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Abstract

Deep learning's growing prominence in
artificial intelligence has significantly impacted
speech processing. Voice activity detection
(VAD) acts as a crucial pre-processing step,
isolating speech segments for further
processing by downstream models, thereby
reducing their computational burden. This
paper addresses advancements in speaker-
specific personal VAD (PVAD) models. Our
proposed PVAD architecture leverages the self-
attention score module (AS block) from the AS-
pVAD model. To more effectively integrate
speaker information, we incorporate feature-
wise linear modulation layers (FiILM layers)
into the architecture. Additionally, we replace
the standard Long Short-Term Memory (LSTM)
architecture with a Conformer block for
enhanced performance.
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Experimental  results demonstrate a
significant improvement in target speaker
accuracy (nearly 5% increase) and other
evaluation metrics compared to the baseline
model. These findings highlight the
effectiveness of the proposed modifications in
speaker-specific VAD tasks.

MeRF: ZFF EHRA.
I, AR AR G
Keywords: voice activity detection, attentive
score block, feature-wise transform layers,
conformer
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1. 43 (Introduction)

<5 ;L

35 & & #) 18 B (Voice Activity Detection,
VAD)(Florian Eyben et al., 2013)& —#4& % L&)
EEAREAMK, ARAZBITEDALALT AN
BRAEAR, HABEIFEFTOH Ti "%“?ﬁi
V& AES MM, o A I35 5 PR
(Automatic Speech Recognition, ASR)(Takenori
Yoshimura et al., 2020). 3% # % 3 (Speaker
Verification, SV)(Li Wan et al., 2018)#=3& % %~
#f (speaker separation)(Quan Wang et al., 2018)
FRMEG AT, AMEIR RSO T IRIH A

AEBRERNGZY, OABTHEZHT
¥ A B4R (babble noise) % B FAMAGE &
WA TAM M IE 0935 F, K VAD A4k
EAT AR AR S ARFIE, £ mE AR
RILFZREA XA ABFTOAIRET S5
BRI, EAFAFNHLER (o CPU. NAA

Fw) | KR AN, SHATR
AIRGETRERAGVELLAE, A,

— B4R &0 VAD A%, BZETHRERNYS =
TATEREGETRIEETAK. AN, &

B AZ3E 4 138 T R AR B AT HE 0,
ﬁ%%Tﬁm%imﬁﬁﬁT YRHE, %



., SUEk(Shaojin Ding et al., 2020) % 5 4E 4 ¥
{% (frame-wise)#9 VAD &9 Z2 A% 474 th {8 AZE &
& ¥ 18 A (Personal Voice Activity Detection,
PVAD)# %, E424% % PVAD 1.0. A5t
VAD, PVAD {£:#& 7] B %354 09355, 2%
AF B ARG A AN A B AR A
AiZEH 0BT EY, E—F RV AEBRITH
KRG E4. PVAD AL 694RF, ABhMEA
WE A RTs (TR BEFEF TR A
B BA3C Esn) WEEERA,

WFR, AL E9 PVAD A8 B AF 50 R €
WA, B84 EJB45 PVAD 1.0 8957 5B %,
B TR, #4F PVAD 2.0 (Shaojin
Ding et al.,2022), %%, —EEAAEZENFH
(attention score)#% %] 69 #2 & 42 PVAD (Attentive
Score Personal Voice Activity Detection, AS-
pVAD)(Fenting Liu et al.,2024) - % it 48 & 1% &,
AS-pVAD W & & T & AR E A 4% 4
(speaker embedding) 8942 A | IR T MK L=
AR R BLA 3% % PVAD B A #7435 4 545
Rty I3 E Kb, AS-pVAD &y oh 15 {8
Ahy 7 X, EERREHAKRZMRE
(unenrolled speaker) #93& &) 4L At 25 4% — AL 89
VAD Z %k ft. #d, AS-pVAD A P 41k
T—ABFHFAEZTENFLIBRBRK
(Attentive Score)Z #E4, {& HF2AR A & B i
A BAREH AR M 09 B F 4L, R ER PVAD
RARHA BIZBH I HAHNEARS H 3 L m

