ARACHEE S BN BT T
. s ERETITERE ~ BRSO I AR o
o SRR BUPAHR ST R R 2 AR -
o BARTTIE: NMEENBRITEREGES R -

}
3=p

- ERSHEERRE: NMETHZEREEERRE
Bt R BRI IR B RS

o M Rl MORARRE -
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ANEE T BLET B AR SO 2258 BB AN (2 BRI o 5B — 0 SR
BIAFE F OBEHERETY MMDenseNet [I], 55 ~ BB HHAS 5 S8R S BRI A R
FIFNR AR, B0 EE A BERE I, &EAIEN4 band-split RNN
(0] 2R o 72 BT R BRI 5 s BT A ASBRIB TR, AR OB RS B RE
T A B B e R B

2.1 MMDenseNet

MDenseNets
mput Full band output
| dense
band N block
band 1
time o

2.1: ASHRSC{E FIHOEE BB MM DenseNet 284 [1]

MMDenseNet [1] 7 2017 4EF Sony FrRH, HAFERENSBERSH - B
R, A B EERBUE 2016 2 Signal Separation Evaluation Campaign
(SISEC 2016) [L3] HOFTH 1% « TEE—HIE T, BT & N 4B AL e
1 DenseNet [] B F N AEEE WA ER DenseNet [] % MDenseNet;
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=R A

%, FFIFEAREA MMDenseNet 50 B284E

2.1.1 DenseNet

dense block )

[ 2.2: Dense block %2HEE [14] © BT comp. layer % composite layer, A TEA4R I HHRAY
B o
DenseNet Ay SHEMALAEE (CNN) 352 0AUE © TEERITIREEE R, A
% JE ROTPAE AR R A B 1R A R B RO HERE R, ORI AR ) o R 2 e i
ISR © % TEMRUIRE, K. He [15) S IR H T B MEHEH (RosNet), H
FEREAE A PR B B (skip connection) HTI T (AR B FE RGER AR Y [F] FF  BE E
B HBC R AR AR AFSRECR, &g RS 200 T

T = Hl<£L'l,1) + -1 (21)

Hoef g BRI, H() BTN (FTDUE — R R AL A R — 1L~
HE - WILE - BHEES) o HRIERT . G.Huang [14] % A32H T DenseNet ©
DenseNet %Ef# T ResNet [15] HUf8, S Bhismmz (I E4 B E S, HlnfE
ResNet H, %5 | B [ — 1 @ {f APk ER AR, M7E DenseNet FY dense
block (R.2) & FAIEERITERY | — | MEEEAS, HARMT.

X = Hl([$0,$1,...,l‘l_1]) (2.2)

2.1.2 Multi-Scale DenseNet (MDenseNet)

MDenseNet (8 R.d) 22 % 52 4 5 22 BB HE 25 3608, P RTLL— {8 dense
block 1EEEHE, AT bottlencck layer, FLA4AESBRARAE 220 % BB 5 3
}fi’f: o
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2.1 MMDenseNet

GRTEASAIAH R 02 T dense block A down-sampling layer, #{# dense block
%15 —18 down-sampling layer, TE4E down-sampling layer & R A T —1@
1 x 1 BJEHEEF—1# kernel size & 2 x 2 B UG (average pooling layer) ©
TE NIRRT, FFEUE (feature map) B HERZMIEE, R GHEE M
I bottleneck BXAEBIER S ZBHIRET o

fFIEEF1 5 T dense block M up-sampling layer © up-sampling layer {5 F T #8
BB (transposed convolution), H filter size ER#wMERS T MG kernel size 18
&, T F R up-sampling layer & dense block, Ay AT DL A K18 5 5 70 FE
SRR, B HHR BB A KM o BRI AN, (BB FIAT U-Net [4]
R A Bk, B RS A AN RS #5 FH 7] RUBE T AY dense blocks HEATEE, 1&E
BRAUEET A BT down-sampling layer B2 {55 i A BALE Y15 LB 45 R 5 o 3 2 1
AR R E R &R AGE T T -

iz, T DI IR 2 B RELRE, Rl vT DU A R BRI R
A& AR S RIE B K -

Ve

MDenseNet

\_ down-sample path up-sample path

Down Sample layer Up Sample layer

2.3: MDenseNet ZE1#El [Iih

2.1.3 Multi-band MDenseNet (MMDenseNet)

7 Rd b, B (AR, TGRSO ERRIEE, Ho s
1 (convolution kernel) £ ZEEARESEE, SRTT DA ST 7 RTE UG 5 2L 1Y
A LB A, FEERG D BN SR A S MRS BT -
BRI, RSB RS PR RS, e R REEA R KA,
KRR SR E R E R FER L ABAEIRE, BY LIRS PR
SN -

MMDenseNet [} #1338 5% 43681 A MDenseNet, BiE2HAERILRE (H
Ry BT LA B E O RAL B 4 BUF R [F AN MDenseNet FTALR, S—1H
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MDenseNet 43 Bl ¥ B [ESERF A, LB BE R ERORR,  tah, (E&
T 5B AME R T —{E F A SR EAE T A A MDenseNet, LU RIFHIE 2 FE - 548
MDenseNets Fii HFEZ 45 A, &IZLIE dense block 1& TH H 53 FERFIERE o

2.2 FHBERIEIREENG

EiE—EME T, RN EZEAR T LZR MR AIR AR, iR
AR EBR, HoffTmT DL B 68 68 R AH Rl OB AU 28, TR R e B2 ) o B e 7Y
B AR AR B AR A MO B BRI AT SO oE AT Y [ BR A H R SR A A A R TR
%, HEANEZE, RFVEELER - LESH I EETREHRY -

e x,5€ Ry
w: BRI AR AR
s: IFE P R EIRANSR, JRRIHE H AR Z E A
L: IRFEEHSRA SRR B R

e X,S8eCT*F
X, St x, s BUAERFEE(E 7 ZEREHL (short-time Fourier transform, STFT)
T: SR A IHEL
F: SRR R

e X,,S, e RT*F: X S HIEER
o Xi,S; e RT*F. X S HIHEH
o | x| € RT*F: FRSRAS kG I E 8 o7 SRR MR A58

o Lx € [—m,m)F: FRERACKE I PR F 57 BEE R RO A 1

2.2.1 %ERFHAETEAR
B R I A S TR 5 R SRS B TR B, FEM R R, EAVERE —(E
H X | BRETAL | S| BT, T

1] = (X)) (2.3)

8 doi:10.6342/NTU202303861



20 FHEBR IR A2

HAf f(x) ATLLRER R A A SR - BUIBTHIA SR R AERE |S), Fodfiae
TR0 IR 9 AR AL AR AR STET, N2 E & B MR T oA STFT
EAETER, ST

S = |5]e’X (2.4)

12 A I AP R 7 5L (inverse short-time Fourier transform, iSTFT) 15
2 FEB ) 7 AR R

~

§ = iSTFT(S) (2.5)

222 #®ERIEREA

9 3 B (magnitude mask) A B R AOBIE FE B A, BRI EY
(EEE M) € RLSF BELIE 75 3% 1 B B B M 358 1798 7T ZHITE (element-wise
multiplication) TR 58 B FEH SRR L REAERE -

5] = M| @ |X| (2.6)

R R FA T P TR AR FE SR | BB RS B TR ARS8 K B RN SRR OB A -
Sh, FERLTIER N TR B R R F O T (s, (A TR A EE AR
T JLHEE (ideal binary mask, IBM) ¥, | M| & ITTEAES 0 B 1; TERIHEA
AR LGS (ideal ratio mask, IRM) FF, 8% & HIEAGEAN = ERNREE
BEAIRAT  SETTBRE] | M| FATCEEAR (0, 1], T0iE th LA T L AT
i A

g R IR, FRMEE BT ARG STRT & 1ETaM 2 480, 8
@i R g BEITERIR S EERYE -

2.2.3 X cIRM Z AR R

56 FH i T PR 73 Y RS T R PR R EE RO TR, T R T AR AL E A, BEAD
(AR E AR AR O R AR B SRA B PR G DL, JCH E R B SR LLfld= i,
A T SR S A AL BB AR (LY B R W22 © Q. Kong [16] % A%#H T MUSDBIS
[12] ERHEE (6 F A AN R TR B AR S5 200k ™ SDR fH, BIREURKEZMA
HOfb R RIE IR TR R R

FROLA A SR B B, ] (] ARy P AR A SR 5l P2 BELAR (Al e — KRR, (B LRy
THFZEE BN E © (EsT L2 SUR AT LIS, BEAIR I AE(ZFFSERE (phase

9 doi:10.6342/NTU202303861



=R A

spectrogram) AR YUERETHIHIAE AL G al AR 5 R EE [17), 72 HRTR 5 158 & 0=
BRI B A AL A B o ABALRO TR T VERE S 2, F 2 A 0 & B TR ~
BEEIRHARE (complex spectrogram) TR ZEFY cIRM THHI o B EEFERITT 1AM AR E
FEAL A T T LEITTEM], A07E PhaseNet [18] oY, VEE AR A7 TEIHIEE AL AL 5340
M, SEMMEAERN [, ) BEEETENIEIEEEAETERE - AR
SOEER M AR BERERE E A TR E AR, oy iEe H E B E S, DURECE i A
JERBFRFIRE KA E R o SR, BEFEREERHEE AR S, Hitkn—HE
RLHVEE R cIRM EEIEMEMEERMGE, JIRM Al N FIAF G H:

M=5S/X
S, +iS;
X, 1iX, (2.7)
S, X, 4+ S Xi +i(SiX, — S,X))
= X2 + X2

P 1 S5 P HA AT DU HE 7 BRI R R R A B, B S R AR,
JTIEAEUT A A B R HRCR:

2.2.4 & E$Aaisey MR

£ (16) . 1EE A —EAERERER IRM RITERIRRE, 5 DU5E B AR
HIFEACE cIRM, FffT AT LLH LT 553075 R SRR
S=MX

2.8
— |M||X|€j(4M+4X) ( )

o E — S, FRAM AT LU A SR R SR B0 5 B R A 7 88 A0 K AR B H AR R IR RY
STFT, R REE B ER S i wl i TR A A T 5 M AR L RO TEH © BESR & A
HHFEAETHH cIRM, (EAIEN B ANE B, R TENFEERE R
B, e b e HOE B e TR B ARSI 7 B AL B BT R, B
7 90 M AL B R AU, BT LA 50 B (AL B B A B R R B RIIR
R, EE SR T TR GERE ARG TS

TR E, A%t bd ey M| HEse TR K ) 58 I BB
H R TER R R AR R ESAE [0,1], EHNEAGHSICEm 7], B L%
BRUTEHIRN 1| BB REA S LR ERE, FTLUERIEGTE INECRIER, Bt

10 doi:10.6342/NTU202303861



2.3 EZE I HA

BRREGEARE, NABEBFEE e RNESERE; RIR (16] fist, &
MUSDB18 EkHEE F, HIEBJEHITRLE 22% B REE RN EG%,
PEEERERRE R REIE 34.5% o £ T RFFFERC ERE, (EER 8 EES
Mo, BLIEZERI5 38 B (02 7T B MR B 4NN L —EERE H Q 158 HERHR
J& 2 FEH:

S| = relu(Mpay © |X| + Q) (2.9)

Horp relu(x) WO A0l 0050 EETHI A B (H -

FEAR LRI T T, AT AT A FH 16 S0 B8 ) B 0 R e 0 LU (B A5 B B 3 AR
TQREEMBBOAE, HEEL P & b, 2RRKEECER A E AR,
FE AT DU Y IE 52 K BRI

. P
cos{ M = ——
A2 A2
VB + P
; (2.10)
sin/ M = :
A2 A2
P+ P

A HAIE, TR LUE— 2 R FIA A~ 2005 B 2 RE R A9 AE L T 2 [E5X K&
FR5ZH:

c0s/S = cos(LM + £X) = cos{McosZX — sindMsin/X (2.11)
2.11

sin/S = sin(LM + £X) = sindMcosZX + cos/Msin/X
Zit, HMELSE BIEZIRATENEE M IERRE, ATLIEREEHEH STFT:
S = |8[e?4S (2.12)

