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This paper focuses on developing a lightweight yet efficient single-
channel speech separation model that addresses the challenge of
balancing the separation quality and computational complexity. We
propose to exploit the SeliNet backbone combined with the CBAM
(Convolutional Block Attention Module) attention mechanism, which
allows the model to maintain high performance while minimizing the
number of parameters and FLOPs. The research inherits recent
advances in time-domain deep learning, especially depthwise separable
convolutions, bottleneck blocks, and Atrous Temporal Pyramid Pooling
to capture multi-scale context. By integrating CBAM, the model is able
to emphasize important channels and temporal locations, which
significantly improves SI-SNRi, SDRi, and other quality metrics.
Experiments on the WSJ0-2mix dataset show that the model achieves
competitive performance compared to heavier deep networks while
significantly reducing FLOPs and the number of parameters. This result
opens new approaches for real-time speech separation systems on
mobile and edge devices.
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M©6 hinh nhe

Bai béo nay tip trung vao viéc phat trién mot mo hinh tach tiéng néi
kénh don nhe nhung hiéu qua, nham giai quyét thach thic can bang
giita chat luong tach va do phuc tap tinh toan. Ching t6i dé xuat khai
thac backbone SeliNet két hop véi co ché chu ¥ CBAM (Convolutional
Block Attention Module), cho phép mo hinh vira duy tri hi€u nang cao
vira giam thiéu sé luong tham s va phép tinh FLOPs. Nghién ciru ké
thira cac tién bo gan day trong hoc sdu mién thoi gian, dic biét la
depthwise separable convolutions, bottleneck blocks va Atrous
Temporal Pyramid Pooling dé niam bat ngir canh da ty 18. Bing cach
tich hgp CBAM, md hinh c6 kha nang nhan manh cac kénh va vi tri
thoi gian quan trong, gitip cai thién dang ké SI-SNRi, SDRi va cac chi
s6 chat lugng khac. Cac thi nghiém trén bo dit liéu WSJO0-2mix cho thiy
md hinh dat hiéu ning canh tranh so v&i cac mang siu ning né hon
trong khi giam dang ké FLOPs va s6 tham s6. Két qua nay mo ra hudng
tiép can mai cho cac hé thong tach tiéng noi thoi gian thuc trén thiét bi
di dong va bién.
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1. Gigi thigu

Tach tiéng néi — bai toan tach cac ngudn tin higu giong ndi riéng 1¢ tir mot hdn hop tin hiéu
chong Ian — da thu hut sy quan tam nghién cau manh me trong thap ky qua. Con nguoi c6 kha
nang noi bat trong viéc tap trung vao mot giong noi duy nhat trong moi trudng nhiéu ngudi ndi —
hiéu ung “bira tiéc cocktail” — nhung viéc xay dung cac mo6 hinh tinh toan dat dwoc hiéu qua
tuong dwong van 1a mot thach thirc. Khé khin nay xuat phat tir tinh phi tinh cao ctia tin hidu tiéng
n6i, sy chong lan pho tan va yéu cau xur 1y do tré thip trong cac tng dung thyuc té nhu hoi nghi
truc tuyén, thiét bi trg thinh hay dién thoai di dong. Do d6, tach tiéng néi da trd thanh mot thanh
phan quan trong trong linh vuc ting cudng va nhan dang tiéng néi, tac dong tryc tiép toi cac bai
toan phia sau nhu nhan dang tiéng noéi ty dong va phan tach nguoi noi [1].

Véi su xuat hién cua hoc su, tach tiéng n6i kénh don (SCSS) di c6 nhitng tién bo dang ke.
Cac phuong phap che phé thoi gian—tan sé (time—frequency masking) tién phong da bi vuot qua
boi cac kién trac mién thoi gian end-to-end. Chang han, Conv-TasNet [2] d4 chitng minh rang
viéc hoc tach truc tiép trong mién thoi gian c6 thé vuot qua che phd cudng do TF 1y tuong. Cac
mo hinh tiép theo nhu Dual-Path RNN (DPRNN) [3], mé hinh dya trén Conformer [4] va
SepFormer [5] da cai thién hon nira kha ning mé hinh hoéa chudi dai va co ché attention cho
SCSS. Tuy nhién, nhimg m6 hinh tién tién nay thuong dua trén cac backbone sau va nang, chira
hang chuc triéu tham s, gay kho khin cho viéc trién khai trén thiét bi bién va hé thong thoi gian
thuc khong ¢6 GPU chuyén dung [6]. Han ché nay da thuc day hu’ong nghién ciru song song vé
cac kién trac nhe, can bang gitra hiéu suat tach va hiéu qua tinh toan [7]-[9].