TH¥o

&% AS-pVAD & AE1E R, KIZACH
RAT B AFFBGE B35

1. & & /) B 40 SRR B 1 35 & 4k 45 (speaker
embdding) 49 & AL ) mA BAE R E, B,
18 A & TR 3 £ 0935 F A5 7T Re g R AR A
EHERATE, 2EHNREAHER PVAD
8 B BK TS EA Ro

2 EFNRMMEER P BERELSEFHK
REH GG, BB AHEZRI)RA L

B FE T KREATH L

BEALF, KMAR B —1E PVAD 244,
# B RS AS-pVAD 897 2 P R84 h 7 £ 04
TE, BR&EREAT, KM/ EQ PVAD
A, RRPHAEMMOEA S REH, RFE
Kas a4 xR,
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AT RALZNEZH: %= @ &= ]
7 PVAD 1.0 (Shaojin Ding et al., 2020)% PVAD
2.0 (Shaojin Ding et al., 2022) #2 A % 4% & 49 %7
TERAL, FEHEETTRAERT
B, BHUE QST RS RENR, KA,
R IRy S 1

2. ®# 4 F % (Proposed Method)
2.1 © B AE F 18 R SR AGE 518 8] 2.0

PVAD 1.0 #%(Shaojin Ding et al.,2020) % #¢ 8
IR FB LR FLARRBAZE HF % H
(Speaker Embedding), /%35 & /454805
(Feature Extractor)#2 B a9 #3045 S48t & &
A4 (log Mel-filterbank energies)ift 1T % 4,
IMANBAGE TR L RAR, RAZEMAL
MR, 5B VAF AR 4 B {5 (frame-wise) 89 B 42
BHIRFAME

F, = [Fyet¥9t], (1
p = PVAD(F)), 2)

EPFAHEIE 1 ZFHAFR, vk B %S
F W45, p%H PVAD S 2 Z FHEHA 2] A 42
BHZME,

R, £ LK PVAD 1.0 ZiEF, 54
BE 8 B I A BRI RAE AL T A R R R AE
#0y 7k, HLEM IR PVAD 2.0 (Shaojin Ding
et al.,2022)4% & 4% F 45 8 4% 14 98 B & (Feature-
wise Linear Modulation layer, FILM layer)fX#
BB TS, B, PVAD 2.0 KRH
FEH MR E BT

F, = LSTM(F,), 3)
F‘t — y(etarget) . F-t + ﬁ(etarget)’ (4)
p=L(R), (5)

£, LSTM()A&RGEIRIERBEL. L4
B A B A% A T R, Y (DA B() R
AAE R 7 B 4235k Afetaret 2 FiLM layer 89
G A A @)=, L(.)#AH—4 % & (linear layer).

2.2 & 9 FAR(AS)

= AT BT £, Xk (Fenting Liu et al.,2024) /&
PVAD W AER TR I TEE N 5 KRR
(Attentive Score Block), %3474 B AZ3E
W AH B A B EE, = [F;et9et] (dw X



(), i {8 AR AR R 69 AR L B
X &
M, = AS(F,), (6)

AP, ASOAHLERBEERLZEL, in
B M, FeF 72 L E AR, M mAt
#%X&FAS,K .

Fpse = ﬁt O M, @)

LR Z A8 R B R4 A B AR IR W AheteTIet B

F A, R KB AR EGEE )M, TH

HEAG BT

1. “EEAFRIE

2. BHNER T AL AL TR SZH 4
71 T AKo

cc

2IREENFBEBAELHBEEARNR
(FILM-AT-PVAD)

AALRZ BAEEZ N HSERREMAN LG
E, KB IRE—EEERGEEN DK
B, RAEBwE —(kT, CHRER
Bl A% 38k Ahetarget | KR —AF B4R ML A 4L &
(FiLM Layer), X% & 31a4 @25 5 Ay F=p
&, st FILM &4 £ FRAFHF,, 5237
ER T

F, = FILM(F,) = y(e™=) - F, + B(e™"=), (8)

