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Abstract

Music source separation aims to effectively extract different components (such as vocals, drums,
bass, etc.) or vocal components from a mixed audio signal, which has significant application value
in intelligent audio processing, music production, and speech recognition. TF-GridNet is a recently
proposed network architecture that combines time and frequency modeling and has demonstrated
strong separation capability. Based on TF-GridNet, this paper introduces three structural improve-
ments: 1) Introduces a lightweight channel attention mechanism in the time modeling path to en-
hance the model’s ability to respond to critical signals; 2) Introduces a residual gating mechanism
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in the GridBlock module to enhance the flexibility of feature flow and fusion; 3) Designs multi-scale
reconstruction paths in the decoder section to improve high-frequency detail restoration effects. Ex-
periments conducted on the MUSDB18 dataset show that the improved model outperforms the orig-
inal TF-GridNet on multiple source types, with better modeling efficiency and perceptual quality.
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1. 518

BEE N LR RE SR B 22 S HOR PR g, B A5 S ARl sk 1 2 R Hrb, HRESE
(Music Source Separation, MSS){E A% L 5 7 Ml 2 —, BEW —ANRA EWE 5 2 AL S JE A
LB DU, EERSEMIIRE R, BEWENER N ES Z AN . SRR Z N T
HROR S SOEM ., EEE. R OK RA. KR S RS IS 2 AN bRt

HHAR) MSS 57k R B TAEGUE S BEER, WMLl 8T (ICA) [1]. AEFAERE fR(NMF) [2]
& RRTTFEERBANREE T BB @B, M DU PR 5 8 < (847 72 1) s AE 2R VTR & ™
HAEE SN E RET. EREFINRE, PHRERE 7 REIE T M % VR S, &
T RS A b 32 o) SR G R, A 800 il T 4% G 75 2 5B RE 0 AS 2 11 il

TE 20T 5 TR B 5 ) 8 SRR B 7, T I i A 7 AT S 4 2 ST . ARR T
%10 Open-Unmix [31FH] STFT A4 N, @it LSTM /4% ScBUIN 44 d4 ; Demucs [4] R 51RH
HFFR U-Net fiEht 45 F 2 R B A8, Conv-TasNet [5]5] N KRG AR S S5 5 /35 SR VR0 55 . IX S fst
TR ELARSA, BAEIE SRR 5 T SR WP 5 A AAAE SR PR . [EAR R 2, JE4°K Transformer
[6]F09 #5455 24 (Diffusion Models) 7 & 45 A5 ek P B FH B 4G 1 f2 35 13F & - Subakan &84 Hi 1] SepFormer [7]
FERIRF 22 Sk = IHLRI AR Transformer £544), 782 Y5> BAT5 LS MseERE; M DiffSep [8]id i
GIANY BUERCEBEAR, SEOL T B S E S AR RS DI R, 10 EREE FIARE . AR, XL
RS AAF RS M A HEER NS . 08 A 1 5 )

kAR TSR N R A4 M R AR RE /7, TF-GridNet [9] &R . %R IET “IF stz
+ SEERAR Y Ry SOIAT R, S TE R A 3 A S AR AR, A GridBlock 45 FATEAN R RE
AT RS, TSI B AUE S AR A . TR-GridNet BT R4 145K ml ¥ 11 S5 1 H
REJT, TEIG &S & SRR BT S5 R T4 NBE H FIRCR . SR1f, 4 TR-GridNet 175 S (1 i) 4
BERLRE ST, AR AL TN SE PR 5K 23 B AT S5 AT AR AE DU = AN ) i«

1) GETERFAE N R Z B SRR AR F I R o6 B A I SR AU B, TGV B o AR R
FHOGIAEAE AL, PR TR0 DGR R 42 48 R

2) BRE(E B A RIS : JRUG GridBlock SR [ e ki = %87 2, SZ A TS|, S35
TR 5 EE B R Z RiERE B,

3) fiRfd sttt = 2 RIZRL G MRS AR E0 70 R B RS FoRAERRAS, Bh= 200 EaR1E SRS B,
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BT LA B R, ASCHE TR-GridNet W2 J6mili FabAT a5 i kol $& th— bt 8 TF-GridNet 5 73 55
BAL, EAREFELLF = it

1) SINEEER AL 75 R AR AR s N A2 Rl R L (A ECA),  $R TN SCkEE

TE AR AL R N L
2) VoI HRZEL . BRI IR E P 22T, SINTHEEGE, S8 BB S E B
A Ee .