Cau hoi dat ra 1a 1am thé nao dé thiét ké mot mo hinh vira gii duqc stcc manh biéu dién cua
cac mang sau hién dai vira giam dang ké s tham sé va phép tinh. Cac tich chép tach chiéu, vbn
dugc gigi thiéu trong cac mang hinh anh kiéu MobileNet, 1a mot huéng day hira hen. Mot hudng
khac 14 tich hop cac mo-dun attention nhe nham lam ndi bat cac dic trung quan trong ma khong
lam ting nhiéu chi phi tinh toan. Convolutional Block Attention Module (CBAM) [10] ching
han, thyc hién attention kénh va khong gian tuan ty bang cac phép pooling don gian va MLP nhé.
CBAM da chung minh hi¢u qua trong cac bai toan thi giac may tinh, vuot troi so véi mo-dun
Squeeze-and-Excitation (SE) trude do trong khi chi tang chua t6i 1% tham so. Tuy nhién, tiém
nang cia CBAM trong tach tleng no6i mien thoi gian van chua dugce khai thac day da.

Nghién ctru nay giai quyét khoang tréng trén bang cach dé xuat mot Kién trac nhe méi cho
tach tiéng néi kénh don, két hop SeliNet (mot backbone tach nhe) véi co ché attention CBAM.
L4y cam hing tir MobileNetV3 va DeepLabV3+, SeliNet st dung céc tich chap tach chiéu 1D,
cac khdi bottleneck va Atrous Temporal Pyramid Pooling (ATPP) dé niam bat ngir canh thoi gian
da ty 1¢ trong khi van duy tri do phuc tap thip. Bang cach tich hop CBAM vao mdi khoi
bottleneck, md hinh c6 thé thich tng nhan manh cac kénh va vj tri thoi gian quan trong trong dic
trung duoc ma hoa, tir d6 nng cao mat na tach ma khong gay ganh nang tinh toan.

Muc tiéu chinh cua nghién ctru nay 1a (i) khao sat xem viéc két hop SeliNet voi CBAM c6 thé
dat chat lugng tach canh tranh so v6i cac mo hinh tién tién nang né hon hay khong, va (i1) danh
gia mot cach h¢ thdng su danh doi gitra kich thudc mé hinh, chi phi tinh toan va hi¢u suat tach &
céc cau hinh ty 1 khac nhau. Chung t6i huan luyén va danh gia cac mo hinh dé xuét trén bo dir
liéu WSJ0-2mix — mot benchmark phd bién cho SCSS — va so sanh vé6i cac mang tach sau dai
dién. Panh gia st dung nhiéu chi s nhu SI-SNRi, SDRi, FLOPs va Params dé cung cap mot birc
tranh toan dién vé chit luong tach.

Pong gop chinh ctia chung t6i gom:

e Thir nhét, gi6i thiéu SeliNet+CBAM — mb hinh tach mién thoi gian nhe nhung hiéu qua, tan
dung depthwise separable convolutions, ATPP va attention CBAM dé dat hiéu suat tach cao véi
chi phi thdp hon nhiéu so véi cac phuong phéap hién co.
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e Thir hai, tién hanh nghién ctu thyc nghiém m¢ rong véi cac céu hinh Lty 1¢ khac nhau
(0,25%-1,0x) dé phan tich sy danh doi hiéu suat-do phuc tap va ching minh rang mo hinh nho
nhat van giir hiéu nang tot trong khi glam dang ké GFLOPs va tham s6 o véi Conv-TasNet.

e Thir ba, chi ra rang Kién triic dé xuat dat SI-SNRi va SDRi hang dau trong s6 cac mo hinh
nhe va dac biét phu hop dé trién khai trén thiét bi di dong va bién yéu cau xir Iy thoi gian thyc.