F, #8% A AT BAZEH i ihetarget 1 &34,
HHBF R EH, #F, F AAKRMmM
BGEBEN)DEM, . £ mAfM, L5 HAFEEF,
ZER AT B by AR g, MFyg, iB i —
8 o A& LSTM 32 432 32 & (fully connected
layer, FC)#% & 89 2 #8 /& (classification layer),
KREMANFAEH R BB GHE,
PVAD B AAZE do B —(b)FT T, AT H&E
R HAa R, &ML % A FILM-AT-
PVAD., # ¥, &MAXFTANK AL SR
Feature Extractor 432 48 & 4 69 $F 48 M 25 4L 7%
B HIRABF,, mayMETE LSTM &4 2.

Gt EaR P42 4 49 FILM-AT-PVAD %45,
KMB B HEL R AENH, KEATRER P
1249 PVAD (e, AT, ZRMFFE LG
FEGEAS

1. FiLM-AT—PVADLl, L1
7 Feature extractor 1 48 18 % m — &
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3.

4.

LSTM, #®4% % /& +#) LSTM B 2 4
A1, £ A0 #Ed LSTM B ##4&34
B A% B, PR RBEEK
2, Kk ARHEZEHR FILM-AT-PVAD
M AEEATRT, BURHL ARG REA PT
#, &ML %% FILM-AT-PVADy,,
L, L T2 L1, L1 9 5Kk 2 & /) 4L AT 35
%1/ LSTM 34835 %4 1 /& LSTM.
FiLM—AT—PVADL 1,L2:

7 Feature extractor # 41 & % o — &
LSTM, #%#E & LSTM B 44 2,
HBRIFEFBEIF LSTM AR
HA TR RELE, LTRFR
HE, &IV E 4 L% FILM-AT-PVAD,,,
12, L TFAZ L1, L2 9 R E 2 & 7/ B4 AT 35
% 1 B LSTM $24% 3% % 2 /& LSTM.,
FiLM-AT-PVADc1, L1

7 Feature extractor % 4L /4 % w — B
Conformer 3%, w9 # B+ 69 LSTM B
#d 2 %% 1, £ Conformer #3%
(Anmol Gulati et al.,2020)1F % & 34
#9445 %% Conformer #2324 A Z & H 3
BARAVLE ARG L, TR AHAES
AREGEE, REEMAFIES, L+ A
EE N ME H A G RE M 5P AP
0K HR M AR, WAL RR B,
ATARAR 4R 3 — 7 S AR, 3o dE 4R MR
RN A BEEA G EE RERS, AKX
MR RASG HAAM L, bh
Conformer &% LSTM EHmi i, 1A
T e 5 E A PVAD Z 3k hk, 12638
M H MR . RIS L A FILM-
AT-PVADci, L1, £ F4% C1, L1 Rl ki
&A% A 1 & Conformer $L/4 5% %
1 & LSTM.

FiLM-AT-PVADc1, 1.2

7 Feature extractor 2 4L /4 % w — B
Conformer 3%, w9 #E 65 LSTM B
KeEHFL 2, ARKIMF LG L4 FILM-
AT-PVADci, 12, £ F4% C1, L2 55K k&
B ATIE A 1 & Conformer $L/4 3% 4
2 & LSTM.

iz W94% FilM-AT-PVAD Z % 697 A2 8 5
B d B =(a)(b)$2 B =(a)(b)#F o 7 5,

AR R GG Lk, wA R4S FILM-AT-
PVAD # Feature extractor A2 40 /4 it K 3% Jm
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HEATAEMR, Moy LSTM ¥4 2,
AT 4 & A FILM-AT-PVADy, 1,
£ TFA20, L2 R R EE & A B AR 55
BRI, 435 % 2 & LSTM.,

Speaker Input Audio
2D, B0) ¥ | Speser i
L l-'.m;eddzng ’" "I..
(40,7] T "
FiLM Layer T l
som FilM Feature
Convid(k=1) Generator Extractor
Layernorm |
[ PReLU i ¥
l""‘"” (), 8(-) Attentive c
Convid(k=1) Score i
Softmax
om lFA"'
S
LinearsSigmoid LSTM
(L=2)
umn
—>Las