3) ML REZMSES: RS BRSNS 2 R RS E5 Y, 3G 5m AR R0 S M4 17 1 R e

5 IREGTIRU L, A SCRTR M A oA TR-GridNet FERUANMYTE 43 B9k B 7 T #2350 0 T
DiffSep A1 SepFormer, i AR BT ESEANAR . AR kA BE L ARRENE, I8 A AR AIRAE IR BRI SZ R
Bk BEE . RN, ASCHES B EEIEE R I TR SRS 2 R ERAE, AR T A
Bass 255 Others 2855 ¥ ¥ L IEEAERIL, TRth T TF-GridNet 76 mAan 5 e 7 T AN 2 o Btk ASC TAE
FECRFFEAR TSI RIS T, et 2 B PR RE 5 SLhRB I AT 471, Ao B LB S5 40 &

2. FFk
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Figure 1. Overall architecture
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St TR-GridNet 848 7 (% f IR AR X7 SO AR £ M (36 Atk B, ST T =IO a5 i PE R 5, 0
TEIEEE R L R IR IR A DU 2 RS AR s o« BEARSER T Rl 73 N TSRS B Wl 1 R

Y, HN B R IR A ATOE I A L A (STRT) S O RO 18], S 5 1 i e T 4
FEDHE G TR N 2T < F R IER, RS g4, 1 — 458! (Conv2D) 425 1H—1L(gLN)
AR PR G ) B FLREAT WD R AE SR B, SR DxT x F (BHSIRRAE ] . 32 B8 40 FH 24> TF-GridNet
Block 41, #E> Block P B CEL 15 Mo ARG S A AL B L 1l NS [ R MRS AT B B B Y R 0k, i
PSR R I T2 51 N A B 3 R /7 (ECA) LAY S T8 KN BE 77, 1 A AR B (14 ) 1 U 5 N 104 0 22
g5y, DA AR S EE B Z MRS E . % Block S ERHESR L, K EBIREIZHR
WE5E . fERRSBT BTN 2 RUEMRRD &, R ERFEEE M 5 g i i th 10 2 )2 Rl B BRI Bl i, R AR
R R S R R T i 58 I RE /7, &Mt 2C xT x F IR EHE A, i C Rox AARA IR
. S s 2 STRT (ISTRT)IE FONINISSTE, SEe Sl Bl fe. BB S5 B4 B UiliE
FAETTRE S EFUE B G RETE 50 2 RIEEER ), RS S0 Ay Rh R RNRR
CVARSPP AL

2.1 BEFENDNHBGIA

TEB RIE BAESSH, MNRREG S E A s 4. B 5K, RHETUR ™ E SR, JUHAE
kRN, MRS 2 EE 4 RIE, X SRR AR IR AL, ReE A SCEEE
GRS S N i, XTSRS B TURSE S M EENE R EE S, AR ] B A
i L REE RS ZE S R, MAESE TF-GridNet 7RI PP B ER A2 (41 GRU B LSTM)X BT I 1 AT 5] 55
AR, BRZ X OCHEE R R ARE S, B D R ERHERIA RS YR BERER G TR 43
BRI ALRE

B XX — A, ASCAE TR-GridNet IR [ 42 H 51 N T 32 8841 ECA [10)3 818 B /b, A2
Yo7 BB AR R SR ARG, SBRURAE B AR . T SOl R S S 2 I R . ECA @I EhE
BB R, X2 RER AR SR 24 a1 N SC & N R AR A, K T 2 RAERE R TR E AR
(U N7 2 A st 1T 22) B L IX A PEFREE b, DT B T AR A 7 AT s [A] SR A B v 5 1 SR R
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Figure 2. ECA module
[&] 2. ECA f&ir