Bang cach khai thac su cong huong giira backbone nhe duoc thiét ké riéng va co ché attention
hiéu qua, nghién ctru nay dong gop vao dong nghién ctru dang phat trién vé tach tiéng noi trong
diéu kién tai nguyén han ché va dwa ra cac goi y thuc tién cho viéc thiét ké cac mo hinh thé hé
tiép theo vira chinh xac vira dé trién khai.

2. Phuwong phap nghién ciru
2.1. M6 ta bai todn
Gia sir ta co tap dit liéu huan Iuyén:
= (e 153 N

mix’
trong do sr(rgx 1a tin hiéu hon horp (mixture) bao gdm hai ngudn noi dong thoi, va s(l) 52(1) la
hai tin hi€u sach cua ting ngudi n6éi muc ti€éu ma ta mong udc tach ra. MGi tin hiéu & mlén thot
gian, c¢6 d6 dai T. Bai toan tach tiéng n6i don kénh c6 thé dugc mé ta nhu sau:

Smix(t) = s1(0) +s,(t), t=1,2,3,..,T
Muc tiéu 12 hoc mdt ham f, tham s6 hoa béi mé hinh (mang neural) sao cho:
(Sl: SZ) - f9 (Smlx)
va céc tin hiu ude lugng $1, §, cang gan voi s4, s, theo céc chuan do chét luong nhu SI-SNRi
hodc SDRi. Trong thuc té, mang s& cho ra cdc mit na hodc gia tri tach trong mién tinh ning trude
khi tai tao tin hiéu dau ra.

Ta c6 thé viét ham mat mat tong quat 1a:

1
L(O) = Nz Lsep(sl(l),52(‘),51(1),551))

trong do, L., 1a ham SI-SNR loss véi cac thanh phan mat mat nhu sau:
Loep = =51 = SNRi (3%,5{°) = S1 — SNRi(35”, 5{")
Ngoai ra, trong qua trinh thiét ké mé hinh, chiing toi con st dung phuong phap “Permutation
Invariant Training (PIT)” dé dam bao rang viéc ghép cip wdc luong § Véi cac ngudn dich s 1a

dung cach nhét (khong nham lan gira cac nguon) — ki thuat nay dugc nhiéu cong trinh 4p dung
trong cac mé hinh tach tiéng noi gan day [11].

2.2. Framework dé xudt: SeliNet + CBAM cho tdch tiéng néi

Chung t6i dé xuat mot kién trac nhe “SeliNet+CBAM” nham can bang gitra hiéu suat tach va
d6 phuc tap tinh toan. Kién tric nay gom phan backbone SeliNet va co ché chi y CBAM dugc
tich hop vao tirng khdi bottleneck caa SeliNet. M6 hinh kién tric duoc mé ta nhu Hinh 1.

Phuong phép ciia chung t6i bao gdm 3 thanh phan chinh: khéi Encoder, khdi Separation va
khéi Decoder. Trong tim cta mo hinh nam & khéi Separation, nd bao gom mot backbone nhe
dugc xay dung dya trén tich chap tach chidu mot chidu, khdi bottleneck dé giam s kénh néi bo,
cach kich hoat Hard-Swish dé ting phi tuyén, va module Atrous Temporal Pyramid Pooling
(ATPP) d thu nhan ngir canh thoi gian da ti 18. Y twong 1a thay vi dung cac 16p convolution
thong thuong vei nhiéu tham sb, ta sir dung convolution tach chiéu dé giam dang ké FLOPs va
tham s6 ma van giir duoc kha nang trich dic trung. ATPP két hop céc 18 gidn vdi cac cAp do khac
nhau dé mé rong receptive field ma khong tang nhiéu tang sau.
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Hinh 1. Téng quan mé hinh SeliNet + CBAM
2.2.1. Khéi ma héa (Encoder Block)

Tin hiéu hdn hop dang song trong mién thoi gian x € R, duoc tao ra tir nhidu ngudi néi, duoc
sir dung 1am d4u vao cho bd mi héa (encoder). Thay vi str dung phép bién d6i Fourier ngin han
truyén théng (STFT) trong mién thoi gian - tan sé (TF), chiing toi st dung bd ma hoa dé thay thé
STFT trong qua trinh ma hoéa tin hi¢u. Qua trinh nay dugc tinh nhu sau:

X = ReLU(ConvID(spy)) € R4

Trong d6, kién tric cua bd ma hoa bao gdm Iép tich chap mot chidu (1D convolutional layer)
va ham kich hoat ReLU nhiam dam bao dau ra khong am. Bo ma hoa c6 nhiém vy tao ra cac dic
trung trung gian, va nhiing dic trung ndy sé& anh huong truc tiép dén hiéu suat, kich thudc mo
hinh, ciling nhu chi phi tinh toan.