1%, EEEgt Do BT AR 5 EE e o

2.3 EEH MBS

GREMEHEBEBURREBIRE, EZERGIE - AR EE T EE
"FEARRIET) - B ERGEEEHENE M ERENEREFZERN, N28E
W g IREFAR > ~ BRE R BRI RCR AR S o SR, HE KR BRES L S BRI
kernel size BEEIES &R EMME TR - B THERERFIIME, EED

11 doi:10.6342/NTU202303861



B=F IR

(attention) BEHIFENT FEAEISEIZ HIET 3w, JTUHAE BARFE S RE (natural language
processing, NLP) B35 Transformer [19] ZERHIRH 2 1%, HAREE A, FHit
#F Z a0 ELE F AN RIGEE 20, 21] ©

TR o AR N E BT BRI AR, s S B AN 5 B A M 8
FPA 2 TR BRI o T3 ) 3= 22 50 2% DO 8 B2 BR

1 BRI A query R, 7 EHREFFIEE key - value 15
A1 p.d BT o

Attention
1
q k1 Vq k2 Vo ka V3 k4 Vg

h4 h h3 hy

24: FTEERFE - ¥ TEZEKRE) EE N B, £REIRE query ¢~ I

7 TEZEARE ) BRI E hyyi € {1,2,3,4) B key ki, i € {1,2,3,4} K value
vi,i € {1,2,3,4} °

2. #18 query BLEE key BUMMLIRSE, FATPT CUE A cosine similarity ~ B3
g S, E R R o MUEERERE T E AR R B
FER R B2 MR RE IR, BUEBORRBR R E S -

3. BEHYE B A LB softmax 15 ] BT B B LR SIROMEE, W b.d
IR e

A WEREE B 5 H value KITRIBAENN, BIEH & BTG AE HERTIES
i . piow o

EEIIEE EE S W, & query H key, value & ARFH, M E AT
MRS (cross-attention), & AMEFF, RIFEIEEHERE T (self-attention) ° &

12 doi:10.6342/NTU202303861



2.3 EZE I HA

2.5: 5HE ¢ B ki € {1,2,3,4) Z HAIARDIFLE

W1 Wa Wi Wa

“_ Q. v 9

‘ softmax ‘

= =

2.6: AARIUFRE(EEY softmax RISMEEE wy,i € {1,2,3,4}

Transformer ZEfEH, BHIFEIMFE AR encoder layer, TEAFFEFEIA—IR, T
decoder layer & H, A XJEE A LEER AR A encoder output FY query & H#E
Ry B ENVFFRUE VRl H AR o

13 doi:10.6342/NTU202303861



B=F IR

W1q

@

Wo
Y

X

X

W3
£

X

Wa

A

softmax

23.1 AERENBINERNEZTLBERYEE

o

=

Ak

ZA

2.7: FREEE w B o REARLANINGE R 2 B 0 IEED 2/

TE 3 SSER S BESEI T Y. Lin [22) S ABREEIEEE HE U-Net [23) 28
WIS AT B, BRI RS i R TR o B
THESBE N SRR L B R AR TR R, A B B R A
B BEIARFABE G, ETRAER -

BRI A, VEETEIEE N BRI query & key WRINT —BHUGIEE, Ll
TR B AR R, OB B BR (% BB AU BRI A AU © B4 BV 75 ) 2

tnE g i -

14
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1l con with
C' feature maps

11 cony with
C feature maps

Mixture
Mag
STFT

2.3 EZE I HA

Self attention
feature maps

2.8: Y. Liu &2 BHIEE 1204 @]

Voice

Voice
Mag
Mask ? STFT

Mixture
Mag STFT

ACC @ a(;c
Mask g

STFT

2.9: Y. Liu $2HH U-Net EABEE N 250 22, BFE A AFNZ EEE %

il o

2.3.2 HT Demucs &4

TERTE B S EB R B Y 1 Meta AT BT 2 H Y Demucs R 51 B A JE
wEAREM, HEFMAN Hybrid Transformer Demucs (HT Dermucs) [2] £
MUSDB18 JHIF{%E 7% H BiHY state-of-the-art (BUSIIZRSMNRNIGRE R, ZERganE
ada) B © WERAY Demucs (] BB AR, 1 WaveUNet [3] 4TI
TE bottleneck layer fF Bi-LSTM [6], E# decoder block LAfEE HHEEs (o451 4
& ° H Demucs v3 (Hybrid Demucs) [] %, EERLLIME U-Net [@] pawilll TN
BB RIRBRRE RV E R, & TR EUEITE R EE, KR bottleneck layer

5 W fiE U-Net

£ A
;%E(Els

A F Bi-LSTM [6) 1 E i 25 B i 82 B o

15 doi:10.6342/NTU202303861



B = TEIRE
2.3.2.1 Cross-Domain Transformer Encoder

TEBGHTHY HT Demucs [E] 1, bottleneck layer HIZEMEH cross-domain Trans-
former Encoder FTHUL o 21[E PR, #%2R18H Transformer encoder layer
FlI cross-attention encoder layer /&I AL o B & EEAERH 2R E R FFIRVEN,

HEGER BIER AR, &R GER N LUETT IS P BRI EhE

AEEHY Demucs v3 [L1], SRR AL IER - Bk, FEFEFEARE
TR S BB TR Y MR BERE R AR  Hk, E/EEARR N 5, 3t H a] DUSRR
W IR RIANET o R, EREE RO T A B R A A TR E R BRI EE -

A AN AN Wi

A A A AAAANNANAANAN ANAANAN
NNV
[ ISTFT
m—— .
Y Tt.out
(B,C,Fr,:n)T X
Wil | eshape
i H Resh:
W [.—‘ Fme
Wt : o (B,C, Fr*Tl)T (B,C.T)
)5, 2048 T time steps
ZDecoder (c =48,Cor =4-2-2) | TDecoder; (Ciy = 48, Coge = 4-2) E:m e i
I ). steps, 5 s S
ZDecodery(Ciy, = 96, Cpy = 48) TDecoders(Cin = 96, Cour = 48) T T
I/102 s, 128 fr T/16 ti > [Gross-Attention) [Gross-Attention|
ZDecodery(Cip = 192, Cou = 96) TDecoders(Can = 192, Cout = 96) o e Encoder Layer|
I )2 s, 32 64 ti ep:
ZDecoders (Cin = 384, Cout = 192) TDecoders (Cin = 384, Cout = 192) = =
T /10 eps, 8 freq T T/256 Encoder Layer Encoder Layer|
Cross-Domain Transformer Encoder Cross-Atention (Cross-Atention
Encoder Layer Encoder Laysr‘

Tao

' i T L
ZEncodery(Cin = 192, Cour = 384) \ TEncoders(Cin = 192, Cour = 384) Encoder Layer Encoder Layer
! steps, 32 fr /07 time step; (B,C,Fr*Tl)T
ZEncoder3(C,, = 96, Cy = 192) TEncoders(Cin = 96, Cour = 192) Reshape
/10 steps, 128 T/16 time step (B,C, Fr,T) (B,C,Ty)
. . 2D Pos 1D Pos T
ZEncoder(Ci, = 48, Cour = 96) TEncoders(Cin = 48, Cout = 96) Enc Enc
/102 s, 512 fre I Norm Norm
/ ZEncoder; (Cin = 2 - 2, Cout = 48) TEncoder; (Cip = 2, Co = 48)
1 24 ti s 2048 fr € €} " wl 1 a:t
D > S PV VPV SR A A
. = N
(a) Hybrid Transformer Demucs [E] b)IRE R 5 8 Cross-
domain Transformer En-

coder [2]

2.10: Rouard, S. % A& H Y Hybrid Transformer Demucs Z8H# 4 i : Hybrid
Transformer Demucs & U-Net 4MNE P& R & T Hybrid Demucs 2848, 3lfi £ H {5
A Cross-domain Transformer Encoder © :Cross—domain Transformer Encoder

H Transformer encoder layer Fl cross-attention encoder layer ZH5%, [FIFRFEH T
P R PRI

16 doi:10.6342/NTU202303861



2.4 BSRNN 224 i /™

2.4 BSRNN £

Band-split RNN (BSRNN) [9] /&% — (AU Z 2B R R, HRH
fE{ER T HT Demucs [2] ° BSRNN £y FRpARET 8 (] AU B RS, g A\ Ao 1R BURFERE
A%k B AR A B BRI R EOE R - BSRNN [9) FUZEHE (E ) AR &=
IR, 4954 band split module ~ band and sequence modeling module & mask

estimation module °

2.4.1 Band Split Module

iR A BIRAE STFT B A EBREE R, #EEA band split module °
band split module JFFEEIRF L) 73 % K EARRBSET , dfS AR 2 AR
HyaEERRE, & HETERR, SEET & FBCH AR AN EE - 852
£ band split module FY# 1% —{F Mg B & OF i — 18 = #ERVFFE,  WAFHE A band
and sequence modeling module °

Band Split Module H I EAER # A RISAN LN E & B R RERrEL Bt
NIRRT RO & 5 B SR ) o BESCR -

2.4.2 Band And Sequence Modeling Module

AR SETE IR LA F 2 1%, band and sequence modeling module & #% & HF
R AR BUEAT W 7 5 R B R o A5 R I 2 B o O Sy o S R 7 il o0 B AT
layer normalization ~ Bi-LSTM ~ 4 #4228 = (HFEEIETRE, I Pk R a9 48
1 o FFEIZL® band and sequence modeling module & & 4#EFF R LA AR/, £
A mask estimation module #ITERZIER ©

Band and sequence modeling module 3= Z7E AT AN RIS I EIEAH A HL,
TR BES (6 AN R SR B R B HAR SR RO, BT TR R R R Y 7
o

2.4.3 Mask Estimation Module

Mask Estimation Module & Jei =#E4F T 0 [0 K EA R AR RFEE, A
[F] B R 25 B E BN E BT layer normalization & MLP (multilayer perceptron)
&, EIFEFE RN o S ARERET & 0F, BRI ASTRIA B AR E R

17 doi:10.6342/NTU202303861



B=F IR

Mask Estimation Module 25577 47 Bk B FRIE 4 28 4] fork

#, EEMH MLP R &EEE

(A) Overall pipeline

XeChT

Band
split

Z € RV<EXT

Sequence| Band
modeling | modeling

Q € RN*ExT

Mask
estimation

M eChT

—

SeCFT

. DUBSHETHHIE RO -

(B) Band split module

By € CO=<T 5 Norm + FC ———»| Zg c RV
By, € COr-xT Norm + FG. Zx 1 e RT
BET? By-3 € COT| Norm + FC ZxkaeRVT Merge
X € CF*T split_,
: 7 ¢ RN<EXT
By € COT > Nom + FC —+——» Z, e RV T
By € CFT Norm + FC T
B, e COXT Norm + FC 2, e RT
RNN across T RNN across K (C) Band and sequence modeling module
T

Q € RNEXT

Qx € RVT
Qi1 e R7T

split Qx_ 3 € RFT

Q € RN*ExT I —

Qs € BT
Qe VT

5 O R

Norm + MLP. My € €8T
Norm + MLP fx_ € CO1*T|
Norm + MLP k-3 € CO2T)
Norm + MLP My € COT
Norm + MLP Mz € CTT
o My e T

(D) Mask estimation module

Band
LMEe g e oFHT

2.11: BSRNN R (9] - (a) BSRNN ZH G REME,
band and sequence modeling module /% mask estimation module © (b) Band split
module HIZRHERBGET, A S EBIRTIRRE ) & AR R NEISERS © (c) Band and
sequence modeling module FJZERERN G, HUBLAH S IRF I ol S SR dil 5 51 D A -
(d) Mask Estimation Module, AR R BRI SRRER B —Ely, & TEHElRY

BB -

18
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F=F MRFE

TEAR YRS YA BE R S BT 08 R A MMDenseNet 2 {ERHERIR 3
2% Github F AR AL AT 11 5 R B S . AP Pytorch @fwﬁaﬁ
75 2 I [ o S A S (5 P R A T VR A R 1 o

3.1 MAETA

AR F, WMEFASTLERE TR, R e El —E
W B P pdEE BB BT R, AR E S, R A BRI
£ MY =18 B U

1 BEPFERERARA B E, AIE AT EIET H AR EEAAY SDR (signal-
to-distortion ratio) {H °

H

2. MRIEE, &A% HERERRHRG 200 25, BRI HEHAS@E R E
o RIMAEAGR I, EIo LRI T 1 #PAMEBUE AR - 1L4h, RTF
(real time factor) WZH/NR 1 LARI A RN

3. REHER, BIEMSEE /DR IM LR IRERE -

MMDenseNet [1] & 2017 B BB AL, 8 I o i ot B V5 B B S I R A L
B, AEA — (A SR EIL RIS, AR E S EERME B AR AR
FESEEIRREKR, T7F edge device FAEEELLEAT, S EE R IRNER
MMDenseNet E’J%ﬁA]\ﬁJ EL?)\EFHEI/]?%}* SFAERE (magnitude spectrogram), FHIHI B
3 nﬂﬁ}ﬁﬁ’]ﬁf“ . TEAER SO, FeAMERE MMDenseNet B AL A &y
iR 52 FF A Al IIZ?HE*@%Y)?ERHREZ%T#%%YJE°;E§)J“’:\ MMDenseNet, FAf#&H T
y*ﬁﬁ(ﬁ%zj_ktfﬂb THHEE.