FEGHE 5 ) TF-GridNet B2, Sy 7 T R 7R Sk SC B M A RS AE () SRTE 6 0, AN SCAE ot Ay A0 e A
B 5 At ) AR T 1 5] N T Efficient Channel Attention (ECA)REH, %45 He LU NASAE K 7,

DOI: 10.12677/mo0s.2025.145432 771 5 1 A


https://doi.org/10.12677/mos.2025.145432

PTG, gkes

T —MNREHREE LR, AT ABIISE AR LT S E A E S AP .

Bl NAFAE & A X e R®CTF | Horh B Jy batchsize, C Jyili&%t, T. F 2353 m A]mkL 5 52 45
FE. B, ECA fHuxt i NAFAE B 4T 42 J5 P 23t 4k (Global Average Pooling), LA HUAE/N il IE f 42 J i
SgE it . ZAE R RS T ARG, AR MEE IR R 2 =GAP(X)eRC . AL GAP #:1E
M5 oy XHEANEIE ¢, BUOLE TxFFI ERFSME. A5, il mEmA—N>—45
BUZR/N N K BB, F TR IEIE M R A K a=o(ConviD, (2)), Hif o (-) & Sigmoid #
TEERAL, S HEIE R I E a e [0,1] o %R ACE BT S EIE G T, T SR AR AT
A7 IAL .

SRR kRN C EEN RN, ARIT: k-y(C)=|/2C),

———+b

I

’ ﬁ\:l:':ly\

odd
b ABSHOBEFI y =2b=1), ||, FRMRIEAEEE, ML R 7.

BJg, B AR MIER IALE a |k (Broadcast) [ R AR RO TR, #EAT @I ANBUEEE, 4t
BURIIRFIEE N : Xy =a- X, H || Fa085@iE 7% (Channel-Wise Multiplication), £ A57 Ak 5 7 5 4t
FR A P Bl A SR A T L R RS A SR

£ 1, ECA BEHLLUR /N S5/ R4 Se Bl 1 JEE L1 2 U, 67354~ TF-GridNet Block 5 A
BIEENE, TG TH By B B 75 s e b

2.2. BREI1ER & 4 H9(Gated Residual Connection)

FEJ5 UG TF-GridNet 2244, 32 BR A% (A 8] AR B 28 AR 73 S ) i HH VR AIE ELREAE A 4 AT e )
o XPE E PR BRSO R BRI BB 2 R, BB Z X TLRAE BB
RESTo T STt M AEAFAE R G i AR i REPE S IR 7T, A SCHERES GridBlock AEH A 5] N T 1455k
ZE Rl 4514 (Gated Residual Fusion) [11], @i shAs ] 5 B 55k 2 B2 2 RS S be ], sl sE ks ik
FHIEER . HEMuE 3 s,

IRt S
Output

FoEH

|(1-0(wg™x))"F(x)

Figure 3. Gated residual connection module

B 3. BREIITRAEHRIR

FARH, BRI N PO, SREBAEHIAN x, RATEH A TR g(x)=o(W, X),
Foob W For A TR TERE B30 1 x 1 BRBEIR), o (F0 Sigmoid B3, FL4 AT
[0, 1], %7 % BT 0% 2% {5 B 00 R J . 0 4 b o B R 5 U 5 B AR RGBT G -
Output = g (x) - x-+ (L (X)) F (x) » &M A0 ARAE 24 BTN 1 2095 2 5 5% 2 2 1) F il E AT
SR H NN AR. SRR RREERAR, % TR A L F 8203

1) SRR ARG S R TS T S 2 B (0 S S 5 €, ) I

2) HFHFIERENE: MR BAETUARRS, T T (RERE (R R, 4 BRI ELA R
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3) HGEMEALTE: RGBT B T SRR UR 2 W 48 R BV A a1, R BBl diAsoe v
2.3. % RE & (Multi-Scale Decoder)