2.2.2. Khéi Separation (Separation Block)

Tich chdp phan tach theo chiéu sdu 1D: Ching ta biét rang 16p tich chap 1D tiéu chuan nhan
mot dic trung dau vao co kich thudc x d;, va ap dung mot kernel K € R4>*%*dj 4é tao ra dau ra
c6 kich thuéc 1 x d;. Chi phi tinh toan cta I6p tich chap 1D c6 thé duoc tinh bang: [ - d; - k - d;

Céc dic trung trung gian duoc ma hoa tir dang song hdn hop va sau d6 dugc dwa vao khdi
tach. Trong Hinh 1 kién triic backbone nhe bao gom cac mo-dun bottleneck sir dung tich chap
phan tach theo chiéu sau 1D, chia thanh tich chap theo chiéu sau va tich chap diém. Tich chap
theo chiéu sau dugc 4p dung cho mdi kénh riéng biét cua dic trung, trong khi tich chap diém s&
két hop dau ra tir tich chap theo chiéu siu trén tat ca cac kénh. Tich chap phan tach theo chiéu sdu
1D c¢6 chi phi tinh toan: [ - d; - (k + dj). Viéc st dung tich chap phan tach theo chiéu sau 1D
gitip mo hinh giam chi phi tinh todn xudng:

ot

Bottleneck Module: Mang no-ron sau bao gom céc 16p thanh phan, va mdi 16p c6 mét tensor
kich hoat véi kich thuéc I; X d;. Trong do6, tap cac kich hoat 16p tao thanh mot da tap cta thong
tin quan trong. Dé giam tiéu thu tai nguyén tinh toan trong thiét ké mang, can thiét ké kich thudc
mang nho nhat co thé trong khi van dam bao chit luong hiéu suit. Dé giai quyét van dé nay, nhu
dugc minh hoa trong Hinh 1, module bottleneck (BM) dugc chén vao trong cac mo-dun tich chap
nham nim bt sy da dang thong tin can thiét. BM mé rong dit liéu dé thu thap thong tin, sau do
nén dir liéu dé giam kich thuéc mang. Cac két ndi residual gitta ddu vao va dau ra caa lép
bottleneck 14 c6t 15i dé bao toan thong tin.

Lay cam htng tur kién tric bottleneck trong MobileNetV3 [10], CBAM dugc thém vao mé-
dun bottleneck dé tao thanh kién trac ning cao — gitip ting hiéu suit ma chi ting khong dang ké
kich thudc mo hinh va chi phi tinh toan, nhu minh hoa trong Hinh 2. CBAM 1a mdt nhanh phu sir
dung global average pooling dé ghi lai ngit canh toan cuc cia I6p trude. Két qua cudi ciing trong
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nhanh nay 12 mét vector ngit canh toan cuc, duoc sir dung dé scale dau vao. Ham Hard-swish
(HS) [8] duoc sir dung trong module bottleneck (nhu trinh bay trong Bang 1) va HS giup giam sé
Ian truy cap bo nhé, tir d6 giam dang ké do tré.

Loi ich cia HS duoc thé hién rd nhat khi st dung trong cac 16p sau hon. Do do, HS duoc ap

dung trong nira sau cia mo hinh.
CBAM

Input Expansion Depthwise ATPP Pointwise QOutput
tensor ConviD ConviD module ConviD tensor
L J L J L J

T T T
Decompression Filter Compression
Process Process Process

Hinh 2. Kién triic ciia module bottleneck

V& attention, chung t6i tich hop CBAM cho méi khéi bottleneck. CBAM gom hai thanh phan:
attention kénh (channel attention) va attention khong gian (spatial attention). Trong tang kénh,
module nay hoc trong sb cho timg kénh dic trung bang cach sir dung hai phép pooling (average
pooling va max pooling) két hop MLP nho, rdi nhan trong sé d6 vao cac kénh tuong tng. Trong
tang khong gian, sau khi hop kénh, mot ban dd attention khong gian duoc hoc dwa vao pooling
theo chiéu kénh va MLP dé nhan manh cac vi tri thoi gian quan trong trong chudi dic trung. Viéc
két hop CBAM vao mdi khdi cho phép mé hinh ty diéu chinh nhin manh cac kénh va vi tri thoi
gian quan trong, giup loc dic trung nhiéu hodc khong lién quan.