Thttps://github.com/tky823 /DNN-based _source_separation
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BEZF FRTE

1. ZEABA L FHERE (ideal ratio mask, IRM) EL4E EHAR LE FlEE (complex
ideal ratio mask, cIRM) FHEEBAYZN SR HAIZE IR F- 0 BEME -

2. PSR IR A Bt E, M E R T ZEBUARY BRI H 57

H AT 204 -
3. B i A g o T B I AR Y A Tl B SR ) TR L T AR R A 1Y) ol
B o
Magnitude mask Self-attention across time Progressive training
Complex ideal ratio mask Chunk-wise axial self- .
S . Progressive inference
estimation attention layer

New cIRM MMDenseNet

3.1: ARG SCHR 2 J5 VA B AR E

3.2 MMDenseNet #E & 54

HATE SeEf MMDenseNet 1EATIUIESRIRAVEER, 181 KRR BIAFIRIEIL T
1, 4% B ATLAESB], MMDenseNet 75 T2 MI &5 ) 378 E O &E, WA
DA 3 i —ERE ) RTF N2 8& - ol a rm, el LIEEsiHE SDR
P HARDE —BeiEst, SR R AMMELRI A — {85 A o FAS H A RER R ]
4.38 10, R FAIFTE] E RV RIEEAEE - MMDesneNet £ 4 SEMAEHER (fully
convolutional network) Z8t#, Fr DU AE AR L@ ERREMN B, MiEERE
BEIRL D SER I ] o (EEME A RIZR & X B EET padding RIS, T FER ) B

AE o ASh, EATRE TR R B IR & E R A R B

1B B A ZE AR B HERE -

20 doi:10.6342/NTU202303861



3.3 P4k HAZ %

3% 3.1: MMDenseNet ¥ &= BEW S EI%E - SDR A0 BEm B 51 ~ latency ¥ /& 2EE K
/N~ RTF SRR R B R EIT E IR 4B ~ parameters AR H AP SHERZ
g o

Architecture  SDR  Latency (sec) RTF  Parameters (K)
MMDenseNet 11.162 4.38 0.3683 339

3.3 JlkBAZAE

oA AR R B 1 ok H AR OB R T o B, AR RS EIAR H AR AL
FEBIEETISEFE AR EEE (ground truth); BEEITELEE T AN
BB E DL MM A R R R R BERCR . AR E & AR OB
A B R AN R ISR B AR B BRAS R - 72758 MMDenseNet & 71, BAVFI%R
B AR A 22 AR FE R IR (5 BEHE L (short time fourier transform, STFT) 1458 &

IRFAERE

3.3.1 ®BERZE

TEFEEHE 9% (speech enhancement) M & 7 BEEIREEBEME S, TMHE
& 2GR SUE R AEDEE R [25] (Wiener filter) & {EZFEEE (post processing) HIF
%, OB R ERERCR, AR, R MEAIR I T E AR R TR A
VR TEH A, EERE R A ERE HE I, WAEA R AR S, TERE, M
ARG TR G RO B AR DL AR AN IR I A RCR. -

F N MMDensNet [[1] 288, AR FEEAS EL (5] 0 25 A C 3 B2 Fg B 6 1R
TR ENBR E AR, R T gy L 8 55 5 PR A 8 A Bl o A Y 58 B EE (magnitude
mask), B2 SR Y58 I AEREEI TR T R MSR E VRS2 A5 IR SRR TR, i
TEIHI B A O AE 7 STET A8 S A6 PR {F 37 8L (inverse short-time Fourier
transform, iISTFT) A f3THIl Z fEZ55%
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PSS

MDenseNets
e Seell Output

=" Full band Tl

o~ PEN Dense Magnitude Predh_:fed

Input  |-------------- 7 —— . T e o magnitude

. Band N R . spectrogram
F ~ F
N >
T . T
Band 1 -7
Magnitude & =T
spectrogram

3.2: MR RLTY AR IE] ,  RK o R R SRR B ) 5 P B A T2 ST R IR R B LAY
TR A BRI SRR ©

3.3.2 BERALE S HTAR

AT SRR T T5 A, FoffE EAERFSERE Y SR BETR, ARALHIE BB A
BIRAEN, B ORRATERIRE £ 2E - & T R AR AT E K ARG B AR, A
SO (6] 42 BT IR E S E I E MMDenseNet H1, S 633 1 B RO B2 T 1R
cIRM MMDenseNet, °

Outputs
MDenseNets Mmag
Input P - RN . Magmrqde
L. - estimation
-7 Full band el A
- Q
"""""""" N 2
Lt - N Dense T
P N block
e Band N S
Fl__ | - .-
T “___ S . .= '-,_> PT‘
Tee Ll Band 1 .= Phase
Magnitude Seel .= estimation
specfrogram ~
¢ p;

3.3: cIRM MMDesneNet BRIZERER, FI5F H A A BRAR LU (70 4K 43 B TEII 38
K AABLIE AL EHAE o

B.9 2 cIRM MMDenseNet (UZRHEE, HL#f A BRI MR, R 5
TEH cIRM MMDenseNet £& FHE¢ 12 dense block A T VUTEEN ), 49 Al A 58
B Mg > ELESRFETEN Q ~ BEEPTAN P, RUEESTEN P o BTMIIE Al 38 R
SR ~ 1% TR A R A R PR AR AR AL MRS BT, St B R A oL T
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3.4 ARG E

AL F P Je Ry (e 7 SRR RIS TR 2 AEZRIE

3.4 BARHAXL

FE JF R ) MMDenseNet R A DUEE 3 H 20 1Y 2 86 7% 16 T8 1 A8 4
(convolution neural network, CNN) < CNN A ZGHIEBH &N, A, # CNN
HUZEREEE LRI 2 R EM, RIaBEE & H 75 ERIRBCRE Rkt ilanse
FoEL - -BEEE ER, HRBERIRENEE, 2RSS HERE
ARBEHE R, AREETHTRE -

A SORRET AR B R BB IR cIRM MMDenseNet #5270 BESUR 1)
M PRI, ARG T E ARG 1 New cIRM MMDenseNet, 75 B2
— BRI R BERE -

3.4.1 ¥Hurrldheg g iEEH A

B 2] SRHEHITHE, A HIER IHHIZE R E] cIRM MMDenseNet &
B o Liu %8 A B R A% I A 2 S R 0 B SO, A A\ 1Y 5 R R ARG
EE NG HE AN L o FE 2R T, A SGET T LU ZIHRE, R
T I BRI HHIE I = MMDenseNet b, 7S5/ 2808 K809 Bk
% o

1. B RFSEET MDenseNet, % HRINE LR 1 o R E AL
RFERR RS AR, R RS EEEAER, WRREY
ERAANEEE AR T SREME, bEERAESS RN EE
HOBRS TR -

2. #ie CNN B EEE NS TE, BRLZEEERNHEH (multi-head self
attention) ° ZRw 30 CNN #i B A [FSEIE (channel) & AR HYEEAS H 18
TEERER, WIREATGEARSEET &0, K ar DUR SR8 5
SEE, W, WEAAREEEES BREL -

3. By THEFIBRI RN, Aiwo2% [19] BY Transformer 228, EH layer
normalization & H ¥ & A& HIE + -

23 doi:10.6342/NTU202303861



Dense Dense Dense Dense Dense Dense Dense
block block block bfock block block block

Down sample layer [:] Up sample layer Self-aftention block {across fime)
3.4: HHFRETEIE B LR S A HE B — MDenseNet A28 [E

T

F Value |F
T c TT o T o
PW convolution PW convolution PW convolution
~ 1

T c

B 3.5: s CGREMRRE BIEE R HIFEAEER, Heils AHEME EFEE N R
W, MERHSHEBFEEIR query, key, value B3R, & BT E I IEHIEE 7B

skip connection JH#% °

Bl B4 % EE R B A E MDenseNet HORREE , IR E2 % [29),
ATLAEBIER TE—JEg o, TEBH dense block RENRIN T BiEE IS, HHAFEH
HEEEEREE R EM

f @ B BIFE RS FEALEREE, query ~ key ~ value £838 pointwise convolution

24
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3.4 ARG E

RBEFEERRE C WAOE O, BN ESHEE, T C HER EEE 8
R, ] linear layer FIZBIEFLIE F x T x E R F x B, 42
B E DRy 1T 1% - 2BGRERIE Dy, FTHs B &Ry 20, Wl O —k 5 e

3.4.2 ¥&EEN KA

B THEEEN, BREE M ERR M BRI S S S EGT AR R R
Ko @mEGH - LEERE NGO ERNE A&+, 40 Huang [26] 32 H 0
criss-cross attention » Wang [27] 5 A% Hi ASl [A17E R 7] (axial attention) 55 o 7K
A S AR [ R R T s 1, TR SRl v R R B R e 0 # (panoptic
segmentation) 8, FEMEEES ZHEEN M ERS 5 &7 BRI, 12
BRI E T, SamEn iR A%, W LGRE T E BRI 2 REN -
BEAN, PSS E T R AR B BRI AV RVE BRI IR R o

TEE M BAEBEEE , HEER TR R AR, A S AT
BARMEHE, A LB PR A sis - EFRE/EEAE T E—6
$i& AR 3T R P B 7 TR 0 A R R IS FR B R s R R i [ B X B TR R T
il o

3421 HEROERXAEZEIHH

TEAGR S, & T ZIAA BIER N EH RSB R RS R, R
AERENE R B R AR o HZERE K £ B IR sheY B B AE R, (B2
Ry T ARG B ES DUAHEH AR P BB FI PP BOEBTTHEZE il ASEm SCHR HY (= 8
X HIEE S (chunk-wise self-attention) 1E{% (41E @ FIER), i A\ HR $2 Py il iy
VI R RK/ANRy 1 x ¢ WOIRBR, 3% [F] R s A S o8 B i), Rt i —
ERER T WRSERE AL, AW T/t EAFRRNZ 5 BIER JIbsH o

@ AEPERER RN B R AR REE . B N ARAVES
T/t > $RKNE F x T x C RIERAKRKE, & 5eiHAER pointwise convolution #d
N F x T x O BT AREARBRILRE ¢ MR BB 5 R psd
EAREBIBREES, ¢ R ER 16 o MY ZEREE TE F 7R gl w73 5 ) 2 8y
HERENE R R

5 doi:10.6342/NTU202303861



PSS

SA across frequency only, independent on time axis

N\

One feature vector
to feed into SA

1\

t T Magnitude spectrogram

3.6: BMAEBRANEHEHRESR T FEEYRE « (A—H, F&BNERMMEER
5 o

5 C'xN C'xN

IReshape WReshape

Linear layer Linear layer Reshape

$ t

FxN FxN A
F
t
t e & t eoxn
Reshape Reshape
F F Value |F
T c T c T c

T T ‘
PW convolution PW convolution PW convolution

A
Layer norm.