L= |
[‘ PVAD

Exs

(a) advanced attentive

oore modle (b) FILM-AT-PVAD ;1.2

1: (a)Erg Xz &7 AL (b) R4
FiLM-AT-PVAD (FiLM-AT-PVAD®, L2) % 4%

Speaker Input Audio Speaker Input Audio
| Embedding | w : bEmbed.ding/] W
FilM Feature FilM Feature
(B l (A l
LSTM : LSTM
(L=1) (L=1)
Lr L
Attentive Las: Attentive £
Score : Score
l Fas : i Fas
LSTM LSTM
(L=1) N (L=2)
l l Decision Lpvan
Decision Lpvap

(a) FiLM-AT-PVAD 11,11 (b) FiLM-AT-PVAD 1,12

2 : (a) FILM-AT-PVADy, 11 4% (b) FiLM-
AT-PVADL, o & H, —HF A — K8
LSTM £ 24 &3 45 B 69 4mah 55, TNl £ 7514 9%
Z LSTM R #
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Speaker Input Audio Speaker Input Audio
| Embedding ] R e e | Embeading | Po-ppe
FiLM Feature FiLM Feature
7()B() ()B()
Comformer Comformer
block (L=1) block (L=1)
C )
F l F
Attentive Las: Attentive Las
Score B Score
l Fps l Fps
LSTM LSTM
(L=1) (L=2)
e ] @
l l Decision  Lpvap

(a) FiILM-AT-PVAD(1, L1 (b) FILM-AT-PVAD(1, 12

3 : (a) FILM-AT-PVADci, 11 &A% (b) FILM-
AT-PVADc), o R4, —FH G — &8
Conformer £ 4 &4 B 6955, REAEH
#3%2Z LSTM & #

2.4 3 % % ¥ (Loss function)

% T AT A5 HMPVADES, &AL A
Z AR XM (Binary Cross Entropy, BCE)(Zhilu
Zhang et al., 2018)1F A & /1 - FAL MG H K
FEZ—, AFHE T E T

17—
Lpyap = ;ZLOI BCE(y:, pe) 9

EXF, y, €{0,1}Fp, € {0,135 A K& F
M ATAZRAL(BAZEE A 1, Hiek 0)fe
PVAD #yfaRliz &8, TRAKMHERS.

e oh, F 7N (Fenting Liu et al.,2024), #&A113]
ANTEBENDERBLABRBRKL, s R F P IER
ERASEER., EENHSEAARIEA LA R
FHATIRRy, A& Fom, Z 8y
¥ 77 A 3% #£ (Mean Squared Error)dg %, 124% %
BAPRBERFEAZ TR SBRERE L4
ATE

e = Sigmoid(L(M,)) (10)
Las = 22123 (7 — )2 (1)

A K (10) F 89 M, A2 A2 X (6) 7 28 7= 49 48 L
B3, Sigmoid (-)#= L(-)% %] % = Sigmoid /&
Falg MR 3R AE. W#&, M L& R{EIE K A0 A0
5 23148 248 PVAD £ AL 6948 48 K

(12)

Liotar = Lpvap + Lase
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3. K 3% & Experiment setup

3 FREBE

& 114k B T LibriSpeech 3 4R % (Vassil
Panayotov et al., 2018) R 3F 4% &4£ PVAD #93k
feo ZINRELE=ZMTE, 483960 1 IF R
B 2338 {2 INRl#EH 935 5 8E: IRk
train-clean-100 #= train-clean-360 # 4% 7 48 %
460 /N EY3F3EF, M train-other-500 4%
T 500 N EF G AEIGE S, FlAse, LibriSpeech

//H og&;]{:lj A%/?%"%‘fioﬂaa q , QQ/"' 10 /) H%:
ke 73 ’LLZ%?%Q’JW F. AHTETTR, B#K
FLIAQ G SEBEHZEFTNBIE, BbK
& A ﬁ]yJ'U \*F 1%#% 2| = 4F AE
BB, EHCreETRERR, ZHKAM
HWEFEL P —1278 %‘4’?% BAZZEH . AE1HE
#AZ, &ML 0.2 éﬁtbiﬁn)\*@ A AZ35 4
BEWNEELEE S, BARABESYE AR
EH AT