2.2.3. Khoi giai ma (Decoder Block)

Trong bo giai mi, ching t6i don gian sir dung mot 16p tich chap chuyén vi voi kich thuéc
kernel va stride giéng nhu ¢ b ma hoa, nham téi tao lai tin hiéu 1o n6i da dugce ude luong. Pau
vao cua decoder 1a phép nhan ting phan tir (element-wise) gitra mat na M, cua ting nguon tin
hiéu va dau ra ctua encoder e, va dugc biéu dién nhu sau:

5. = ConvTr1D(X © my)

Trong d6, §:€R! 1a tin hiéu 16i ndi dugc udc luwong cua nguon tha c.
ConvTr1D(-) 1a 16p tich chap chuyén vi mot chidu va mat na my 1a két qua caa khéi Separation.

Toan bo kién trac duwoc mé ta nhu sau: tin hiéu hdn hop s, di qua 16p encoder 1D
convolution dé sinh ra biéu dién trung gian X. Sau d6, biéu dién nay duoc di qua chudi cac khdi
bottleneck SeliNet (mdi khdi gdm depthwise separable conv + CBAM + ATPP néu ap dung) dé
tao ra ma feature noi tai 7M,. Cubi cung, phan decoder sir dung cac 16p transposed convolution
hoic deconvolution dé tai tao cac tin hiéu $;, $,. Mdi khdi bottleneck c6 thé dwgc nhan ban nhiéu
Ian tuy theo hé sb scale (vi du 0,25x, 0,5%, 1,0x), dé diéu chinh d6 phtc tap mé hinh.

Néu biéu dién cong thuc hoat dong cua mot khdi bottleneck i véi CBAM nhur:

Y; = PW(ATPP (CBAM(DW Conv(Xy)))),
trong d6 DWConv 1a 16p convolution tach chiéu, va CBAM gdm attention kénh va spatial nhu:
CBAM(F) = Mspatial(Mchannel(F) OF)OF,
Vi Menanner: RET = RE (trong sb cho timg kénh) va Mgpqriqr: RET — R (trong sé cho
ting vi tri thoi gian) va PW 1a khbi convolution 1 x 1 (Pointwise Conv).

Ngoai ra, dé cai thién su on dinh va hiéu qua hoi tu, chiing t6i 4p dung k¥ thuat giam learning
rate theo epoch, dropout, va normalization giita cac khéi bottleneck. Trong cac thir nghiém
ablation (mo-dun bo CBAM hoic bo ATPP), chung toi danh gia anh huéng cua timg thanh phan.
Chung t6i ciing so sanh md hinh cua minh véi cac kién trac khac nhu SeliNet, Conv-TasNet,
DPRNN,... Toan bd framework duoc thiét ké dé d& mé rong, cu thé chung ta c6 thé thém mo-
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dun attention khac hodc thay doi s6 ting bottleneck ma khéng anh huong dén kién trac tong thé.
Khi danh gia, cac cau hinh scale nhé hon (0,25x%, 0,5x) cho phép trién khai trén thiét bi bién voi
han ché tai nguyén.

Bang 1. Kién triic mé hinh SeliNet + CBAM

Input Block EZ CBAM NL s Qutput
32000 x 64 BM, 3 16 v RL 2 16
16000 x 16 BM, 3 72 - RL 2 24
8000 x 24 BM, 3 88 - RL 1 24
8000 x 24 BM, 3 96 v HS 2 40
4000 x 40 BM, 5 240 v HS 1 40
4000 x 40 BM, 5 240 v HS 1 40
4000 x 40 BM, 5 120 v HS 1 48
4000 x 48 BM, 5 144 v HS 1 48
4000 x 48 BM, 5 288 v HS 2 96
2000 x 96 BM, 5 576 v HS 1 96
2000 x 96 BM, 5 576 v HS 1 96
2000 x 96 BM, 5 576 v HS 1 96