F

T o}

3.7 A OUHE MY E A GE R R HI A 2R ], I R A BSRRE B ER ) &
W, MEZRLSBIEBIER NN Query, Key, Value IR, B HH N ¥ENZ
MARE T HERhZ MERES ¢ (VR -

3.4.2.2 RERA#&GAHIZENERF A cIRM MMDenseNet

7 Lt 55 ) ) S R RT3 TR0 % 7 B S R R i [ L 5 B T T A 48
KA, TERRGR SCA TR RS R AR, MK I R R S B RS (I
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3.4 ARG E

B.d FiR) o 7TEEBR . T cIRM MMDenseNet UM, i H kRS HEH
% full band MDenseNet &5, HARSAFH MDenseNet HIJ2 B 405 F 05 gAY
BHIER IS - Z P IROESRITERE, JRIEZ A E full band MDenseNet, EATHETE
FEHER subband MDenseNet {H#%% BRI EFERAGE, HERIREH S8 E
JORE BRI B o

Y
Layer norm. Chunk-wise SA
SRR o T | e o ]

3.8: Bl VR AFERH full band MDenseNet ZEFEE , 458 layer normalization 1%,
SEETAREERXEFEE S, BEEHRMEMOEEE S, REHH skip
connection EREg AN ARIS 2 H o

3.4.3 New cIRM MMDenseNet

#122 BSRNN [9] (band-split RNN) B MMDenseNet [1] FIERIZERE | 7] LLEEHR
& FIARILZ B © BSRNN # A9 band split module, £ MMDenseNet 5 AN[E]SETE
i) MDenseNet, HARHR &7 B 2BV RISET A BURFEL - BLoh, mE AT &
HEEEREIE o (E&7 MMDenseNet &, A AZIE BSRNN # sequence
and band modeling module FH¥ffEHYZEHE, sequence and band modeling module
Y Bi-LSTM ZRA% BEH 97 712 B 2 A 5 Ay ] S e B 5 7 S, B T s (A R
HUBISR B B S - %2 BSRNN BYE#, ZAGR3CHE T cIRM MMDenseNet,
MEEE T —E BEAEAS FISET B MDenseNet AHEIfHE &RAAIZERE, &% New cIRM
MMDenseNet, °

New cIRM MMDenseNet 7£ cIRM MMDenseNet FIEHE T, #Hi T A FH
MDenseNet 7 bottleck layer I T8 # - H : WM AE bd Fim, 1S
Fs—EFEEL, 4354 band merge, cross-band axial attention & band split °

3.4.3.1 Band Merge

7£ band merge FEEr, FAFIAFAFEIPETT ' MDenseNet FY bottleneck FFEMH A
HEE, DEREETIT AT REHER - MDenseNet MRIZAFHIWI G E
H bottleneck FFRPIEME F UL - & TETEFEOF, L/EFEA R R
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PSS

[ channel B o BRE AR EREE Y 98 K (AAEEBNHET, Rlgf
bottleneck layer FEA4 K EANFE KR/ = HERHEL P,

P=FxTxC;ie{l,2,. K} (3.1)

Hob P AR T BEREEE - ¢ 5 channel B8 © BERFTEA
1) channel 2% C,
C = max(Cy,Cy, ..., Ck) (3.2)

A A# A batch normalization M pointwise convolution BJIEZEFGFTE P B channel
BN C, $HRRSE channel BIHLEAR C BIRFEHIEAHUZH -

PWConv(Batchnorm(F;)), if C; <C
P = de{l,2,. . K} (3.3)

(]
P otherwise

RREAEIEAT AW P i AR & 0 B —(H Se BE R =1L -

3.4.3.2 Cross-band Axial Attention

iR a2 1%, BB A R H A R A SR T I R A B
AL o g AFFEUE SR layer normalization, EHERE T ERAXBEE
T, BB BEER B AR R AR B B A B AR, PER A i T
EIERABEE, SRR TR RS B AR B o R 60 BhEhE AR, A
cross-band axial attention BI#2HIFRFEINAR G2 # H -

3.4.3.3 Band Split

£ band split FEEL, Tt i B8 7Y 45 Bafe 20 18] [ A KN AN [R] B 7 4
B PLie{1,2,. K}; BHRFEURKE M E MDenseNet H' decoder HIEA
Qivi € {1,2,...,K} o TEiE(AMEEL, FAMFFEM channel B C RIR[E C;, ik
band merge PEBERIL, #BZ 1A batch normalization & pointwise convolution Y

BB channel BURIE S C;, B C; = C BWRFBAIZAMEURE, AT LUE#EE
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decoder FYHgi A °

PWConv(Batchnorm(FP})), if C; >C
Qi = vie{l,2,..,K} (3.4)

P! otherwise

Dense Dense Dens: Dense Dens: Dense Dense
Band 2 block biock block block block block block

| )

3.9: New cIRM MMDenseNet ZRIEHGERER, EMEE K =2, iH C, > C ° (a)
Band merge FEBGEITHEGHN AT, HIRN C1 < Co, FTUAMZEKHER A C) 1
INZE Cy, LMEEITAHE o (b)Cross-band axial attention Ay B BRIElT IS EN R EHE
BPEE, {3 Al B TR EUEE o (c)Band split FE B BRI RO R EUR
53 [El% BE decoder, HIN Oy < Co, Fr LA ZEAC I E B 5 —(HAETT R Co
RIFEE O e

3.6 RVt

T T BEAUIEATRIREAEZE 0, R TEMEA T IR AP Bn e A R 0 H EL R 1Y
STRERBL, SR ORES 2 RO R ML R A LR R B 1R, THESEER D
AR, B BB S A B B 5 R O R R ANV E B ) B - e P B A OB VRS
& B R AT B E BT R R BT A PR AERE R A, SR E
O SRR T B o B R ORI I, ST & TR EE IR B2 DR o
BT Y IRM MMDenseNet A1 _F 3R ISR 528 388, AL
52 BTN R ) R BUBRIF AORE 3, FR T R A I AR B A 15 F i =X
HIE (progressive inference) 7774, Wi H o —MEE AL 2 B I AR (progressive
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PSS

training) J77% o AN, ASERmSCHE H YT 1% R DL ALHY IE AT B 2 3 U-Net 2R E
o
P& e 26 LU = (EgHE DUE R EDET iR

Training segment: ISR, 1 EORMEITHH AT A X B RS AERE o

Training chunk: IR, # AR PSR EERFIREE o

Test chunk: JIEREF, B AR Hb Y58 B I HERD -

Look back chunk: 1E1T#E IR MRIERR:, F FBY@E ERFEUCE R -

BERITTFER, training chunk M test chunk -F-#AE 3 #PLL L o % TR0 BERE
1B, AHITIEGHEME training chunk & test chunk 28T 1 #b o

3.5.1 U-Net 45t 7 X 23X

AEEETIE A Am R E AT 1%, R AR R T R R 4
R B WEEFR AR RV ERAGEITTER » IRIEAFEIRVRFRUER T 2, AR SO 5
HI Y J71£ 5 % look-back through bottleneck & look-back through encoder blocks ©
PR BT IR AR G BOE (Rl N B W T R R o B SRR, B EURAY
RTF (real time factor) °

3.5.1.1 7% i%—: Look-back Through Bottleneck

Y U-Net 4] ZEERUETY, 35 2 DI/ RS BOde FE A Bl A\ 1 — (8 5 44
FB, AP LU bottleneck layer BRI AT o Fil, T4 HEEA
E B bottleneck layer B, HIAEZE 44 B HY bottleneck EAGEITEE, 77
A pad Fiow o
B, FOAFT EE A Y 3R EE R SRR AR IR RS TR I A N 47 test chunk, ¥f
FAERR 58 ERFAERE | X;|, ANFEIRISET & FASFRY MDenseNet E1TER o BERIATY
HES B, WMERE Fi; K% REREEE j EH + MDenseNet 1A
bottleneck layer RIFVFFE o 58 0, FAFIBREBEERIFR look back chunk &
& n, Al bottleneck layer A F, &0 n (BFFEELE B BUE R D & HF:

Z?J

Fz‘/,j - [Fi,j—m Fijnt1, s Fzg] (3.5)
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B
(=
p

3.5 B 5k

o [L] BB RERT Y A OFROHRAE -

F=, HAMIHF F/; BN bottleneck layer ZMERIGE] O, ; » IR, BN
MDenseNet HJ encoder B decoder A BEEERE, FTLL O, ; WZEYIE] F ; BIR/D,
B M look-back through bottleneck FIJRAE ©

MDenseNet

| A
Dense Dense Dense| Denser Dense Dense Dense
block block block | 7 block L block block block
© Timed
Dense Dense Dense |y Denser Dense Dense Dense
‘ block block block | block LT block block block
. T Time2 Clip
i ﬂ Dense Dense Dense y Denser Dense Dense Dense
u block block block block LT block block block
. Tme3 Clip

Time N

3.10: #% look-back through bottleneck ZH Y cIRM MMDenseNet Il I ¥ BE il 5
FEE LR o BP0 % 2, HIY Time 1 B3R RHEREE A 8 £ 1R
ALAEA, FrDAAERF )T MDenseNet FUGEH o Time 2 FRFEEFIE A Time 1 BUFF
& IETT bottleneck layer FY dense block M BiEE J1:#EE, Time 3 RIFESfF
A Time 1 M Time 2 A& ©

3.5.1.2 7% % =: Look-back Through Encoder Blocks

TERFE—ET, MEFFBIE bottleneck layer BHELVLAPEET, TR
H T look-back through encoder blocks it 3 2 B & 5HAE decoder H REAE 4E #
= INF| A ° Look-back through encoder blocks 75 2 77 £/ encoder HajH, #&
BEARIR S IR, 77 A 1] BT -

FEJTIE A, FAMEESNRCAERT n (ERFFEREAEFTA down sample layer B A
B jrk € {1,2,...,r}, HF r & down sample layer {E&, k BORACEBE T
bottleneck layer © #% , A T E0F, PIEEGEIE R decoder 2 M
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S

FEF BRTE
B R A B S RO A

Eiin = Eijonk Bijontip - Biji (3.6)
TIE BB DT AR = R - =, AP O; BIEE A decoder AIHET

7 3 A Bk R T R £ FH @ 25 HY encoder BT Eiixe° 1%, 1E MDenseNet # HiFf

IR P i ) [ gy A\ P — R AU RJE,  BPSEAY look-back through encoder blocks ©

{ A
—‘ Dense Dense Dens: N Dens Dense Dense
J biock biock block| bloc.k b.’ock L block block
Time 1 Concatenate across time
i =
[
|
[ ] oo
T Dense Dense Dens |\ Dens ! Dens 1 Dense Dense Clip
— J block *{ | block }"bfock' %L block| i }"bfoci:ﬂ“‘L block | block
[ Time 2 ‘
[ i —
‘‘‘‘‘‘ - 1
EEEEE [ h
Magnitude spectrogram l
Dense |, Dense Dense 7 y, Densel Dens Dense Dense clio
block block bfock bloc.k b.’ock L block block
T Times

MDenseNet

Time N

3.11: #% look-back through encoder blocks ZH* cIRM MMDenseNet fII_F % i fi] i
HEVER 1286 o B n €% 2, 7E Time 2 #, MDenseNet i decoder
152 Time 1 ' encoder E’Jﬁnﬂ FE AT B PR 3 o Time 3 KFBEEE &
Time 2 } Time 1 # encoder &&fl o tb4h, HH Time 1 FUIRERHEREE A EE
HURFERIRT DAE A, P AAEFRF 46 MDenseNet F3ER o

3.5.2 U-Net 1t X 34k

1R Bo L1 4RI, AR SCR T R RGO, A A
AL AT 2O S B A0 S B » BT S B 38 1L T =B iaE

WA E Bad R, SERE Bo L] KBUER, FBTEETYIS
B, o145 &R A R /NG training segment, WHSES B C AR/
training chunk, KE#E(E training segment S FRAIFIGR C K o AN, T
FRE look back chunk £ E AR training chunk EITHISR - HEKRE —., BHIE,
A ERBITESL /D look back chunk FFHERE 1T B, BE, SEERER
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3.5 M AEE