PR FHABETRYLE 5 A0 E G B BN AT (I8 SRR J), ARSCAE TF-GridNet J 46 5 Eg A2 AR A 25 00 2 mh F, &
T — 2 RIZ S35 (Multi-Scale Decoder)£5 14 . 1% 45 1 ffthD 7 38 5 K F — 2% [ 8 RUZ 1687 LR PR %
1, TEE IR T I0 )5 A 2 85 IR A I AR E RSO T, AEERFEMCE e I 2 B Al 12 SO 45
. 2 R MRS EE 5N 2 AR ERE IR B R R S LG R, L0 T s B4y 1 )2 gk 5

WEoR, ARERTE T R AT M I R AN R . LA s 4 s
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Figure 4. Multi-scale decoder module
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FE AH
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Y

Final Qutput

Ha R as v 22 AN AN [FR BE R R o 3 3k Bk K 3% 42 (Skip Connec-

tion) /5 2t Mo o RS B B4 22 A ERARARE (U S AR BB B Y, KRR IR IR UK

NG, RN g et RS AR R 7

PR ZRHEN FL, 2N FM¥REN FS, &
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A B AR T LR = AN R R

1) WEEE RS mERLRZ R RMSTLEE, SBOE EIL R 2 R A TEAR R
JE 2 T 4 5 4 2R

2) HIRRHMEZE SRR S5 NFESHIRAESEL SRR EERYE, B R 2R
J3E 45 ¥y T S TN 22 Y 5 o A A

3) L RAFAFIER R : [ RFEREAFAE S AR JRATE 7 X, 2 R BREREFE e A1 Rk B 454
WAE R, B o e A T IR S

3. LW/ EER
3.1 BURESWAE

S FH 102 35 SR VR4 B ARV T AE MUSDB18 [13], i 150 B iR& 3% SRR, RFEE A 44.1
kHz, V530412 vocals (NE). drums (%) bass (U1H7) LA K HoAb s (others). Hdr, IIZ4EH S 100 &
B, MRS 50 B o B B AAD B 4% e B VR A BRI L B VR, OIS B G S RS VR4 3

CEEIES N
MUSDB18 ¥fEEai i 7 AR, HEEFONEIREAR, & T IR 2 85D BE%S
R R

JR UGB S A ALY BT 75 35T STRT (ERME B AR 4084 E, SHORE NHE K 2048, DK 512, 2E K
2 0 BB PR 9 SRR R, TR TE 4 B AT BRI B 4R NRRAE, 4B ON[B, 2, T,Fl. Hh T
BT [EIMEL, FOAMER bin (B 5UE) . I A REARS BN KR 6 #h1  BeH Tl 4k

XA AL T AREE AR R NG B, i 5 S aT DOt 3 YR AT TR v 0 R
3.2. MESHESEBNARE

FEAAE FH PyTorch HEZEA 2, YIZid F2 b K ] AdamW AR AL 8%, W144a2: S1 %8N 1le—4, #E K/ 16,
WEEHCN 100, WA 1. $RBRBERF SI-SNR + STET SIEE45 26 AL &, (5] B 25 e Bl RS 14 1%
750 NPRTFPINGRCRIFBACEAT S A, M T 28R A U2k (Mixed Precision) i AR . BbAb, Il i
FAZHLHI, MI0UF4E SDR 4L 10 % LTI 1E IR, Bk ils .