Bl A sE A, KM ABALRE R
WEEFT L MATAIN R REH IRFALA
AEMBHN deE, 2 dmE4E L2 EMR
Wit -F¥, EmELEFAHREERES
(utterance-based)Z B AR5 H # B892 d W&
etargeto

I, AT HIEFEHBRESFERA LR
BN, RMER T MTR 6984538 5% 347
(Chanwoo Kim et al., 2017), Zfe£5I N7 £

AR B MR B Ak oy R R AR AR, &
AE R IG R BAT A A SR AR R R F %R
BAo R0, RRARRKAEZRZ
BB BB F R RIT.

32 K

RATEFE F A AARI 40 094 I8 );afs
REEARIBESZHE, HERXRKIA 252
ﬁ/, Mgz 10 2. #HAXRMPTE R EAE

PVAD B A 6§ 2% 2, F@A 44T :
(1) AT-PVAD ## 4% Al .
M 24 B 2 4E AS-pVAD Z AS H 4L (1A
BHEGABEEFRARSER AN, X
6)(7)), H#mdFLERE LSTM $2h
e R RO KR, ERAE LSTM
2F 64183 L (unit).
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(2) FILM-AT-PVADy, 1,: & & /] B3R AR 3% 09
W & LSTM & 64 183 7T (unit).

(3) FILM-AT-PVADy, 1::

E ) BIAT 69— & LSTM &, 4 40 18

B, mikimty—/& LSTM &2 64 &

7.

FiLM-AT-PVADL | 1,:

EE N BLAT 3% 69— & LSTM €, 4 4018

B, mAmemE LSTM &HF 64 18

¥,

(5)FﬂA4ATPVADmL1
EE ) AL AT 3% 69 — /& Conformer #2387
m@ﬁ@m%ﬁ%\fﬁﬁﬁaﬁ&%
B —AB A AR, dd 40 B %
T, MR —R LSTM &4 64 A%
o

(6)FﬂA4ATPVADc1u
EE AR AT 5% 69 — & Conformer 23R
X REAEER., —BAEE AN
B —ABE AR ML RR, it 40 B %
T, WmEEHRE LSTM & 64 8%
TCo

4)

AR R B, &1L A PyTorch (Adam
Paszke et al., 2019) K 3T AT A A, AEA I
&, KM EAE R Adam 1E 1L % (Diederik P.
Kingma et al., 2014), /& % — B4R & #1695
HE KL X103, MALEETRGIKER T

A5 H EEIE] 1 x 10,

4. B B 4& R 333 Results&Discussions

HEMHEAT ZHERE AR RFREEME
PVAD# A, H b, P45 E(AP) A B %R
# 35 5 (tss) & AF B AZ35 & 1 9F 35 & (ntss&ns) 4%
R _ZEFRGETORME, FHHENZEML
(mAP) A & B #-F 445 B AT m A -F3%, #AE
ARE, R TR ERR B AREE SR YA AE
PEAR By s HEEE R (Acc.)(%) A EAE A 69 F AR
P AR FAER G E, R A RS
BAREH3E T8I BAREH G4 | oY A
P WA AR A BT AR R 69 AR R AT 6L A 8 JE AR
A A aAR, BrRMAEERDFHHA
PR — g T 24T, b,
KATE F 8 BAEA 2 H A F (Par) R FF &
EAE T RA MR L6933 At



& 1: &AEPVAD # /R 8) BAZEH T34 A, dF BA%3E

EEFAMAL PR, &

HERBEA L HK T, E P AT-PVAD baseline. FILM-AT-PVADg,12. FILM-AT-PVADy,,
12 FILM-AT-PVADcy, 12 3% 4 2 & LSTM

model tts ntss&ns mAP Acc.(%) Par.(k)