LA R I SR J 0y (1 -

1025 Magnitude spectrogram

256

Step 1

Step 2

Step 4

Unused chunk in
] the current step

Processing chunk
Look back chunk
(extracted from bottleneck)

3.12: #EXFISRERE, B I K/NA 1025 frequency bins x 256 time frames
A58 R PERE & /E training segment, WA¥ training chunk FEEIAEEE & 32 time
frames ~ look back chunk fx RFRFHEIAEE E A 96 time frames © B—FEH, BHH
IR A B BT SR, AL 6 ESARE ERI AR A5, KAl
REREHIIEIR o FI%E Step 1 £ Step 3 K¢, FA#§ look back chunk 43 HlE%
TEREOER 0~ 32~ 64, HAERE S 96
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FEE FREATHRAL

4.1 EHEBAN

ASEHF T %

AEB ARSI EREE, RMIEARERSER MUSDBIS [12],
i B &K a

TERI4E, 2514 DSDI100 [13] & MedleyDB 28] °

4.1.1 MUSDBI18

MUSDBI18 [12] & B8R JE I 2018 4 Fr 2 B SiSEC (Signal Separation
Evaluation Campaign) &l BELEE [29]), &A= 2R B AR E R
5% - ZERER 150 HEBEIHAAR, B2 8 A F R E R, H
BUESEZ B B 44.1kH » [ [L1) 2 iR BEA 15, W LLEEB] MUSDBIS &k &
FHFATHERSE /RS, SHEaE—F, Hepih RO & Ee B - S50
BR L4 N ELE s B8 ERETEENEES TUEZREN, 75%
NE (vocals) ~ 8 (drums) ~ BHT (bass) ~ HAth (other), PEEEHA IR AR
L (mixture), TIAER A0 BE H AR & HEZEL (accompaniment), HECE ~
KA INRE AL ©
£ MUSDBIS HJ 150 HH#E+, EAMES 100 AR, A&
JEM Ry 6.5 /N, EAIEEFEGROLFRY 14 BEFREERE, FEk 50 HHA
HEERIE, BREL 3.5 /NE o HERPKJFEMA S DSD100 H 100 B ~ MedleyDB
B 46 & ~ Native Instruments 2 B ~ JIZEKIEELEE The Easton Ellises 2 B ©
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Pop/Rock

Rock
Singer/Songwriter
Heavy Metal

Pop

Rap

Musical Genre

Electronic
Jaz
Country
Reggae

0 20 40 60 a0

Count

4.1: MUSDB18 & kMt i BB & 455t [19]

I i 8 K

Vocals

[ 4.2: MUSDBIS ERHEEIES 04 [12]

Accom pamr‘nent

Mixture

4.1.2 DSD100

DSD100 [13] % MUSDBI18 Hf T & kHE, FRUEN 2016 4 T & SiISEC
TS EELEE [13), BTS % MSD100 BkHE, £KE BB A 4 TR, (Digital
Audio Workstation, DAW) JETTIEZ RS, HI i EA S0 & BoE it Fraaag,
—(EABERIE, EEREN 100 ERES, BEAEHES 50 E%?YEEJWE%*«*# >
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4.1 AHEHA

FITHY 50 B RAMEER: EREFEERES 7T IHEZFRT, 2505 A2 -
B~ HHr s HAlh o A, DSD100 s&1¢ The "Mixing Secrets’ Free Multitrack
Download Library | HEMZK, £EFE Mixing Secrets For The Small Studiol Y
TEHEZE-

4.1.3 MedleyDB

MedleyDB [@] ALY R 22 3 B BB B BE 50 Fr (Music and Audio Research
Lab, MARL) Fr 8340, & 196 H ZH S Al F B8 RE, HEhlA—
HO 122 B R B T4 Bl WHETES T AERTES  TATRSL
M AR Z S8 - BE TR EHEENSETEERRA, WHEEHEEN
EGEITIRE, EREPHEAFETEERN O - WFEMR, DU H A LRI RY
L, OG- B2 - BERE ~ #JREE o MedleyDB BRHMELE G IE 70 FEAF
SRR, MY MUSDBI18 & DSD100, MedleyDB AU E# A 340, {HiE i
AL T — SRR AR R g WU B A AR A -

Rap

Theatre

Pop
Electronic/Fusion

[
I
I |
- 1
Rock NN
Singer/Songwriter
)
-

World/Folk
Jazz

Classical )

Number of Multitracks

4.3: MedleyDB ¥ RMEHH i BB R4 8]

" VEER LA A 132 &, INE TS E RIS 74 B, EEAEHEKRIUS R ERIEH B
By T4 H o
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Fog FHERTRAL
4.2 FEHRZ
A AR IR T, BUS o BERCR ~ 3B ~ =R EIR =Y

A o B TR R ERCR, MR AR R E TR 0 MR SDR (Source-to-
Distortion Ratio); LA RTF (real-time factor) M test chunk F1& IEEERFH AT

o, ZRERAEUSHEIEAFTEER -
4.2.1 SDR

Vincent [30] %5 A&t T £ M8 42 F A FE 445 B R 9% U5 70 B (blind source
separation, BSS) HUIFER o 3w CHEcat T M8 2 BAGHRETRHIZR §; B B ARZR
Starger FIIERIR © 88—, Vincent EFTEHIER M B IRZ)R B = Fa 2 I m 15

Sj = Starget + €interf + €noise T Cartif (41)

FRE T Cintersr €noiser €artip THNRETIIRE ~ BEBE - N TEBE -
B, TR DURIE Bl #6515 SDR 1{H:

HstargetH2
SDR :=101 4.2
OgIO( | |€inte7“f + €noise + 6artif| |2 ) ( )

HEERBIFR BT, EE R LB AL H SDR AR THHIZ IR
e ERMNERE T, swrge MRS, s; HEBTEREHEZMGE - RITB
Vincent % ANRVEER, & SDR #Ey, ERBEMIALEREBK, E% 0
URZE 7 BERCR BT - fEAGR S, e S MusevalEEF'E/‘J bss_eval TR
B SDR 18 - TAMEMZ EWIFRAIHRE, EE B SDR #5772 Rl A&
) R 22 AR R B TR AR SR ) A — PO B AN R A BURGT S — P SDR B, IR
P BB P AL BE E—E 3R SDR {H; &ig, HMEFHEHEER S EEH
SDR HUF3E A BB R RGAE R, H AP A BUEERE RAVERCE, HIt A
B E EAFHGTEE -

Zhttps://github.com /sigsep /sigsep-mus-eval
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4.2 FFE4542

4.2.2 3EEBFH

4.2.2.1 Test chunk

HAFIEFE test chunk Ry{HIRARE —UCH A\ BT AR i 55 AR BEEE Fr B » RS 44
BIR BT T, ZEIRATE test chunk SRR, SREREFHEZ T - HER
A, BJt, f£ U-Net H1HY CNN 208, FEETEAZRET, 8 TR EE S
fili 0, DUBESR A Sl DA HREI R, (B2 EBRIEA test chunk HEAEHF
S IE R BERT A 0 BRI BIE N, E TR R E TR o B, AR
ZRISHOB RLELT o0 By, FR BRI 7L test chunk SEAERFBEZ I, B E
&R B E NRE o FEEEATRATRF I, test chunk @8, (CRIEEBIE -

4.2.2.2 RTF

RTF A5 7 2R 6 A\ B i AR ] B g AR ) R RO LU (E - 5 SR 0
EFH, B — B RTF €& A F5EF:

RTF — Total processing time

4.
Total duration of a song (4.3)

FIU PR T AEREE A — P ia 5 2 A 21 Stk i H 5 B BERS RAVE T, o0&
AlE—EWWERRRE - EREEAH R ER, KA RMERRBE, 5L RTF #
%, HAAREES - 8% RTF<=1 (CREEIMETERER -

4.2.2.3 zEBEFMIE

BHoE, BRI B R B, RIS ERECR RTR<1 » #:3, FMEtn]
PLFEH test chunk M RTF 2Rt B GEF 2 | i (R [, X test chunk
RER T, RTF & r, AISEE R ARE Tr 70, BISEERERH L a1
DA

L=2Tr (4.4)

AR AR LR N - P BERA AESER IS B A2 BT tost chunk HORSRE
LB RTF (&, M0 L% aoRes -
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4.3.1 TERER

AR EBRIRE £ BAE W & 6% EilEAT, DR R ERE TR BRI,
ARE AT

=%

i

=
o Hi

— CPU: CPU Intel(R) Xeon(R) Silver 4116 @ 2.10GHz
— RAM: 328 GB

— GPU: NVIDIA Quadro GV100 and NVIDIA TITAN RTX
o BlEER

— CPU: Intel(R) Xeon(R) Gold 6154 @ 3.00GHz
— RAM: 90 GB

— GPU: NVIDIA Tesla V100 SXM2

BeAh, A (5 2% A 4 Bl AT BBV HIES, RV E AR E ANUR IO
R AFR S AR S o BBAERIGR M Ay, B BRIk GPU E1TEE - 1T
RTF s8I, BT HBOLMMEMER NS GEEN, RASMEETEERE
M, WMERE CPU % O8A 1 IEREE IR/ DRITED -

4.3.2 FE*EH

o EER— RETSH B R RO R
HoAF i B.d p Tt R FI 046 B AES MMDenseNet 28 A4E M2, THE M
SOBNCE - 2B R RTF -

o BT UM AR LR
Mo B4 T2 R B4R CTRM MMDenseNet M%7
5 @& HEACR ~ SRR K RTF -

o EER T BIRSRTEH Y B R 7 SRR Y B B B
BAF LA B 1] $5 H AOBRR  VE RE BR O B | S LR R S
B RS R R
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4.3 BRET

o BERIY: e U B e SR BOSOR
FAPTLA B U 2 B (B BRI R MY I b B AR R
i B I B S RO VA AE MR test chunk RFRURICR

- B HANEGEENRB N
FAfI#¥ MMDenseNet ~ HTDemucs e A ZERE ~ LA S SR
AP R B\ i BT E R, I R P ERCR ~ 2 8& - RTF
X test chunk /¥ o

4.3.3 INKRABKZE

FoA 68 MUSDBI8 [12] &k 5 A B aficdh AT 2SR ~ Beas K o0 i ol B A
A EE 86, 14, 50 HAKH o A BE H AR K ERER, MUE Fyl BRI K
A EC R T~ RSl ~ MOHA T HETINGE o b, AuwSCLLNE 5
243.25 BHUAHARGET R RTF f51%

FEASHR SCHOBT T, R AR5 0% Al A R Py PR 837 R HE9 (Short-time
Fourier Transform, STFT) T3 2 3RS |X|, DUTZ2HBIRCE:

o FFT size: 2048

o Hop size: 1024

o Window function: Hann window function
o Sample rate: 44100 Hz

o Channels: 2 (stereo)

B SRR S BE e I T

Batch size: 8 (Self-Attention, progressive training), 16 (other experiment)

Loss: L1 loss on signal

Epoch: 1300

Optimizer: ADAM

Learning rate: start from le-3, decay to le-5
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o Scheduler: StepLR (step size = 5, gamma = 0.99)

Bk, TERITIIGRBIEES, RER &SRR BR A, W% il
R o BT BER B BGERY TT TR, FMEANE R R R M A, R S R R
BRI R ROE , SRR RN R B B e I I BRI, [Fit
SR training chunk FIRE o JERRFHERAHIEER S, TR Bk

N

‘ N

AREHDBERER SR, HEHEE 0.18 7
F AL JIHECE R B R HERSER

i

Training segment Training chunk  Test chunk Look back chunk
Methods Training Testing
(time frames, sec)
MMDenseNet 256, 5.94 sec 256, 5.94 sec 256, 5.94 sec
Learning target improvement 256, 5.94 sec 256, 5.94 sec 256, 5.94 sec X