Table 1. Network parameters and training configuration
# 1. MESHHINEEE

KR LRSIE 23
BIE RS Ubuntu 20.04 LTS
P15 b 3 2% (GPU) GeForce RTX 3090 (24G)
CPU Intel (R) Core (TM) i9-12900K
WAE 64 G
FFRIES Python 3.9
RIS SIHESE PyTorch 1.12.1
CUDA KA CUDA 11.6
A P R Librosa 0.9.2, Torchaudio 0.12
WIMR ) 3 le—4
RN 16
/[yt 100
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AW G () A S B0 AE M R T SR S5 A8 AT, DR AR S PR AR B S A . ST B
SH Ubuntu 20.04 LTS #:/E R4, ELE Intel Core i9-12900K 4bFE 4%, 64 GB WA7LL K NVIDIA RTX 3090
©RQ4GB A7), H&RIFMIFEINERE ). BAFAEITIH, T Python 3.9 Fefili b, BREEZSIHESE
N PyTorch 1.12.1, Fl#&(#fH CUDA11.6 5 CUDNN Jiis &, PASEELE A0 GPU FRATIHA . E Ak R
i Librosa 0.9.2 55 Torchaudio 0.12, 43 i & 1T {# FH mir_eval. pypesq 5 asteroid.metrics %5 F FFE T
AAL. IR SHEFRBOS H T VR AR 1)1 25(Mixed Precision Training) 5 CUDNN H &AL 5mg, DLk —
AT BRI R 5YIZREE .

B SIS PRI B RIE RS BRI AR ARG N AR EISAT,  H SRR KB U 25 5 v e A
55 IR PRIE AR
3.3. TR EA
3.3.1. SDR (Signal-to-Distortion Ratio)

SDR [14] /2 5 I I B A0 B VP A i 2 —, T R 5 5 5 FLRR U 5 2 I 2k 2R

2

Starget

JE. HiECH: SDR=10-log,,

target

2P¥+N,ﬁ*%wﬁﬁﬁ%ﬁ%%owRﬁ%%%ﬁﬂﬁ

||§—s
5 B R R AT . AR SCAE FH mir_eval A1 Museval T B A%+ SDR #HATARMETHE, & H T A FHFIRIET

(41 vocals. drums %),

3.3.2. SI-SNR (Scale-Invariant Signal-to-Noise Ratio)

SI-SNR [15] (Scale-Invariant Signal-to-Noise Ratio, J<FE AR5 1 ) & 18 3% 13 SR IR ST %5 i
MR Tebr e —, BEEESEGMINE S 52% BG5S M RAHEE, [FIREER 705 508 E (R
)R EURRE, T B SR A AR . WESEHARME S N s e RT, BV H TINS5 A
§eR' 15 SI-SNR KB RANT : M5 53T £ HIR (R ME) A2 s, = s—_l_iis(t), §, = §—£i§(t) ,

t=1

Hos, f1§ RN ERUG R BAAE S 5HIMES . BBINME S B AAME 505 7 (Wi Hbr o &)

WwJTFW%,ﬁﬁiﬁ%ﬁaﬁ%%ﬁﬁ—ﬁ%%ﬁcﬁﬁﬁ%%ﬁ%é:%m=g—%w,@%

SZ
SN 5 BAME S IEAC IRy, RV H S H ARG ORI M A BUR B 7 . T 5 SI-SNR {H (ST
2
Staret - — pe > o e = b = NS
Lt ¥ J , iR R T ARGS R SYE B R EE, BEK

"enoise

4 dB): SI-SNR =10-log,,

[EESA Vv e/
3.4. {RBIXTEESELS

NATRNVTAS A ST H 1 Sk 28 TR-GridNet B8 7E 35 SRR 20 BT 45 PR RER B, AR SCIEREL T 75 Fh
T IR E R LT 5, a1 I A B I AT S R SRS, £4E Open-Unmix. Conv-
TasNet. TF-GridNet. Demucs v3. SepFormer £ DiffSep. & f%7fE MUSDB18 #i#5 4 4> 5%} vocals.
drums. bass 1 others U235 14T 2, 145 SDR (Signal-to-Distortion Ratio) 5 SI-SNR (Scale-Invariant
Signal-to-Noise Ratio) P4 I & 45 (13548,  FH@EA T L.

MEE AT W% 2 By, ASCHH Bk A TF-GridNet #5876 BT 43 Y5255 1) SDR R B T IR
46 TF-GridNet, “F*35 SDR 1A%l 7.69 dB, AHEJFIAHIAISEF T 0.58 dB, #iEH %iid Demucs v3 (7.63
dB). £ A (vocals)Fl I (bass) AN &I b, ASCI7E5r A F] 8.7 dB A1 7.9dB, RIICARH.
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7E SI-SNR F8FRJ71H, A7V FME N 7.93 dB,  [RIFEEEE 1 4s TF-GridNet (7.1 dB), {URT
DiffSep (8.18 dB). %5 &% DiffSep J& T it HITH IOY MG A R, ASCTEAE R FFARXT R R S5 1)
AP TS T R EKITERE, I RIFRITERE S R -P .