3. Thir nghiém
3.1. Bg diz ligu

MGt trong nhiing tap dit liéu nén tang va duoc str dung rong rii nhat 1a WSJ0-2mix. Tap dir
liéu nay dugc xay dung tir Wall Street Journal corpus — mét kho dir liéu 4m thanh chuan vé tiéng
Anh doc tir cac bai bao. Trong WSJ0-2mix, cic doan am thanh tir hai nguoi néi duoc chon ngau
nhién, chuin hoa vé d6 dai va tron 1an véi nhau theo mét ty 18 nhat dinh dé tao ra hdn hop hai
giong no6i. Bén canh file 4m thanh hdn hop, tap dit liéu con cung cap céac tép tham chiéu tuong
g cho timg ngudi noi gbe, gitp viée tach va danh gia trd nén minh bach, tai 1ap va c¢6 thé so
sanh tryc tiép giita cac mo hinh.

3.2. Két qud thir nghiém

Chung t6i trinh bay két qua thuc nghiém cua mo hinh SeliNet + CBAM thong qua hiéu suat
tach ngudn, kich thudc mé hinh va yéu cau tinh toan, so v6i cac phuong phap duoc cong bd gan
day trén tap dit lisu WSJO-2mix, nhu duoc thé hién trong Bang 2. D& nhén thdy riang SeliNet +
CBAM dat duoc hiéu suit SOTA trong khi str dung mot mé hinh c¢6 kich thuée nho déang ké cing
V6i chi phi tinh toan thap hon. Cu thé, SeliNet + CBAM dat dugc cac chi s6 SDRi: 15,88 dB, Sl-
SNRIi=15,72dB. Kich thudc ciia mé hinh la 2,11M va chi phi tinh toan la 2,18 GFLOPs.

Diéu quan trong 1a mé hinh dé xuit c6 kha ning trién khai trén nhiéu thiét bi khac nhau, dic
biét 1a cac thiét bi bién véi chi phi tinh toan thap. SeliNet + CBAM duoc xay dung dua trén kién
tric nhe, hoan toan st dung cac 16p tich chap mot. Kién trac nay cho thiy hiéu qua vuot troi so
V6i cac mo hinh dya trén BLSTM va Transformer trong mdi trudng han ché tai nguyén.

Mic di DPRN c6 kich thuéc mo hinh nho, chi phi tinh toan ctia n6 van Ién hon gap 22 lan so
véi SeliNet + CBAM 1.00x. Diéu dang chii y 1a SeliNet + CBAM dat dugc két qua cao hon nhd
kién trac 1D convolution, cu thé véi ASDRi = +0,2 dB, ASI-SNRi = +0,31 dB. Vé mat kién truc,
md hinh SeliNet + CBAM c6 lugng phép tinh (GFLOPs) thap hon khoang mét nira so véi mo
hinh Conv-TasNet. Dong thoi, kich thudc mo hinh cia SeliNet + CBAM ciing chi bang khoang
mot nura kich thugc cua Conv-TasNet. Ngoai ra, SeliNet + CBAM con ¢o loi thé 1 rét vé sb
lwong tham sb va chi phi tinh toan khi so sanh véi cac mé hinh hién dai gan day.
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Bang 2. So sanh giira SeliNet + CBAM va cac phwong phap khac trén tdp dir licu WSJ0-2mix

Method Params GFLOPs SI-SNRi SDRi
Conv-TasNet [2] 5,10M 5,30 153 15,6
DPRNN [3] 2,60M 48,9 18,8 19,0
Demucs [15] 415M 10,34 12,12 -
TDCN [16] 8,63M 7,23 16,1 -
SuDoRM-RF [17] 2,66M 2,56 17,02 -
SeliNet [18] 2,10M 2,18 15,61 15,80
SepFormer [19] 26M - 20,40 20,50
SeliNet + CBAM 1.00x 2,11M 2,18 15,72 15,88

Céc diéu chinh khac nhau trong md hinh SeliNet + CBAM 1.00x ¢ anh huéng dén hiéu suat
tach tiéng néi trén tap dir liéu WSJ0-2mix, nhu duoc thé hién trong Bang 3. Co thé quan sat thiy
rang thanh phan ATPP c6 anh huong dang ké dén hiéu sut tach nguon, trong khi CBAM diéu
chinh linh hoat phan hdi dic trung theo timg kénh. Ngoai ra, SE ciing gitip cai thién hiéu suat
tach mot cach nhe nhung 6n dinh.