Model architecture improvement 512, 11.89 sec 512, 11.89 sec 256, 5.94 sec

Progressive inference 64, 1.48 sec 64, 1.48 sec 64, 1.48 sec X 64, 1.48 sec

04, 148 sec | o1 148 sec
512, 11.89 sec 64, 1.48 sec 64, 1.48 sec

. 256, 5.94 sec

Progressive training 256, 5.94 sec

256, 5.94 sec 32, 0.74 sec 32, 0.74 sec | 128, 2.97 sec | 128, 2.97 sec

128, 2.97 sec 8, 0.18 sec 8, 0.18 sec 64, 1.48 sec | 64, 1.48 sec
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mh¥ FTREREIHR

RS [ BRI R B (T R - R SRR B
FER ~ RIS EEE TN, MR EIGR I AR TR A RE A T
BT B 4 Y«

5.1 EE—: BAILBAZAEZLRILK

TEE TR T, Foil ki B oy oh B A A B 8 -
[ 47218 MMDenseNet 157 5 ¥R o [itb 2 41, PR BB 0o, R0
jtt MMDenseNet T2 E H Wiener filter EAER BRI TIE, L HEF, BT
FEGESBAEAY, BT NS BB IGENT Wiener filter fI5HE o A&
FEERI T2 TR W B 31160 1B AR (1 B BRE SR AT FUE » TRAPTR BLBEBRIE T test
chunk BEA 5.94 B, 32 b1 Al H R AR R -

5.1.1 2 &&E LK

] El] Fi7~, MMDenseNet #J median SDR } mean SDR &7&1E 11 17,
HER FBIERAGBEIAREN L, EEDBENRFINLARE - A Wiener
filter %, SDR fRIEE A NGRS, FHER MR IR — e N\, (Hi]
DARABRRSZ B AHEC AN Wiener filter BT DA/ TEFE o LU IEE (magnitude
mask) Z5F1%K B R MMDenseNet #5! SDR f8f# 1A N EERVIE T, THERAONE
R KA Wiener filter #5722 —28 o cIRM MMDenseNet § SDR 815 418 55 5-3&
B FpE R EEEE R B Wiener filter FRASMILL, TEREHOARFBEES
##55, X1 cIRM MMDenseNet 7E{HER NS, (R & HH SER BB, JHR
EIEE _E R Wiener filter iANEIRE Sy H IR ©
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SDR Comparison

14 13.872 13.951 13.863 13.909
13.555

13.461

11.162

11.071

Median SDR Mean SDR
B MMDenseNet B MMDenseNet (Wiener filter B MMDenseNet (magnitude mask) cIRM MMDenseNet

5.1: B H AR BB YERTY SDR HEB ]

5.1.2 E3B B H b

EEEERE S, HRNRMET test chunk FIFEL, [FIH 8 2 30 @A RS Y
e —[E %A RTF, [ 5.9 [a) %38 B 508 0 iR A ST R A 5 - 1 48 i
MMDenseNet 7E75 1 Wiener filter BI{& 45 S, 0] LLEEEL(F F Wiener filter 12,
FEEAGR FTHEBA . B RTF B ERHEEBIRG, BERAG - - 5%, &7
Wiener filter 43-Bb6 75 505 51428 40 H B A\ 55 BT (FIASETEL | 0708 80 0 0 B
RPN f, T35, Wiener filter HOSEEN i EM JEEW:, T EITHF ML
EE U EREERE LT AR R Wiener filter AN & B AR
HOBRTT © AT BRI G0 R et mmﬁ%wwﬁﬂ%%%% I RTF 158
HEMEREIE 04 VR, IGKKAUBUE, ERRIAERIIAS o

5.1.3 ZFHZRILEK

SHEFEAERW @ ) Fi7 o B 4% MMDenseNet 7E#8 1 Wiener filter 12,
5 N AR R A A R AT IE R, T2 BE S F R R M5 o SIS E R 5
madnitude mask i N &5 B 2E R o cIRM MMDenseNet HIJ& K %6 VHIH H
BRETEM, P e A B SR AR O o 2 R G B A DU, HERZERRI R N
SEEEENIE LT o tLEBRAVRENEAE IM LU, Ag SHBZ ZEHER o
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5.2 Bl —: BRI BT EHRIE

Latency Comparison Parameters Comparison

9.99 700 679

= MMDenseNet & MMD Net (Wiener filter) = MMD Net (magnitude mask) ® clRM MMDenseNet ® MMDenseNet  ® MMD Net (Wiener filter) ® (magnitu de mask) ™ clRM MMDenseNet

(a) Latency comparison (b) Parameters comparison

5.2: (a) « AR B A R B L ME R A SIESRR AR R LA © (b)) - FIH [ A 2 B B YE AR Y 2
BRI -

% 5.1: BLRLGNIER F AT B L R 2 PR

Model architecture ‘ Median SDR,  Mean SDR  Latency (sec) RTF  Parameters (K)
MMDenseNet 11.162 11.071 4.38 0.3683 339
MMDenseNet (Wiener filter) 13.872 13.863 9.99 0.8410 679
MMDenseNet (magnitude mask) 13.555 13.461 4.68 0.3943 339
cIRM MMDenseNet 13.951 13.909 4.39 0.3699 343

5.2 TH—: BRYURBFALEZLRILE

EREEREF, R A HAFEBE A XTI OB E - R A
cIRM MMDenseNet VE A It B B g FLERLRY o B ER[E € test chunk BE A 5.94
. % b AT RSN A s

5.2.1 #&#&E LK

SR SRS A b3 TR o 7 v A I I R A 9 ) A
il ( ) %, mean SDR & median SDR EHFT LI, FBIEE EBIERB R
T % EEBATERITE, 8RR B R AT WG » B, R
MELRNZREE TBRAOWEBAE, F5E, WHEHER T AR REA
RIHE, EAFEESAMINERDERE o R ZEME. % MDenseNet
(EAEIAER I PEHBI%, median SDR $2FFE 15 ~ mean SDR #EERW T 17; +
BIEROTE, NZBCEWAE D ERR, B—EEFRIHEESBERE - New c(IRM
MMDenseNet 7% HUREMZERE, H median SDR ) mean SDR & H L6 7
EBIER EARERAK - IWEEREIRE T BIEE B R TH 5 0 B dh = 1Y
EEM, Nim2 R R R RE AT BRSO EE E A BT
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FEF TR MH

SDR Comparison

15.01

16
15 14.764
1 13.951
13
12
11
10
W cIRM MMDx

Median SDR
et W cIRM

55555

13.909
ross T ™ cIRM MMDenseNet + chunk-wise axial SA

1
MMDenseNet + SA ac

16.433
enseN DenseNet (SA across T)

5.3: HETUZUE IR B B EL AR SDR HUEE

5.2.2 B uFH LE

EEEERE T, HNHFIEE test chunk FOFPEL, DRI 52 28 S8 AL L) ) e —
F %% RTF, B b4 (] 2R ISR R I as R o PP E R H oRM
MMDenseNet JEMTIA, FT DAH R FRBLS LT o FEas S FEay B
PHI1Z, RTF M2 ARARENE N, 7EaEiRRE b BRI S S Fh 6, o 3 A Sl ) v
BOREIR, FLEBEEREEMEF S BRI full band MDenseNet [
- FFTA dense block & & AT THIMESR 1, ErEMAFENERE R
w, BT RTF £8 » New cIRM MMDenseNet Z8HE7E RTF RURIRZ A8,
FEERFH B cIRM MMDenseNet =A%, A Ge8Y )R K& 2R H B R E R
b BB A FEHERY bottleneck layer fEHEIFIFE S, FrRa@EREE MR LI

5.2.3 ZEHEARLE

bAb) BRSNS EE S, RRLERT, FIEEEEEH IRM
MMDenseNet M8, B LAH S 8O B % - MM RO ST =2 BRI
IM 2 F, EABSCEBINRRIMGE, ERNRiERE =T, Bk
S B R N R 2 R R R O P
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5.3 A= HIFR# 8 2 &) WA RBN BT BRARIE

\

Latency Comparison Parameters Comparison
10 700

8.59

57 578 575

8
7 500
6 400
5 4.77 a7 343
4.38

300
4
3 200
2

100
1
o o

4
Latency (sec) Parameters (K)
= cIRM MMDenseNet  cIRM MMDenseNet + SA across T = cIRM MMDenseNet = cIRM MMDenseNet + SA across T
cIRM MMDenseNet + chunk-wise axial SA ® New cIRM MMDenseNet (SA across T) CIRM MMDenseNet + chunk-wise axial SA ® New cIRM MMDenseNet (SA across T)

(a) Latency comparison (b) Parameters comparison

5.4: () : BIRILEHESE R B EL R R RTT PSR o () : BT 40 8 A BB e Y 52 8y
B LA o

% 5.2: BERIDRAE R B B LY R R PR

Model architecture ‘ median SDR mean SDR  Latency (sec) RTF  Parameters (K)
cIRM MMDenseNet 13.951 13.909 4.38 0.3683 343
cIRM MMDenseNet + SA across T 14.764 15.901 4.77 0.4016 574
cIRM MMDenseNet + chunk-wise axial SA 15.011 17.099 8.59 0.7233 578
New cIRM MMDenseNet (SA across T) 14.859 16.433 4.71 0.3968 575

5.3 F%=. ¥ MW B 25 BMNERHEBTHRK
F &

BCE Bt B 2 B IR O H R AR F 2 E TR E B, AR S
FIRTAR R R o IEBAREE test chunk BER 5.04 1, % b.J b
AP

B, s ARV R R RIS s B, B AR I i A Y
EEE query B key Z RIAGEEIMRM LA RIFHERRCR - DB E T, FFREAS
RER, BERMAERGEIEE 2%, median SDR X mean SDR & FFET 47 0.5,
R AR ZE, BRI R EIER IR S R0 B E R E R
P o BiZ RTF 8L, o] DISEER R s DAR I o S R B ) e ey ] N 7 /2 A2 K
RHVEAE o ZSTRIEIEDT T, REREREE R & E 28U 37 (HE 2%, B IRM
MMDenseNet FIZEEE AL, NBRFCHBRREZ BIEEHERE, H2HE
MOKIFRKE, NN ERERER, AZEREERNEHRHE - 526 E&R,
(REY b IR F S e T by ielinh 2 XilPNINC

FEAS, TR A 2 58 B D R E R S Liu [R2) FF 68 PR A B
EB NS - oBkdE T, EERASRBR, BHZEBERIEHIER, median
SDR FEIRAES AR ETF, mean SDR A LEAIGIN, NI EE D HEMESR
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#AEFE

h

ARSI

AFERIRCR o fEREEERFHETH, (AR BRI HRAEE test chunk REF
N, P AEGER RTF AU - Wi BER IR HIESBEEE D ABEENE
gE, EFR A Z IR B A E AT UE RO 2 R, &R R B HIEE A
MV EFENSEERSIEEMSHER, TR ¢ [\ B IEE T & E R tE
HE AR R IR Se) 1/ 18, ERMESRSCGET . ¢ & 5, EEEMNERER
SYBEZET U - AN DL EFERAER, ARi CHR A2 B B IR S HIE s
% J7 B R AR -

1%, A&7 layer normalization ¥f 5 BYZRAEHY B B 1% - N E SR
layer normalization AR &M RTF K28 E, HEMy TMEF R ER o8 E
gt 3R o FAS R AT LAEEH, layer normalization ¥f SDR fEIZERIFEME E X, Bk
layer normalization % , ZCRE 2 ARG I BIEE I HEHIEY cIRM MMDenseNet ©
AR BREE, E ARSI layer normalization 7 BHiE R I HIET, & EEURAY
HIFNSR B ISR IS AE © ISHN layer normalization 1%, SRFEEEBHREIR A, HII%K
BRI ERBIRR T REERAR - o PRV Y B A

0.018 | — train | — frain
valid 0.018 ‘ valid
0.016 0.016 §
0.014 -
2 0.014 1 H
3 3
0.012 A
0.012
0.010 1
PR
0.010 ) Lkl aia L aivbeipino I
T T T T T T T T 0008 1 T T T T T T
0 100 200 300 400 500 600 700 0 200 400 600 800 1000
Epochs Epochs
(a) Epoch v.s L1 loss (w/o prenorm) (b) Epoch v.s L1 loss (w/ prenorm)