BKRE, SGiM TF-GridNet 7RIS 25 70 ACRITHTIE T, 82 MRS 1243
OB ZR A PERE, IOAE T B3 450 50 SEms (G 2o a8 v

Table 2. SDR comparison results of various audio sources
2. &ER SDR MLLER

B eyt Vocal Drums Bass Others 7% SDR
Open-Unmix [3] STFT-based 8.0 6.7 7.1 6.0 6.95
Conv-TasNet [5] Time-based 7.9 6.4 6.7 5.9 6.73

TF-GridNet (J545) [9] TF-dual 8.1 6.9 7.3 6.1 7.1
Demucs v3 [4] Hybird 8.4 7.2 7.8 7.1 7.63
SepFormer [7] Transformer 8.6 7.4 7.9 7.3 7.8

DiffSep [8] DIffusion 8.9 7.8 8.4 7.6 8.18
ot 2 TF-GridNet TF-dual + 155 8.7 7.4 7.9 6.7 7.68

Table 3. SI-SNR comparison results of various audio sources
3. BEIR SI-SNR XtELEER

R Syt Vocal Drums  Bass Others 7 SI-SNR
Open-Unmix [3] STFT-based 6.2 5.7 5.1 4.8 5.45
Conv-TasNet [5] Time-based 7.1 6.6 6.4 5.9 6.5

TF-GridNet (J544) [9] TF-dual 8.1 6.9 7.3 6.1 7.1
Demucs v3 [4] Hybird 8.7 7.4 7.6 7.6 7.83
SepFormer [7] Transformer 9.0 7.8 7.6 7.1 7.88

DiffSep [8] DIffusion 9.3 8.1 7.9 7.4 8.18
2k TF-GridNet TF-dual + 358 8.9 7.8 7.9 7.1 7.93

UbAh, AT — % SR I o B REHEAT T H AT . A 2 R 3 R R L, Gk A TR-GridNet
FEANR]F RS b3 2RI R L R S M 5 SRR 77, il 2E N 75 (vocals) 5 DU (bass) P AN B3t
. NFEATSH, AHAIE SDR A1 SI-SNR FIfE s 475k %] 8.7 dB A1 8.9 dB, #iJ54s TF-
GridNet 73 HI$27F 0.6 dB £ 0.8 dB, & Demucs v3 5 SepFormer, FH H %t ief(5 5 10 58 SR FL Ak
1o VB RNARAN 3 T8 U8, AR SCREALE T 2 R Al 35 18 0 T RS A% 1Y) )2 Yk R IA , SDR 15 %) 7.9dB,
TEXT LEAE RS i 7 JE AT 51, AR T DiffSep. drums ZE¥5J8, AU 1S 48 T8 3 2= ML 5 25 s i
(RsRAL, TEORFEE/IMERIZ I RTHE T, /0 B RS mF Transformer 45 BB AH 4 . others &R,
TS REHEZSHEE, 0B Em, (Ao ARSI 6.7 dB SDR #1 7.1dB SI-SNR, 1
T TF-GridNet 55 Conv-TasNet, Il HEGRIZ S PLITHiRE 1. FIRGE RN R S IRE i — D0
TE T A SCAT R E5 A6 AL SRS 6 B2 T 73 25 P RE A R R AR 8 1

3.5. jHmhSCIE
S HE— 25 06 E AR SCHR HE O S A SO AE AR R B A ST TR, T T R RO TE A e . SREG
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7 7E TE-GridNet FZERTE, B2 5] N ECA MIEEE I, TR ZER & M LKL 2 R 45,
FFPPl HAE SDR 5 SI-SNR Wi Tiidiabs 1) 73 B 1 RE LI -

Table 4. SDR ablation study
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