Ham kich hoat hard-swish (HS) duoc sir dung thay thé cho PReLU. Piéu tha vi 1a mé hinh
SeliNet dat két qua tét hon khi sir dung HS, trong khi hiéu suat giam manh khi dung PReLU.
Trong thi nghiém nay, chiing t6i quan sat thdy hiéu suat cai thién trong cac truong hop ciu hinh
khac nhau dugc trinh bay trong Bang 3. Cubi cung, chiing t6i ghi nhan rang hiéu suét tot nhét dat
dugc khi két hop ca ba thanh phan: ATPP, SE, va HS.

Trong Bang 4, chiing t6i khao sat hidu suat cia cac phién ban khac nhau ctia mé hinh SeliNet
+ CBAM trén tap dit liéu WSJO-2mix. C6 thé thay rang mé hinh d& xuit c6 thé duoc thu gon dé
phu hop Véi cac ung dung khac nhau. Khi hé s6 thu nho giam, kich thude mé hinh va chi phi tinh
toan ciing giam theo. Tuy nhién, diéu nay s& danh d6i véi viéc hiéu suit cia mo hinh ciing bi
giam di twong ung. ‘ )

Bang 3. So sanh cac thanh phan CBAM, ATPP va ham phi tuyén trong mé hinh SeliNet + CBAM
trén tap dir lieu WSJ0-2mix

Ham phi tuyén  CBAM ATPP SI-SNRi SDRi
PReLU X X 12,70 12,90
PReLU v X 12,97 13,24
PReLU v v 13,94 14,24
HS X X 14,37 14,72
HS v X 14,56 14,84
HS v v 15,72 15,88

Kich thudc mé hinh nho va chi phi tinh toan thap s& giam theo twong tmg. Tuy nhién, mé hinh
van dat duoc hiéu suit chap nhan dugc. Piéu nay dic biét phu hop cho cac tng dung trén nhiéu
thiét bi thoi gian thuc co tai nguyén han ché.

Bang 4. Hiéu sudt tach tiéng néi ciia mé hinh SeliNet + CBAM vdi cdc hé sé thu nhé khdc nhau
trén tap dir lieu WSJ0-2mix

M6 hinh #Params GFLOPs SI-SNRi SDRi
SeliNet + CBAM 0.25x 0,7M 0,56 12,76 12,94
SeliNet + CBAM 0.50x 1,0M 1,20 14,68 14,85
SeliNet + CBAM 0.75x 1,5M 1,61 15,24 15,74
SeliNet + CBAM 1.00x 2, 1M 2,18 15,72 15,88

4. Két luan

Nghién ctru nay cho thiy viéc két hop backbone nhe SeliNet véi co ché attention CBAM
mang lai hiéu qua rd rét trong bai toan tach tiéng noi kénh don, vira duy tri duoc chét lugng tach
cao vira giam dang ké chi phi tinh toan. Két qua thuc nghiém trén bo dit liéu WSJ0-2mix chang
minh md hinh d& xuat dat hiéu ning SI-SNRi va SDRi canh tranh véi cic mang siu hién dai
nhung c6 it tham s hon dang ké. Kha nang thich tng véi nhidu ciu hinh ty Ié ciing cho thiy tinh
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linh hoat cao trong viéc trién khai trén cac nén tang phan cting khac nhau. Kién triic nhe nay gop
phan thu hep khoang cach giita cic mé hinh hoc siu manh mé va yéu cau xir 1y thoi gian thyuc
trong mdi truong han ché tai nguyén. Nhitng két qua dat dugc khong chi khang dinh tiém nang
Cua cac k¥ thuat depthwise separable convolutions va attention nhe ma con mo ra hu:ong nghién
ctu tiép theo V& ti wru kién tric cho cac bai toan ting cuong va nhan dang tiéng noi. Mic du mod
hinh dugc thiét ké nhe, viéc trién khai trén thiét bi bién van co thé gip kho khin do han ché vé bo
nhé, tiéu thu nang lugng va do tré trong suy luan. Co ché attention, du dugc tinh gian, van lam
tang phan nao do phuc tap tinh ton so v&i cac mé hinh hoan toan dua trén convolution.