5.5: : 7500 layer normalization B ZI4R 2 B SK 2 1B L [E - @ s ANAN layer
normalization & &Il HEE AL E R 2 18 2% ] -

% 5.3: HEBIEHIHBEER LB o prenorm CEAEETE HIER IRHIHIAIN layer
normalization, linear layer £/~ 7EM#EAT HIEE NIEHIBIARINAREE , multihead
Ryt R BVE R R R 2 5H B AR o

Model architecture ‘ Median SDR Mean SDR  Latency (sec) RTF  Parameters (K)
cIRM MMDenseNet 13.951 13.909 4.39 0.3699 343
cIRM MMDenseNet + SA across T 14.764 15.901 4.77 0.4016 574
- linear layer 14.203 15.421 4.76 0.4005 361
- multihead 14.457 15.898 4.75 0.3998 1,437
- multihead - prenorm 13.166 13.776 4.60 0.3873 1,426
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5.4 T i X R R 2 i 18 XD 4R LK

5.4 TR #ri XA Ed X R K

AEERE B.o TR R ORI R AT o T E B R, TR
29I P 9% cIRM MMDenseNet 18175 FEISHHY B =8 1 288 E T .
ANER 2 1% A iR 2l i) F IR R A2 TR R Y R A

TESEATHE SR AT e, T B R F R A A AR E Y training chunk B2 test
chunk BEE S AERBOH B, BRWFE A FUR o B2, RMEE training chunk
AHIEATEAF test chunk £ TAY median SDR FEH, {CAERNEHEDL, HERAM
B AR BRSOy A\ R, o BER B MRS AEH AR - Bk mran, Fofpsiy e
HAGE BRI R PR ftr &R EE, BIRGEHBEGE 2 WP LN median
SDR CARMRRY 14, HEIEMERF AR D BERE © B, FFIEEAF training chunk
TEMIA test chunk = % median SDR U228, E A training chunk &2
Bl test chunk [A]7%y 1.48 #PIF, #EE median SDR HEZERRSA, BREEAET
AR EEBEBR R B, RO E RN A &R, EmES iR E
Ft o PORFAMFE A E training chunk B test chunk B A F R & 75 Sl 095 BERL
R, BNRIERAGEE HEHERE °

% 5.4: [#HAE training chunk 82 test chunk % median SDR AY%E SR Hr i 3

Model architecture Training chunk (sec) Test chunk (sec) Median SDR
5.94 14.764
11.89 2.97 14.003
cIRM MMDenseNet + SA across T
1.48 12.776
1.48 1.48 13.969

5.4.1 HBEXAXLR M

FFA T R AR R R, DRI R APT & sl = R, B Al o =X
BB AN B EEARE T, WFEETEMTE test chunk & T median SDR K 4E
SERERIRES o BERTRA TINE b RS -

B, Pl R F R T R S M - RIS b.d FTLLEE,
£ F look-back through bottleneck Ff, ANE test chunk Ay 1.48 FPEZ 0.74 b,
median SDR #PH& AL ERLAY o T8 A look-back through encoder blocks FF, #
SRTE test chunk £y 1.48 FPHF, median SDR A FHHIE EA, (EFETEZR 0.74
FPEE, median SDR AIE —LETRE o Wi sCRIEA M MR 77 v, SRS PR
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ERF TR

FEAK o HolIa0 R 2GR R 0 BERCR Z BT LR B E B, SRR IR A Al R e
HFRRYBUE N A], U-Net BB IFR I 32 30 e o R e e T2 IR PR B L AN ]
AORDRE, BT R BT BT

Median SDR Comparison

12 13.969 13.976

13.765

13.041

12.970
I 12.918

1.48 sec 0.74 sec

122

H Baseline B Concatenate Through Bottleneck B Concatenate Through Encoder Blocks

5.6: FEFCHIE T 15 BRI median SDR K H

AR, Tl LR R 7 PR SRR AT B AL 5 o ARSI b PTLAEEE, (F A
look-back through bottleneck A~ & EA A M IIZHIMAY RTF, HAIEE bottleneck
layer INEHEN K ZEE & HILERHFZA K » ZH look-back through encoder
blocks Kf, HATE decoder B — B & T EZBIMER, FrLlE it RTF 8N4
30%, EFSEFREHEINL 0.4 PRUEERFH « o, TAMTETAF test chunk RJF
F#f. &EERTF B BT, (HAE 0.5 FPLLEAEFRAARANGL -

* 5.5: WERHET A BT R R

Method ‘ Test chunk (sec) Look back chunk (sec) Median SDR Latency (sec) RTF
. 1.48 X 13.969 1.20 0.4068
Baseline
0.74 X 13.041 0.62 0.4177
1.48 1.48 13.765 1.19 0.4031
Look-back through bottleneck
0.74 0.74 12.970 0.61 0.4090
1.48 1.48 13.976 1.58 0.5350
Look-back through encoder blocks
0.74 0.74 12.918 0.83 0.5609
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5.4 T #al A R A 7 L X AR LK

RTF Comparison

0.6
0.5609

0.5350

0.5

0.4177

0.4068 0.4031 0.4090

1.48 sec
M Baseline

5.7: #EFRET IR BEEERR RTF R E

0.4

0.3

0.2

0.1

0.74 sec

W Concatenate Through Bottleneck W Concatenate Through Encoder Blocks

5.4.2 #iE X RAE KX R KXERTH

F A7 0 v e X R o o R Y R MR I BB [R] B RE
median SDR J RTF WL, FHBIJ71%% look-back through bottleneck ° & @
R E RS AR T A R AR -

B, BT AT AR A AR ] s A T B SN SR A5 R o AN TR RE AR R
FF] F) 2 e 3 B 245 R 4 [ @ B, B4R E % median SDR #f latency HY
S o ARIRME 0] DARIS RV BT, BRI, o BiEdh E 2B ROGHE
RS o £ FERRIR 212, EAFREEFE NEEEE R median SDR e
TCHE B R Ay, BRI ROt hE 2 1R - AU RENRE T
MRS B E IR M BEIR T B E

A ELEAE B RE test chunk & RTF BI5RH, RIREE test chunk i, RTF 82
SEEBERIAE L, 45 A b FER o dhp it =t I SRS E 2R look-back
through bottleneck AR, Fr LA AT LU 1F B i 8 20 ENAH [R] - ASE BRAS test
chunk FEEARAL S 0.18 FP, 45RBE/R, RTF 7EUVIEBALG B, #EAIRTREEE Pytorch
TR A B o

iz, BATEBBRE look back chunk PR, HEUR o BEME ML, B
ZHE T BHEE o AN, A$EIARREECR look back chunk AR AR 4R AL look
back chunk, BEIRE 15 AL B B LA N R, (B8 H—FAta WU IBRTEBAE look
back chunk FBEEIFRIIFRZE
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Median SDR Comparison

e Baseline ® Progressive training

16

15

14.394 14.764

14 13.689 >

. 13.969

[
w
.

13.041

Median SDR

-
N

11.322

11

10 .
9.973

0.13 0.25 0.50 1.00 2.00 4.00 8.00
Latency (sec)

5.8: Wi E TCHI R T 14 BLEL BRI Y median SDR Fr4R[E o HY latency S RAVIFILAKF
A SRR AR R R B AR, Rl B PSR S IS AT RIAR o

RTF Comparison
0.8

07 0.6837 0.6915

0.6
05
0.4068 0.4031 0.4177 0.409
| I I I I
o

0.18 sec 0.74 sec 1.48 sec

IS}
w

o
o

o
s

W Baseline M Progressive training

5.9: #HERGHOTIEEEERR RTF HakE
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% 5.6: Mt A SRR BCHnE T TR B iR B A

5.4 T i X R R 2 i 18 XD 4R LK

Test chunk /

Method o Look back chunk (sec) | Median SDR  Latency (sec)  RTF
training chunk (sec)
Training ‘ Testing

1.48 13.969 1.20 0.4068
Baseline 0.74 X 13.041 0.62 0.4177
0.18 9.973 0.25 0.6837

1.48 1.48 14.048 1.19 0.4031
148 0.74 14.327 1.13 0.3812

Progressive training & 5.94 1.48 14.350 1.16 0.3903
progressive inference 5.94 14.394 1.19 0.4031
0.74 2.97 2.97 13.689 0.61 0.4090

0.18 1.48 1.48 11.322 0.25 0.6915
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BEET TR RIH

5.5 BERA: BAAGKEEGRRATH

I BB A A onnx 8T, W R854 B TR RS IR
GRBRALEITHEE, K E G SRR R A REET o0, M DR AR
SR F IR B S M R AGR T 5, K b BTR o AEEBRR, B A HE A

# HHEJ state-of-the-art #7 HTDemucs ~ MMDenseNet ~ /% F #iE=FI5K + I
AI12HY cIRM MMDenseNet + IRl B 5 S 2 B8l o

B, MR BRI TE R o 2570 mean SDR B2 median SDR HY#5
%I, HTDemucs &2 F M & A BEEA IS G EETER O MAVERAL, HiK
7= — %[ cIRM MMDenseNet + SA across T, FAE#HE + HIEARAL
B, Fiz HIl2 MMDenseNet © Bl =44 7F mean SDR HJZZFEAN K, median SDR
A& HTDemucs A28, FBEER - HTDemucs P2 B RITF, FERERAIEK
th A B 2B EEANE -

SDR Comparison

17

16.153
16.007
16 15.901

15.621

15 14.764
14.394

11.162

11
10
9
8

Median SDR n SDR

11.071

W HTDemucs M MMDenseNet M Complex MMDenseNet + SA a Complex MMDenseNet + SA across T (progressive)

5.10: JEITE R ENRA SDR HEE

B, FMEEM S BEEITE R - 1CHE LA HFR T HTDemucs b,
Hig = (AR BAE7E 1M BLR, B MMDenseNet FNZEBEHE 2 BIIAFEZ %,
TE 2 B RS R AR B F, B/ NYEIE o FUBASHR SCR H &7
MMDenseNet BOERITETE, GEFTEME /D BZSMEIR M ET o8 -

Rz, ﬁf?ﬂﬁf”ﬁﬁi@ﬂ#%ﬁi;ﬁ%ﬂ‘? T E SR PR BRE S RTF X test
chunk RE - {¢ 0 BEMERREAE, MEEAE HTDemucs BEFTIETTRAEE
HRF B, SR E A HTDemues BRI BG4 E R, #HBH RTF 1515
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Parameters Comparison
100000

31,403

10000

1000
574

339

100

10
Parameters (K)
B HTDemucs M MMDenseNet M cIRM MMDenseNet + SA across T cIRM MMDenseNet + SA across T (progressive)

5.11: EATHE S BRI S B R R

B BRI E TR B, E—FDHY test chunk T, SBHEE 5.4 BASIRGE
%l o 7 MMDenseNet 7E2E &, #5A RTF EHBES, (H2 test chunk %
5.94 #b, FEBEERAIRERE, BAMGE X RIEH o RN R
TR, FOBLE EEATHY RTF 8% 0.926, BN L test chunk EEEE, BEGE
USRS, (B R IEREFRIATE, MMDenseNet JREE o BPAH R T W7
B TR LU test chunk ZEMAUESERT 25%, if B RTF HRERE
0.439, BESIMEIEE —FRIEERS, B MG EDR AR e kol o gy
B A LTI T A0 T M B R, BT B E = M A
EBTH, TR RS E

RTF Comparison Latency Comparison
6 12
5.400 10.80 11.00
5 10
4 8
3 6
N 4 381
i 0926 5
= - -
o I o
RTF Latency (sec)
mHTDemucs @ MMDenseNet & clRM MMDenseNet + SA across T = cIRM MMDenseNet + SA across T (progressive) mHTDemucs @ MMDenseNet & clRM MMDenseNet + SA across T = cIRM MMDenseNet + SA across T (progressive)

(a) RTF comparison (b) Latency comparison

5.12: [a) : EATHEGEE AR RTF HOBHE - (L) - 0858 B 10 R T s
HRIE - HTDemucs BEY RTF A 1, BLEIETH M, CEISR S
WE AR TR -

VERS DA SE BB T BERE, MESREESNEST, (AR L EW A EHE -
2L onnx #5018, median SDR _EFZE 15.210, 4 BEFRIEET HTDemucs, JREAGEETE -
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FAE TRERETH