PVAD 1.0 88.4 94.7 922 84.34 130.24
PVAD 2.0 90.8 96.0 94.1 86.58 97.60
AT-PVAD #4271 86.8 94.4 91.6 83.79 84.95
FiLM-AT-PVADg, 12 90.3 95.1 93.4 86.08 92.03
FiLM-AT-PVADy4, 12 88.8 94.7 92.5 84.84 105.15
FiLM-AT-PVADcy, 12 95.9 98.3 97.5 91.99 131.95

# 2: PVAD 2.0 i MAf 4548 & 2 PVAD @3- &%, H+ FILM-AT-PVADL1,L1. FILM-AT-
PVADc1, L1 3% A 1 & LSTM

model tts ntss&ns mAP Acc.(%) Par.(k)

PVAD 2.0 90.8 96.0 94.1 86.58 97.60
FiLM-AT-PVADy, 11 91.2 95.5 94.0 86.74 71.87
FiLM-AT-PVADci, 11 95.6 98.2 97.3 91.47 98.67

PVADg, 12 9N E & /) 5 BALRATIR ) —
f& LSTM 1E 4 53045 54m 45, 2R 47 M
£, R, 1M —& Conformer FAE
A 25 FAF B4R #5189 FILM-AT-PVADcy, 12,
ELEABRELIHAAREN, 12874
Conformer #9#L 4P, & L 4B a4 AR 2

4.1 }b&1E B ASPVAD 3= 69 5 &

% 1 BT PVAD 1.0 (Shaojin Ding et al.,
2020). PVAD2.0 (Shaojin Ding et al., 2022) &
AT-PVAD # #4382 o d? 09 = AZ S 2 AR AY

(#3%5H 2 /& LSTM) 47k, #abi4&§
¥, RMAH T RVEAE S AT .o
HKERS

1) =4 4% & 69 42 B (FILM-AT-PVADg, 12+ 42 DA L A R
FiLM-AT-PVADy1,12+ FILM-AT-PVADcy,12) -
FRAMEA AT-PVAD AR gyl T % 2 BT PVAD2.0 &= & 69 hAZ & 1LY
AE BB REZEE ) R (38 A (FILM-AT-PVADLi, i+ FILM-AT-PVADc,
® FiLM % &35 % Fietorgetsn Zxakp w) AEAHAR, BURILA, 8K 1 43,
F,) RAARIEIEE N SEAM (B bz KPR
1) FILM-AT-PVADL1, L1 48 # 7% FILM-AT-PVADL1,

e IR EAAFBLEF,) o
2) AT-PVAD A #AE A M RAnds £, m vl TR LSTM, BARAL], 2504
ROBERATHS, AP RATROHHN:

18 ARl —A42 (B45) &/ AR i b . . .
AS-pVAD ik(Fenting Liu et al.,2024) . #&45% %38 A F A A L (1ts) A% B2 (Ace )RR T
BT AR, KB, ETEARA PVAD 2.0(5}[’:91;2 Vs; 90.8, Accurac?y:,86‘.z4 Vi
CESMRRMT R ARG EA s o o08), BHTH S R LSTM A5
BBEARERN—Z B, HAEE N0 HEE

ECAPA-TDNN) A= B 2 4& B 45 75 5B . . .
T e & RIS 0 = LSTM Z 5B
N . I T Ak i s Ab 2 R 094 R o

15 ARG 0 N Ao
_ L 2) FILM-AT-PVADc1, L1 #8374 FILM-AT-PVADc1
3) FiLM-AT-PVAD 8 & A FiLM-AT- o p o
) Fi L, 12 AR F VT —/& LSTM, # B Rl T, (2t
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k/]\k’l’%iﬁiﬂ‘ (98.67 k vs. 131.949k) , &4

BeRBbRAETRAMRGIMH L, EF
S
5. 453 LA R A2 (Conclusion and future

works)

AR AAZ AS-pVAD Rz & ¥
HEI(AS block) g BEA, RN AFBAR AR R
(FILM layer) A 5 &35 & 0 A5 30 F a4 0, 3
F i B Conformer #2308 3 3 & AT A 4075,
Y BIREE RPVTR BT EETRER
AL 4 B85 R PVAD A ZURAR, AR
PE, AP EBREZ FiLM—AT—PVADc1 L1
BMAVE AR R B EAARETEE
PVAD #& A
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