Lol cam on

Nghién ctru nay duoc hd tro boi d& tai T2025-07-02 dwoc thuc hién tai Truong Pai hoc Cong
nghé Thong tin va Truyén thong — Pai hoc Thai Nguyén.

TAI LIEU THAM KHAO/ REFERENCES

[1] A. Mehrish, N. Majumder, R. Bharadwaj, R. Mihalcea, and S. Poria, “A review of deep learning techniques
for speech processing,” Information Fusion, vol. 99, 2023, Art. no. 101869.

[2] Y. Luo and N. Mesgarani, “Conv-TasNet: Surpassing ideal time—frequency magnitude masking for speech
separation,” IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 27, no. 8, pp. 1256-1266, 2019.

[3] Y. Luo, Z. Chen, and T. Yoshioka, “Dual-path RNN: Efficient long sequence modeling for time-domain
single-channel speech separation,” in Proc. ICASSP, 2020, pp. 46-50.

[4] A. Gulati et al., “Conformer: Convolution-augmented Transformer for speech recognition,” in Proc.
Interspeech, 2020, pp. 5036-5040.

[5] C. Subakan, M. Ravanelli, S. Cornell, M. Bronzi, and J. Zhong, “Attention is all you need in speech
separation,” in Proc. ICASSP, 2021, pp. 21-25.

[6] K. Tan, Y. Zhang, and D. Wang, “Deep learning based real-time speech separation for mobile devices,”
IEEE Signal Process. Lett., vol. 28, pp. 1-5, 2021.

[71 Y. Xiang and D. Wang, “Lightweight speech separation with depthwise separable convolutions,” in Proc.
ICASSP, 2022, pp. 126-130.

[8] H. Li, L. Chen, and Z. Huang, “Resource-efficient speech enhancement via mobile architectures,”
IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 30, pp. 1234-1247, 2022.

[9] S. Zhang et al., “Designing efficient neural networks for on-device speech separation,” Neural Networks, vol.
157, pp. 98-109, 2023.

[10] S. Woo, J. Park, J.-Y. Lee, and I. S. Kweon, “CBAM: Convolutional block attention module,” in Proc.
ECCV, 2018, pp. 3-19.

[11] Z. Yao, W. Pei, F. Chen, G. Lu, and D. Zhang, “Stepwise-Refining Speech Separation Network via Fine-
Grained Encoding in High-Order Latent Domain,” arXiv preprint, 2021.

[12] J. Wang, “An Efficient Speech Separation Network Based on Recurrent Fusion Dilated Convolution and
Channel Attention,” Interspeech, 2023, pp. 3699-3703.

[13] H. Ma, “A novel end-to-end deep separation network based on the attention mechanism,” IET Signal
Processing, vol. 17, no. 2, pp. 1-10, 2023.

[14] K. Wang, H. Zhou, J. Cai, and W. Li, “Time-domain adaptive attention network for single-channel speech
separation,” EURASIP J. Audio, Speech, Music Process., vol.21, pp. 1-15, 2023.

[15] A. Défossez, G. Synnaeve, and Y. Adi, “Real time speech enhancement in the waveform domain,” Proc.
Interspeech, Sep. 2020, pp. 3291-3295, doi: 10.21437/Interspeech.2020-2309.

[16] Y. Luo and N. Mesgarani, “TasNet: Time-domain audio separation network for real-time, single-channel
speech separation,” in Proc. ICASSP, Apr. 2018, pp. 696-700.

[17] S. Wisdom, E. Tzinis, H. Erdogan, R. Weiss, K. Wilson, and J. R. Hershey, “Unsupervised sound separation
using mixture invariant training,” Proc. NeurlPS, 2020, pp. 1-12.

[18] H. M. Tan, D.-Q. Vu, and J.-C. Wang, "Selinet: a lightweight model for single channel speech separation,”
in IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), 2023, pp. 1-5.

[19] S. Chen, Y. Wu, Z. Chen, J. Wu, J. Li, T. Yoshioka, C. Wang, S. Liu, and M. Zhou, "Continuous speech
separation with conformer,” in International Conference on Acoustics, Speech and Signal Processing
(ICASSP), IEEE, 2021, pp. 5749-5753.

http://jst.tnu.edu.vn 153 Email: jst@tnu.edu.vn



