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noisy environments, a novel speech enhancement network, DW-MambaUNet was proposed, which integrated depth-
wise separable convolution and a structured state space model. Built upon a U-Net architecture, the TF-Mamba mod-
ule was incorporated to model global dependencies along both temporal and frequency paths, while the depthwise
separable convolution enhanced local feature extraction. Effective multi-scale feature restoration and fine-grained en-
hancement of speech signals were enabled by this design. During the spectrogram reconstruction process, learnable
Sigmoid and Arctan2 functions were used to separately optimize magnitude and phase outputs, significantly improv-
ing speech quality while maintaining a lightweight parameter count. Additionally, a dynamic weight adjustment strat-
egy was introduced that adaptively balanced the importance of multi-task loss functions by leveraging smoothed loss
history and PESQ-aware feedback, effectively alleviating convergence bottlenecks caused by fixed-weight schemes.
Experimental results on the VoiceBank+DEMAND and TIMIT datasets demonstrate that the proposed DW-
MambaUNet outperforms various mainstream speech enhancement models in terms of PESQ, STOI, and MOS met-
rics, particularly under low signal-to-noise ratio conditions, showing strong enhancement performance and generaliza-
tion ability. Ablation studies further confirm the effectiveness of the TF-Mamba module and DWConv structure in im-
proving model performance. This study provides a novel perspective for the design of low-complexity and high-
performance speech enhancement models, with both theoretical significance and practical value.

Key words: speech enhancement, depthwise separable convolution, structured state space, dynamic weight adjust-

ment, low signal-to-noise ratio
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BE BN, BRIEHR ML (convolutional re-
current network, CRN) iz A=), g5 il 23—
fif b 5 2 AL K A CNIN SE B iy JCFFAE SR B, 3@
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01 VEEA R B RE BRI OIS MRS RE, AR
RE 7870 S N BT i SR AR o S RBX — R R,
R G 4K 4R TR PR A 4R AR (PESQ.
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Mamba 1F 4y — Btk i S5 M AOIRZS S TR AR, 8
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73, AT OB ARAE S ) RNN A Transformer £
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U7 % B, Mamba SEUNet 52 31 1 5 46 3 19
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1  DW-MambaUNet {&£!
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h(t)=Ah(t=1) +Bx(t)y(t)=Ch(t) (3
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R -
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Fk, B S T IR AR AT I Ak
o %0 EAEER A EIE A 550 (graphics pro-
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M “B [A] Mamba” A1 “ 5% Mamba” 53 ety
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x'=Linear ( Concat ( X7, Xp )) 5

Horp, x 387K IE M Mamba 73 i, x, Rs R A
Mamba 43 > ¥ i, RMS R R ¥ 7 H — 1k,
FMamba £ BMamba 73 %l 3 7~ Hif 7] #1 )5 [7] Mamba
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B, %) B BN YR IR —F, HE
WZR 100 A
2.3 JFfHIEFR

FERTRUPERE VEAS 7 T, AR U M) 42 2 4 2
BT R R, BB, . T
IR SRR AN SR . (D) JRENE S =
VRS R ) 96 75 PESQ 4B AR, 148 Al ok o0 3L 2
BN RT3 RG R, #£-0.5~4.5VF 4 X
N ELIEEESRERE: () B HEEE
Bk A R R e (STOD,  J 0-1 br BE{E
S LI 5 T R M A R R (1 SR B R
(3) FMBREVEA R H ITU-T P.835 brifEfiT Ak (1%
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A, RAMEREWTREE T PAa. tbAh, BEE NI
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MambaUNet-1 J& Z: [ | TF-Mamba ) X% 12 45 1)
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0.23. 0.25. 0.25F10.26. LI 45 REH, DW-
MambaUNet 7 PESQ. STOI 28 £ M5 b5 318
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Babble DW-MambaUNet-2 296 3.15 3.24 3.12
DW-MambaUNet-3 3.21 3.35 3.50 3.35
DW-MambaUNet-1 2.71 292 3.08 2.9

F16 DW-MambaUNet-2 2.86 3.14 3.27 3.09
DW-MambaUNet-3 3.17 3.35 3.51 3.34
DW-MambaUNet-1 2.69 2.84 3.00 2.84
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