5.7 EATHOR GRS BB & LR

Model architecture Median SDR  Mean SDR  Latency (sec) RTF Parameters (K)
HTDemucs 16.007 16.153 X 5.400 31,403
MMDenseNet 11.162 11.071 3.81 0.321 339
cIRM MMDenseNet + SA across T 14.764 15.901 11.00 0.926 574
c¢IRM MMDenseNet + SA across T (progressive) 14.394 15.621 1.30 0.439 574

5.6 &&9H

HAFirs P SR AR A B LUETT 04T, FyHUERA MMDenseNet ~ 43
HERIUM SOTA A HTDemucs B> MMDenseNet B 771588 A T AL HYIEIE
° HIL, HEIMEANITIEST, DHERBERIFHA IRM MMDenseNet JI# A
R NHESR . H median SDR B8R 15 » #F b RTF F9RIH, 7B
R R T, BFPIEGETTVERR T cIRM MMDenseNet [l F]{3 5 71 FUHR
U LROE SN, EERJTIEE AR GG NI R B ], BLEL R R f R 5
ANJE, T HTDemucs RN & ER 0 BERIFIE o SRR BT, Hifis
e T SRE i U A RE TR o Bl B 9 9R K - fedg . FAMI$E T 1%k
SEEMETFE IM LUN, HEEMAHEZE D REET -

N

Overall Evaluation Results

17.5 @ Parameters (K); RTF
‘ 31,403; 2.010

575; 0.3968 £ cRTED)
— o 574;,0.4016
s VN \_) © MMDenseNet

y \
( | 574;0.4031

\ ) © HTDemucs
VN g;g;) 574; 0.4068 343; 0.3699 © MMDenseNet (magnitude mask)
e E\\ /] 574; 0. 339;0.3943 © clRM MMDenseNet
© clRM MMDenseNet + SA across T
Q P74 04177 © clRM MMDenseNet + chunk-wise axial SA

125 New clRM MMDenseNet

Median SDR

© Progressive training + inference

Va
/

15 / \
( | 574;0.6015
) 339; 0.3683
N/
Q 574;0.6837
95

01 02 04 08 16 32 64 128 256
Latency (sec)

5.13: BT A SO 7 % B R R A7 A OB © VY KN RTF, A EARIEHE R
RTF=1 IFHIR/D, @R ERA RS EHERE LR CPU EITHE - F5
E9RETZ S BIER S EE K RTF - HTDemucs B8 RTF K5 1, BIEEN
HEAT O BERRY, SEERF B L Pt R EEER

56 doi:10.6342/NTU202303861



6.1 4=

ﬂu\

ARG SCFR T — RSB BOE T %, St D= {8 i e s R R R
MMDenseNet, HAEREZE S EZAVE R BE - thA, HWMIREHZDBESE=
8 BRSSP, 0B R RIEE ~ RERER ~ SR E o LUN R ASEm SR
AR H R B A A

S [ EHAEIT T, BRI SRS B O R
ﬂ MR, ELIT AR AR R R A A {5 D FE A 2
B o BN, EBRLEE test chunk [, FH TRERIER IR - FolriEs
Bi 2017 32 HHY MMDenseNet 88 BERBIUNME, HE2F2HED ~ RTF
(EROREIE, TG B0 P L R 2 VR B M R SR SR 40 B 4T test
chunk °

2. HER—AURFEAR A, BAFIGK H RN B EE4 G R TT MMDenseNet
DB E, BEARERRNSEE K RTF « F1E3I5R B A% R 18 5 B a4
FRAGEIAYTERNE S, ETHRA 9 BEME  Complex MMDenseNet 27 cIRM
oy FETEI 3R B R ARG R &R, Ryt B B P R R AR A AR o P fFI PR A AT
ETREEE -

3. BB —RIRF AR A, MBI A A ZIR T Complex MM-
DenseNet FZr B E o B H T =FAR 7%, 505l K S R B 7%
BN ~ B B iR S AEH) ~ New Complex MMDenseNet © = f&
JT1ETE SDR f812 F#SEME Y Complex MMDenseNet, H: H [& 3 2CHlH =) H 13
BRI RSB &R A - 1o, RHATTEH A BB B iR R 5%
I FE G RTF, $EERBLENK - &g, WMRETEEENS
BE, HIEEBLEE 06 M LT, REMELHE - B, RARER=HE
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FER IS S (A E TR E B, B T MR R BOE T A RE R RGR
7t SDR fBRYERH, M ANER D EFSEE -

A HEBRIUARE RS R AT, M5 A R E T IE B R E AR
Complex MMDenseNet + 3T i 5 73 78 /158 5 B A A R AR AL 7
BEonE o (BRI —E75 1, WElE concatenate through bottleneck
EECERER ISR, FHIEARA test chunk FIIETE T, GBS RUHAE median
SDR Y NRE, S HMRIEER o Bl E A 1R 5 R R AROR -

5. HERARFFEARATM, MR onnx UIHE S5 EEER,
MMDenseNet 73 B 5 E K7 IR ~ HTDemucs HIZ& RTF J# & B IEET
BB E L o 352t ao B 7 SRR 1 i SURI SR B B B N RESAAE 1.48 FPRY
test chunk F, #EFFAEERY RTF M SDR ° iERERA T 2S5 Sz B YA G
AR/ E S T5 R AP Bl R I ) = TH H AR -

6.2 ARREZ

HEIR TR SUPE T 22 B VATIGHEE 7 i vt T K P AR, (EL7E R R R ] R T
EIREIR, HEDAFZAREERA TR UETRER, & 22 A5 SR
HOE— P RIIE o DUN 85 2 TR AE 7 (7]

1. FERBF RIS T, BRI AR A EBR S N EE, S8R
A R R % RO i Ath (R 3R S A5 B USRI A ] 56 P AR AEATR R HY Rt
FRGASANEE 2L o IAMA RN E RIS, A 0] 3_ H AR BT EE R
ANGR, SRS REBATEAR o B A 3T 2 HABSRISHER H R 7R T LUk
ik, FlnfEERER S AR A %Y self-training J7{% noisy student [31]

A consistency regularization HY mean teacher [32] S55& ©

2. BR T ARG SO A RIRIIAR B AR R T %, SR 2 O AR H I B R B R E
VBRI A, TOAR(E A SR EER RS, M TRHIEBOR S - a0 G828 R o0 Bt
B band-split RNN [9] ~ sE & FRCRN [B3] 5 o thob, 7y TiEEA
SRS E AL, FAI AT LUK RIAR H AR AR E S B B A BUE R, a0 B4) ATk
H Y Mel-scaled mask ©

3. FERMAESRRE T, FUA SR REIR SEEE- P2 V) s (R (ERAT , SR T s 4
ASHURAER T T2 B o R b BT, ISR R R
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6.2 AXREE

W, R EAREIFE F, 7 LAITE New Complex MMDenseNet FURSETT
) Z [ subband, FEFEAIEEE FE A EEMER, 5 bottleneck layer
H= | anAaE IR S EERCR -

AR T AT LA AT, =X BN SRt IR T ¥ concatenate through
bottleneck P ZME, FAFIFRIEKLEERF concatenate through encoder blocks
JEERREECAIARE o B 23] LIE A AR look back HLF,
{51 an A R B i — L [ R A 2R SR AR ST, IEGRAS & AN RIBI R B R
FEZd, BilanEH dual-path RNN [B5] FIESGH B EE B8 SepFormer

[36] ZEMEESE -

R BERBUSRTIRITIE, BR T AR MY SDR BUESN, RABFLIE
AT RICRH B B A A, B A) DB SR 0 A 28 SN AR B 7 VA IR B AN R
J& ~ ANFEIBEFR A o BER DA T IR E A -

- ERR IR SR ST AR B B ROME AT AR, A ENA e E B
ZRIR, H BRI T VAEE R 0 BEETTEER o ARACH] LUE R FIRAN ]
BRE BT, B2 N ~ SRS, M BRI BRI A o B -

* 6.1: NEIFATFAVEER SR, FEEEES Complex MMDenseNet (1 5 i s 2 13 &

T
Bands ‘ Test chunk (sec) Complex spectrogram loss (MSE) Magnitude loss (MSE) Phase loss (L1) Average magnitude

1.48 0.882 1.186 0.617

Low frequency 1.194
5.94 0.581 0.768 0.591
1.4 .012 .01 .822

High frequency 8 0.0 0.019 08 0.120
5.94 0.005 0.009 0.745
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ek A RiEEEHIpE

FAFIHFH RTF (real-time factor) & test chunk 55 A8 ZEHE AT 5 4% HEE FF fH HY
HEE o B, FAFTEBERM RTF & r, test chunk & A T, RIER R —(F
SRR B Tr o TE3E . ERAEAMIA) B ALE TRV ME, DRGSR A ZE (R E
M, W DUEHERR » > 1 BT o B e > 1, RS RN T, EEE
ST (R iy T A RO, T [ o

Test chunk=64 frames, RTF=1.5

Model
processing

' 1 '
Output 1 [ T
' 1 '

Invalid gap for real-time inference

A.1: fBEX test chunk FJE 4 64 frames ~ RTF £ 1.5, RIEEAYRHEEER] % 96 frames,
KIRE AR 64 frames © 5B BUEAITE B R, MEEERTE H T —(E R B0 4
oo B R EMEE A RR, BEAREESTH EEE, S R E AL
e R MRS -

B RPIAS ST - < 1B, EEERERIRARAOIEI o B RN RELR R I R
B T RES ARG RS, R B S TE B (TR SRS B A B ST © FEIE R B
N, FEETRFEEL T REA BRI 1 test chunk, KIIEEREE 2 test chunk
BRI F AR RIEAERT, e T+ T, 0 [Ad Situation 1 BUTER o ST,
BT AU T MR, B A R

1. BRIEEAT A2 4808 padding REVETA
2. Test chunk AT LLFH I8 25 AR Ji B FA) e A\ BEL v AR S BEE 308 1) A\ P ZELEC
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Wk A % (EAE 8 B BT A E

TEE BT, RMAFESES AR KR T KA GE4H A —1H test chunk ©
TE AR Y R P 2 — (i A\ BRI R & 58 ¢, W H &N E T — ¢ #Y padding DAAH
A test chunk HYKR/IN o 1B RRIATBENFIEEE T + Tr D2 ¢ + T © ZRALE
BT 45 AR i g
1. 7EBPRE —1f test chunk FF, [F AR padding FIER, BEAERE -6 ALY
oy HH R T S AR ¢

2. BERIGEHITE ¢ + Tr FEIEEESESE —(E A TH Y, [RIFF AT DABAIG R R SE —
I test chunk ° 58 —{ test chunk W& FE A Tr B M ARG E A, LA
R EZKRHEEEA o (EREANE T, B padding ©)

3. FLFRETMRE, AL AT RE 4R — il R AY ¢ B N R B S S T
7 RIS 7 AR eyt IR S BR, SEL S0 AN A o

AR BR B ] [ e & T, [RICAN SR B e B sE =RE, WIHGE ¢ > Tr, IR
AU B e R[] AT LURE EH DL R A U1

Optimal Latency =t +Tr > Tr +Tr = 21T'r (A.1)

T 55 ZME LIZ Y test chunk HIAYERERER Tr UM AREHE @A A, K
7 g B gy L SR @M% 7 SRS I R AR A 1 - @ (A Situation 2
s optimal latency AT ©
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Test chunk=64 frames, RTF=0.5
Situation 1: without padding in the beginning Situation 2 (optimal): add padding in the beginning

64 3232
e [T e |

<o 0 mooooooon
------ | w3t EE T

Output  {Latency HERREEN

k2!

A.2: % test chunk &% 64 frames ~ RTF % 0.5, HIEAFRIERFH % 32 frames ©
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BRI BE R B A 32 frames IR L padding FALGEIRE —(@ test chunk (H + %) °
Bt 64 frames K, BRI E —(Ef A, WHRE L (X)), [F—KEBHLAEHE
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